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Abstract— Community discovery has drawn signicant re-
search interests among reseachers from many disciplines for
its increasingapplication in multiple, disparate areas,including
computer science,biology, social scienceand so on. This paper
describesan LDA(latent Dirichlet Allocation)-based hierarchical
Bayesian algorithm, namely SSN-LDA(Simple Social Network
LDA). In SSN-LDA, communities are modeledas latent variables
in the graphical model and de ned asdistrib utions over the social
actor space.The advantage of SSN-LDA is that it only requires
topological information as input. This model is evaluated on
two reseach collaborative networks: CiteSeerand NanoSCL The
experimental resultsdemonstratethat this approachis promising
for discovering community structuresin large-scalenetworks.?

|. INTRODUCTION

Social networks have beenstudiedfor decadesin recent
yearsthisline of researcthasdravn evenmoreattentionswith
the prevalenceof social network websites,suchas MySpace
Livedurnal, Friendster Thesesocialnetworks arebeingused
by millions andhave gainedincreasingpopularityamongvery
diverse user groups. Despite the vast numberof nodes,the
heterogeneityf the userbasesandthe variety of interactions
amongthe members,most of thesenetworks exhibit some
common properties,including the small-world property and
powerlaw degree distribution. In addition, some members
in the networks form loose clusters, making them better
connectedto each other than to the rest of the network.
An importanttaskin theseemenging networks is community
discovery, which is to identify subsetsof networks suchthat
connectionswithin each subsetare denseand connections
amongdifferentsubsetsarerelatively sparseSincelarge-scale
comple network basedapplicationsexist in mary disciplines,
communitydiscovery studyis appealingto not only computer
scientists,but also researchergrom disparateareassuch as
biology, socialscienceandsoon. A wide arrayof approaches
have beendevelopedover yearsfor nding communitiesand
will be introducedin Sectionll.

Unlike thoseprevious communitydiscovery studieswe de-
sign a hierarchicalBayesiannetwork basedapproachpamely
SSN-LA(Simple Social Network-LDA) to discover proba-
bilistic communitiesfrom social networks. This model is
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inspired by the successof the application of LDA(Latent
Dirichlet Allocation) modelsin the information retrieval and
image analysis domains. In this model, communities are
modeledaslatentvariablesandare consideredasdistributions
on the entire social actor space.This way, eachsocial actor
contritutes a part, big or small, to every community in the

society We also proposethreedifferentapproacheso create
socialinteractionpro les basedon the socialinteractioninfor-

mationin the network. Thelatentprobabilisticmodelandthree
pertainingrepresentatiompproachesre evaluatedon two co-

authorshipnetworks from two distinctacademicommunities,
i.e NanoSClIfrom the nanotechnologydomain and CiteSeer
from the computersciencedomain. While this approachis

proposedin the social network domainand evaluatedin the

context of co-authorshimetworks, it canshedlight on a broad
setof complex network-basedapplications,ncluding protein
interaction,geneco-occurrencegraph[], andWeb etc.

In conclusion,the contritutions of this paperinclude: (1)
an LDA-basedprobabilistic community discorery model in
large-scalenetworks which only only requiresthe topological
structureof networks; (2) the explorationof theimpactof three
different social interactionpro les representatiorapproaches
on the communitydiscovery.

The rest of this paperis organizedas follows: Sectionl|
introducesrelatedstudies;Sectionlll presentsSSN-LIA and
its correspondingsibbssampler SectionlV describeghe two
co-authorshimetworks and threedifferent representatiomap-
proachesExperimentaresultsare demonstratedndanalyzed
in SectionV. SectionVI discussesomeissuesrelatedto this
modeland somepotentialapplications SectionVIlI concludes
the paperand discussessome possibledirectionsfor future
work.

Il. BACKGROUND AND RELATED WORKS

This sectionintroducesthe backgroundof this study and
describesa seriesof relatedwork, rangingfrom graphparti-
tion, communitydiscovery, clusteringalgorithms,and several
variantsof LDA models.



