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Two-phase Strategy on Overlapping Communities Detection

CHEN Duan-bing SHANG Ming-sheng LI Xia
(Web Sciences Center, University of Electronic Science and Technology of China,Chengdu 611731, China)

Abstract Communities, especial overlapping communities in complex networks are significant in many fields such as in-
formation spreading and recommending, public opinion controlling,and commercial marketing, Overlapping communities
detecting is attracting increasing attentions since some nodes may naturally belong to several groups in real-world net-
works. This paper proposed an overlapping community detecting algorithm based on two phase strategies; initial com-
munity extracting and community merging. In extracting phase,a node with maximal degree and its tight neighbors are
selected as an initial community,and nodes tight with the community are also included. In merging phase, two communi-
ties are merged if the modularity gets larger after merging. Three real-world complex networks including a large-scale

one were used to evaluate the algorithm, Experimental results demonstrate that the proposed algorithm is efficient for

detecting overlapping communities in complex networks,

Keywords Complex network, Overlapping community, Community extracting and merging,Connecting degree

1 5]

P 2 B 2 R DA B S