A. Communitydiscorery

Community structuresexist in differenttypes of networks
including Web communities[?, [3], social networks[4], [5],
[6]1, [71, [8], [9], [10], co-authorshimetworks[1]], [12], [13],
and biological networks[5, [8], [1]. The mostrepresentatie
approacheamongtheserelatedstudiesinclude:

(1) Centrality indicesor betweennedsasedapproachesrhe
betweennesgonceptwas introduced by Freeman[1§} as a
centralitymeasurelt is de ned on a vertex v; asthe number
of shortestpathsbetweenpairs of other verticesthat contain
vertex vi. This measurehas been usedin mary previous
studieson co-authorshipnetwork[5], [1], [13]. Girvan et al
extended this measureto edgesand designeda clustering
algorithm which gradually remove the edgeswith highest
betweennessalue[d. A similar approachwas taken to nd
community structuresin gene networks by Wilkinson et al
[1], wheregenenetworks were createdby collectinggeneco-
occurrencenformation from the literature and partitioning it
into communitiesof relatedgenes However, a major problem
with this approachis that the complexity of this approachis
O(m?n), wherem is the numberof edgesin the graphandn
is the numberof verticesin the network.

(2)Minimum cut appmaches The community discovery
problem can also be viewed as a graph partition problem
which hasbroadapplicationin circuit designweb community
discovery, andamongothers.The graphpartition problemcan
be formulatedas the balancedminimum cut problemwhere
the goalis to nd an optimal graphpartition so that the edge
weight betweenthe partitionsis minimizedwhile maintaining
partitionsof a minimal size. The NP-completecomplexity of
this approach[1b requiresapproximatesolutions.Flake et al
developedapproximatealgorithmsto partition the network by
solving s-t maximum o w techniques[R [3]. The mainidea
behind maximum ow is to createclustersthat have small
inter-cluster cuts and relatively large intra-clustercuts. This
idea was rst usedto explore the Web structurein order
to provide guidancefor crawlers to identify the authoritatve
nodes(sinks) and hubsetc[2.

The major differencebetweenSSN-LIA approachand the
aforementionedapproacheds that SSN-LIA is a mixture-
model basedprobabilisticapproach Eachcommunityweighs
in the contributionsfrom every socialactorsandthis property
can be exploited in mary potential applicationsthat will be
introducedin SectionVI. With appropriatestatisticalmodels
(suchasGibbssamplingprocess)the computationrcomplexity
for SSN-LIA is adwantageousto the previous introduced
models[16. Speci cally, the compleity of eachiteration of
the Gibbs sampling processis O(K M), where K is the
numberof the communities,M is the numberof the social
interactions(edgesh the network.

B. Topic-basedCommunityDiscovery and related LDA Mod-
els

LDA modelwas rst introducedby Blei for modelingthe
generatie processof a documentcorpus[17. Its ability of
modelingtopicsusinglatentvariableshasattractedsigni cant

interestsand it has beenappliedto mary domainssuch as
documentmodeling[17], text classi cation[17], collaboratve
Itering [17], imageprocessing[1B informationretrieval [16],

topic models detection[19, [20], [21], and semanticbased
community discovery[10. For more information aboutLDA

model, readerscan refer to a technicalreport[23 wherethe
modelsis describedin greatdetails with elaborationon the
correspondingsibbs samplers.

Among these variants of LDA models, the approaches
proposedin [20], [10] are both concernedaboutthe authors
of the documentsin the corpus.In particular Zhou et al
introduced a community latent variable in their graphical
model and applied it to discover community information
embeddedn documentcorpus. This approachcan discover
the underlying social network basedon social interactions
and topical similarity. In their follow-up work[23], Zhou et
al. investigatedhow researchtopics evolve over time and
attemptedo discover the mostin uential researchergvolved
in suchtransitions.However, the most signi cant difference
betweenour approachand theseapproachedies in the fact
thatthe only input informationin this paperis the topological
structureof a social network insteadof semantidnformation.
SSN-LIA encodeghe structuralinformation of networks into
pro les anddiscoverscommunitystructuregpurely from these
social connectionsamongthe nodes.Thereforewe claim that
it is moregenericandcanbe appliedto ary complex network
basedapplications.

I11. LDA BASED MIXTURE MODEL FOR SOCIAL
NETWORKS

This sectiondescribeshe SSN-LIA model. Before diving
into the details, we rst introduce related terminology and
notationsin Sectionlll-A. ThereafterSectionlll-B describes
the SSN-LIA model. Finally, the Gibbs samplerfor solving
SSN-LIA modelis presentedn Sectionlll-C.

o
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GraphicalModel for SSN-LA

M

Fig. 1.

A. Terminolay

A typical social network G is composedof a pair of
sets,including the social actorsetV = fvy;vy;:;vm g and
socialinteractionsetE (e;; €2; :::; en ), togetherwith a Social
Interaction Weight function: SIW : (V V) ! [I. The
elementsof socialactorsetV arethe verticesof the network
andthe elementsof socialinteractionsetE are the edgesof



TABLE |
NOTATION FOR QUANTITIESIN SSN-LIA

numberof socialactors(socialnteractionpro les) in the social network

M
K numberof communities/ mixture components
N numberof socialinteractionsin a socialinteractionpro le S| P;

~ Dirichlet prior hyperparameter(kma) on the mixing proportion

Dirichlet prior hyperparameter(kmm) on the mixture componendistributions for SSN-LIA

hiddencommunityvariable, ij communityfor the | th socialinteractionin sip;

p( jsipj) the communitymixture proportionfor Sl P;

f T’ngmzl

K p(! j k) the mixture componeniof communityk in SSN-LIA

K - - -
f k=1 9 estimatedparametersetfor community mixture in SSN-LIA

1 socialinteractionvariable,! j;

meansthe jy, socialinteractionin S| P;

G, representinghe occurrenceof socialinteractionsbetween
the correspondingsocial actors.Each social interactione; in
set E is consideredas a binary relation betweentwo social
actorsj.e e (vi,;Vi,) andSI W functiondescribeghe strength
of such interaction.In reality, thesesocial interactionscan
be co-authorship adviser/adviseeattendantsof conferences,
friendshipand so on. In this paper terms vertex and social
actor, edge and social interaction are usedinterchangeably
In this paper a nodev;'s neighboringagentsare encoded
by the variable - and!j; meansnodevi's ji neighbor
Each actor is characterizedoy its social interaction pro le
(SIP), which is de ned as a set of neighbor( ;) and the
correspondingveightSI W (vi;! jj )) pair. Formally,

SIP(vi) = f(tis;SIW(vi;Tia)); i (Him s SIW(Vii im )9

wherem; is the size of v;'s socialinteractionpro le. Note
that we considerthe socialinteractionelementdn this pro le
are exchangeableand thereforetheir order will not be con-
cerned.lt is this exchangeabilitythat permitsthe application
of LDA model[17.

Subsequentlywe specify that a social network containsa
setof communities ( 1; 2;:::; k) andeachcommunityin is
de ned asadistribution onthesocialactorspaceln SSN-LA,
communityassignmentare modeledasa latentvariable() in
the graphicalmodel. The communityproportionvariable( ) is
regulatedby a Dirichlet distribution with a known parameter

. Meanwhile,eachsocial actor belongsto every community
with differentprobabilitiesandthereforeits socialinteraction
pro les can be representedcas random mixtures over latent
communitiesvariables.The following sectionsdescribeSSN-
LDA modelin more details.

B. SimpleSN-LDA model(SSN-LB)

The SSN-LIA model for social network analysisis illus-
trated in Fig. 1. Note that SSN-LIA resemblestopic-based
LDA model[17, with the social network being analogougo
the corpus,the social interactionpro les being analogouso
documents;and the occurrenceof social interactionsbeing
analogousto words. The notationsfor all the variablesin
Fig. 1 is listed in tablel. In particular N, is the numberof
social interactionsin the pertainingsocial interactionpro le.
The distribution of topics in documentsand the terms over

topics are two multinomial distributions with two Dirichlet
priors, whosehyperparameterare ~ and ~ respectiely. The
dimensionalityK of the Dirichlet distribution, which is also
thenumberof communitycomponentistributions,is assumed
to be known and x ed.

This generatie processor anagent( ;)'s socialinteraction
pro le sip; in a social network is:

1) Sample mixture components T Dir(7) for k 2
L K]

2) Choose5  Dir (=)

3) ChooseN; Poisson( ) (hotethatPoissorassumption
is not critical to this model)

4) For eachof the N; socialinteractions! j; :

(a) Choosea community j
(b) Choosea socialinteraction
l'ij  Multinomial ( 7
Accordingto the model, the probability that the j, social
interactionelement! ;; in the social actor! ;'s social inter-
actionpro le sip; instantiatesa particularneighboringagent
Iy is:

M ultinomial (75);

X
p(! i = ! miG_)= p(! i = V] k) p( (i ki)
k=1
where 7 is the mixing proportion variable for sip; and
“ is the parameterset for the ki, community component
distribution.
Given the hyperparameters and ~, the joint distribution
of all known and hiddenvariablesis:

Pl T s 7)) =
Wi
Pt % IPCij IT)P(Ti~)P(L"™)

j=1
Exactinferenceis generallyintractablefor LDA model. There
have been three major approachedor solving this model
approximatelyincluding variationalexpectationmaximization
[17], expectationpropagation[24], and Gibbs sampling[25,
[26], [22]. Gibbssamplingis a specialcaseof Markov-chain
Monte Carlo (MCMC) simulation[27 wherethe dimensionK
of the distribution are sampledalternatelyone at a time, con-
ditioned on the valuesof all otherdimensions[2R We select



this approacho solve SSN-LIA modelsbecausét oftenyields
relatively simplealgorithmsfor approximatenferencen high-
dimensionamodels.SectionllI-C givesfurtherdescriptionon
the Gibbs samplerthatis usedin this paper

C. Gibbs Samples for SSN-LIA

In SSN-LI, the desireddistribution is the posteriorgiven
evidencep( jw).

pP( )

o) @)

p(jt) =

However, the computationcompleity of the the denominator
partis prohibitively high. In this section,we apply the Gibbs
sampling algorithm that has been introducedin [26], [22]
to solve the SSN-LIA model and reduce the computation
requirementThealgorithmfor SSN-LIAs listedin Algorithm
1.

Speci cally, the joint distribution of SSN-LIA can be fac-
toredas:

p(+ )P~ (2)

¥ me) ¥ (o)

= 3
I R

p(:-i4+ )

Subsequentlythe updateequationfor the hidden variable
canbe derived [22]:

PLi=]jlriw)/ (4)

®)

(sipi)
i NG~ +

Oy W AT T

where n(,) is the count that doesnot include the current
assignmenbf ; andrecall that sip is the variablefor social
interactionpro les. For the sale of simplicity, we assumehat
the Dirichlet distribution is symmetricin deriving the above
formula.

Finally, theupdateformulafor ., and .« areasfollows:

()
n '+
k;! Fv n(v) +W (6)
v=1l "'k
- pmt @)
mik K 1 nO)+T

The detailedalgorithmis listed in Algorithm 1.

[* Initialization */
foreach Social Interaction Pro le sip; 2 [1;M] do
foreach Social Interaction! j; 2 [1; N;] do
sampletopicindex j M ult(;);
updatecounters:ni( i) 4 1 n + 1,n!
n ij + 1;
end
end
[* Gibbs sampling
and sampling
while not nished do
foreachSIP sip; do
foreach!i; 2 [1;N;] do
decrementountsandsums:n’ 7)1,
ni 1 n(f;j“" ) 1,n P
resamplel ;; accordingto equations;
updatethe countersaccordingly;
end
end
[* Check convergence and read out
parameters */
if corvelgedand L iterationsthen
updatedparameters and andreadout
parameters;
end
end
Algorithm 1: Gibbs samplingalgorithmfor SSN-LIA

i)
)y,

over burn-in  period
period */

IV. CO-AUTHORSHIP NETWORKS AND PERTAINING
REPRESENTATION APPROACHES

We evaluate the SSN-LIA approachin the contet of
researchcollaboration networks. This section describesthe
two co-authorshipnetworks usedin this paperas well as
threedifferentapproachesf creatingthe correspondingocial
interactionpro les.

A. Two Co-Authorship Networks

In co-authorshimetworks,theverticesrepresentesearchers
and the edgesin the network representthe collaboration
relationbetweernresearcherdn this sectionwe evaluateSSN-
LDA model on co-authorshipnetworks collected from two
distinct areas:computerscienceCiteSeey and nanotechnol-
ogy(NanoSC). Note that no namedisambiguationhas been
doneon eitherdataset.

1) CiteSeerDataset: CiteSeeris a free public resource
createdby Kurt Bollacker, Lee Giles, and Steve Lawrence
in 1997-98 at NEC Researchinstitute (now NEC Labs),
Princeton,NJ. It containsrich information on the citation,
co-authorshipsemanticinformation for computersciencelit-
erature. In this paperwe only considerthe co-authorship
information which constitutesa large-scalesocial network
regardingacademiccollaborationwith diversitiesspanningin
time, researchelds, andcountries.



2) NanoSCi NanoSClis a collection of nanotechnology
related articles published and indexed by SCI(Science
Citation Index) in 20002006 period. The records
are acquired by inquiring Thomson Scientic website
(http://scienti c.thomson.com/produis/sci/) directly. The
qguery used in this paper is generatedusing an iteratve
relevancefeedbacktechnique[28]. The essentialidea of this
approachis to augmentthe keyword set until the returned
resultsconverges.

Table.ll lists the statisticsfor the two datacollections.Both
CiteSeerand NanoSClcontainunconnectedsubnetvarks. In
particular CiteSeercontains31998 subgraphsand NanoSClI
contains 5241 unconnectedsubnetvorks. The size of the
largest connectedsubnetvark of CiteSeeris 249866 while
the size of the largest connectedsubnetvark in NanoSClI
is 203762 In this paper we are only interestedin discov-
ering community structuresin the two largest subnetverks.
Therefore,unlessspecially specify we always meanthe two
subnetverks when referring CiteSeerand NanoSCl

B. SocialInteraction Pro le Repesentations

The social interaction pro les of the social actors col-
lectively determinesthe structureand dynamicsof a social
network. In this paper we explore three different types of
social interactionpro le representationgor social networks,
namely01-SIR, 012-SIR andk-SIP. It is worth to mentionthat
suchexplorationis by no meanscomprehensie. Nevertheless
it providesvaluableinsightsfor designingmore sophisticated
socialinteractionpro le schemes.

1) 01-SIP: In the 01-SIP approach,an edge is drawn
betweena pair of scientistsif they coauthoredone or more
articles. Collaboratingmultiple times doesnot make a differ-
encein this model. Therefore,the social interactionpro les
of the social actors constitute the adjacentmatrix of the
socialnetwork. Many previous studieson socialnetworks use
this type of representation[14 [1]. More formally, the SIW
functionis de ned as:

1 if e(vi;;vi,) 2 E;

SIWor sip(VisiVie) = gie

(8)

2) 012-SIP: However, one of the disadwantageof 01-SIP
is that the social interaction pro les give no consideration
to the nodesother than their direct neighbors.In order to
mitigate this problem, we proposea 012-SIP model which
takes a nodes neighbors'neighborsinto consideration.This
way, the socialinteractionpro les re ect the proximity of the
nodesin the network more accurately Furthermorethe nal
matrix de ned by thesocialinteractionpro les arelesssparser
which can improve the performanceof the LDA model[29.
In this model, we distinguisha nodes direct neighborsfrom
its neighbors'neighborsby giving differentweightsto them.
The SIW function for a nodeis de ned asfollows:

if (e(vi,;vi,)2E)
AND (e(vi,;Vi,) 2 E)
AND ( e(vi,;Vi,) 62E);
if e(vi,;vi,) 2 E;

else

8
% 1
SIWo12 sip((Vi,;Vi,) =
g 2
0
)
3) k-SIP: Thetwo approachesf de ning socialinteraction
pro les fall shortof consideringthe frequeng of collabora-
tion. This sectiondescribesa K-SIP model wherethe weight
informationfor anedgeis de ned asthetimesof thecollabora-
tion betweerthe two authors.Thatis, SIWg sip (Vi,;V1,) =
k iff researchew;, andresearchewr;, hascoauthoredfor k
times in the past. This way, the SIW function re ects the
strengthof the interactions.

V. EXPERIMENTAL SETTINGS AND EVALUATION

In evaluating the model and different SIP construction
approacheswe rst build up SIP in the threedifferentways
for the researchersn the two networks. And then, 10% of
the original datasetds held out as test set and we run the
Gibbs samplingprocesson the training setfor i iteration. In
particular in generatingthe exemplary communities,we set
the numberof the communitiesas 50, the iterationtimesi as
100Q In perplity computation,i is setas 300 in order to
shortenthe computatiortime. In both case, is setasKi and

is setas0:01, whereK is the numberof the communities.

We evaluate this model in both descriptve and quantita-
tive ways: rst, we demonstratehe exemplary communities
discovered by the algorithmsand brie y discussthe results.
Therefore we comparethe perpleity valuesfor a setof com-
munity numbersfor threedifferent SIP encodingapproaches.
Furthermore,we investigatethe quality of the discovered
communitiesfrom a clusteringperspectie.

A. Examplesof Communities

Table lll shovs 6 exemplary communities from a 50-
community solution for the CiteSeerdatasetwith social in-
teractionpro les being createdusing 012-SIPrepresentation.
Each community is shovn with the top 10 researchersghat
have the highestprobability conditionedon the community
Note that CiteSeerdatasetwas crawled from Web and some
authorswere not recovered correctly we keepthe resultsin
an“as is” fashion.

Theseexemplary communitiesgive us some avor on the
communitiesthat can be discoveredby this approachSpecif-
ically, we obsere that some communitiesare “institution-
based”,someothersare “topic-based'.For instance;6 out of
10 researchergDon Towsley, Jamed-. Kurose,Victor Lesser
PrashantSheng, Jim Kurose,Paul R Cohen)in Community
15 listed in Fig Ill are from University of Massachusetts,
Ambherst,althoughthey work in disparateareasspanningrom
networking, knowledge managementpperatingsystemsand
multi-agent research;Similarly, community 29 is clearly a
Berkeley community and most researcherin community 43



TABLE I
STATISTICSFOR DATASETS CiteSeeraND NanoSCI

AN ILLUSTRATION OF 6 COMMUNITIESFROM A 50-COMMUNITY

SOLUTION FOR THE CiteSeemATASET AFTER 1000 ITERATIONS BASED ON

012 SIP APPROACH.EACH COMMUNITY IS SHOWN WITH THE 10

Dataset Size Papernumber | Edgenumber | averageauthornumberper paper | size of largestcomponent
CiteSeer | 398831 716793 1181133 1.648 249866
NanoSCI| 225313 195997 877609 4.48 203762

TABLE 1lI TABLE IV

PERPLEXITY RESULTS ON CiteSeeraFTER 300 ITERATIONSWITH
DIFFERENT SIP APPROACHES

s c s GHES o co o o SIP T=20 T=30 T=50
RESEARCHERS THAT HAVE THE HIGHEST PROBABILITY CONDITIONED ON o1 17853 24| 1458290 8620 29
THAT TOPIC 0-1-2 9435.13 7382.17 | 5696.51
0-1-k 16873.29 | 12648.33| 7967.10
Community15 Community26 Community12
JohnA Atankovic ManuelaVeloso Jiavei Han data.
Don Towsley PeterStone Dragomir R. Rade Perplity PP is de ned as
Krithi Ramamritham Milind Tambe SeniorMember
JamesF. Kurose Andrewn Barto KathleenR. Mckeown PP (W _ A | . 10
Victor Lesser Minoru Asada Shih Fu Chang ( ) - p(' m) " ( )
PrashanSheng XuemeiWang Terrencel. Sejnavski m=1 M g p(tm)
_, lo !
JeanYvesle Boudec Hiroaki Kitano Ke Wang ex m=f > 2 mm 11
= =1
Jim Kurose ThomasG. Dietterich HongjunLu P " ( )
Subhabratzen Craig A. Knoblock Beng Chin Ooi where !+, is the social interactionpro les in the test set
Paul R Cohen Itsuki Noda ThomasS. Huang and
Community29 Community43 Community47
David E.Culler Alex Waibel Geofrey Fox Yo K . )
Eric A Brewer Alon Lavie Ken Kennedy p(lm) = k=t P(' n = tj n = K)p( 0 = kjd=m)
Y.H Katz JaimeCarbonell Alok Choudhary n=1
lon Stoica MasaruTomita Cisco Systems _ Y K n(v)
Hari Balakrishnan Stanlg Osher DeborahEstrin - k=1 kit mk
Steven D. Gribble M. J. Irwin Andrev Chien v=l
David A. Patt Lori Levi SanjayRank . .
and ernson or Levin anjayRanika wheren{}) is the numberof timestermt hasbeenobsered
SrinivasanSeshan RobertFrederking ScottShenler . .
. in documentm. Note that the can be determinedby the
RandyH. Katz Jie Yang CharlesKoelbel o
training set, but hyperparameter for the unseendocuments
Scott Shenler R. G. Mamahon lan Foster . . . .
in the test setshasto be estimated.The estimationcan be

achieved by conductinganotherGibbs samplingprocess[2R

are from CMU. The secondtype of community is“topic-

based”, as illustrated by Community 16, where most re-
searcherén this communityfall into Al andmachinelearning
researctarea;andmostmembersn Community12 arework-
ing in information retrieval and datamining areas.Note that
thesewo typesof communitiesarenot exclusive, meaninghat

p(~ = Kj 53 F; ~i; k) =
n(kt) + F‘r(kt;): i + nk;: i

m+
n + rOW ()T

N, is the size of the social interactionpro le in the test

mary communitiesareactually“hybrid”, with somemembers gt

beingfrom the sameinstitutionsand otherswork on the same

And thenwe have

area.This obsenation reveals the fact that researchergrom

same institution or with similar researchintereststend to

collaboratetogethermore and build closersocialties.

B. Perplexity Analysis

Perplity is is a common criterion for measuringthe
performanceof statistical modelsin information theory It
indicatesthe uncertaintyin predicting the occurrenceof a
particularsocial interactiongiven the parametersettings,and

n{) +
nf;,) +T

mk — (12)
TablelV liststhe perpleity resultsfor aselectedsetof topic
numbersfor the three different representatiorapproachesit
shaws that the perpleity valueis high initially anddecreases
when the numberof communitiesincreasesin addition, the
resultsshawv that the 012-SIPapproachhas lower perplexity

henceit re ects the ability of a modelto generalizeunseen valuethanthe othertwo approaches.



C. ClusteringAnalysis

In this section,we evaluatethe quality of the communities
discorered by SSN-LIA by comparing their compactness.
Compactnessef a communityis measuredhroughthe average
shortestdistance among the top-ranked N, researchersn
this community Short averagedistanceindicatesa compact
community In particular N, is setas1000in this paper Both
CiteSeerand NanoSClhave morethan 200, 000 nodesin the
network. In orderto reducethe computationatomplexity and
memoryusagein calculatingthe shortestdistancesamongthe
researchersye pre-processhe two networks by conductinga
graphreductionalgorithmto reducethe numberof thenodesin
the network. In this graph-reductioralgorithm, we iteratively
eliminatethe nodeswvhosedegreeis 1 (i.e, only oneco-author).
Subsequentlywe run Johnsohs algorithmfor calculatingall-
pair shortestpathsfor the processedhetworks. Sincewe focus
on the top ranked researcherghis preprosessingasminimal
impacton concernedesearchers.

Figures2 and 3 demonstratehe compactnesand well-
separatenesmeasuresfor 01-SIP, 012-SIR and k-SIP ap-
proachesfor datasetsCiteSeerand NanoSClrespectiely. In
particular the two x axesin Figures2 and3 shav the shortest
distanceand the two y axes shav the numbersof top-ranked
author pairs with the correspondingshortestdistance.Note
that the two authorsin the author pair are within the same
communities.In Figure 2, The mean for 01-SIP approach
is 5:62, with standarddeviation as 1:58; the meanfor 012-
SIP approachis 4:63, with standarddeviation being1:49. The
meanfor k-SIP approachs 5:10, with the standarddeviation
being 1:36. In Figure 3, the meanfor 01-SIPis 4:097 with
standarddeviation being 0:999, the meanfor 012-SIPis 2:34,
and the correspondingstandarddeviation is 0:73; the mean
for k-SIP approachis 3:62, with the standarddeviation being
1:196. The t-test resultsshav that the 012-SIP approachis
signi cantly betterthe othertwo approache$or both datasets.

x10° Intra-Distance of [0 1] Case
T T

Fig.2. Theshortestistancgx axis)andthe numberof top-ranledresearcher
pairsfrom differentcommunitieswith the correspondinglistance(fordataset
CiteSeey

X10° Intra-Distance of [0 1] Case

Fig. 3. Theshortesdistancgx axis)andthe numberof top-rankedresearcher
pairsfrom differentcommunitieswith the correspondinglistance(fordataset
NanoSC)

VI. DISCUSSIONS

While the communitydiscovery approachintroducedn this
paperis evaluatedin the contet of researchcollaboratve
networks, it hasbroadimplicationson socialnetwork research.
This sectionlists three possibleapplicationsfor the SSN-LZA
model.

(1)Detectthe importanceand roles of communitymembes

The probabilitiesthat canbe derived from SSN-LIA model
can be helpful in determiningthe importanceand roles of
community members.For instance,the importanceof com-
munity membersconditionedon the community variable ;
can be measureahroughthe probability p(! ij ; ), which can
be easily derived from this model basedon the learned ™.
In addition, p( jj! i) canreveal how stronga social actor is
associatedvith a particularcommunity This is relatedto the
work of locating“sinks” or “Hubs” or locatingleadersn local
communities.[3D

(2)Measue the similarity betweencommunities

SSN-LIA model provides an elegant way to measurethe
similarity of two communitiesby calculatingthe correspond-
ing KL(K ullback-Leibler)distanceand corvertit to similarity
measure KL divergenceis a distancemeasurefor two dis-
tributions and the correspondingormula for calculatingthe
distancebetweentwo communities ; and ; is:

L vianPC k)
kP(! k] .)Iogp(! )
And then the similarity Sim( ; ;) betweencommunities
i and ; canbe derived by:

Sim(i; j)= 10

Dki(i;j)=

Dki(isj)

(3)Identity recagnition and namedisambiguation

Name disambiguationis very importantto social network
studiesbecause(1) most of the current social network in-
formationis extractedfrom online and errors are inevitable.
(2)mary social actorsmay possesghe samenamesalthough



they may sharevery differentresearctinterestsand belongto
differentsocial communities.Corversely a samepersonmay
be identi ed as multiple onesdueto the confusionon middle
nameor maidenname We believe that SSN-LIA modelis able
to provide someinsightson whethertwo distinct individuals
are actually the sameperson,or whethermultiple members
sharethe samename.For instance,in Community15 in Fig.
lll, we have reasonablaloubtthat memberslamesF. Kurose
andJim Kurosemay be the sameperson.On the otherhand,if
amemberbelongsto very differentcommunitieshe may be a
candidatedeservingmore attentionfor namedisambiguation
purpose.

VII. CONCLUSIONS AND FUTURE WORK

Communitydiscovery hasdrawn signi cant researchnter
estsamongresearcherfrom mary disciplinesfor its increas-
ing applicationin multiple, disparateareasjncludingcomputer
science,biology, social scienceand so on. This paper de-
scribesan LDA(latent Dirichlet Allocation)-basedierarchical
Bayesiamalgorithm,namelySSN-LI\(Simple SocialNetwork
LDA). In SSN-LI?, communitiesare modeledas latent vari-
ablesin the graphical models and de ned as distributions
over social actor space.The advantageof SSN-LIA is that
it only requirestopologicalinformation asinput. This model
is evaluatedon two researchcollaboratve networksCiteSeer
and NanoSClI The experimentalresultsdemonstratehat this
approachis promisingfor discovering community structures
in large-scalenetworks. While this approachs developedand
evaluatedn socialnetwork domain,the modelis fairly generic
and can be naturally extendedto other complex network
researctareaincluding proteininteractionrecognitionandcan
have broadimplication on homelandsecuritystudies.
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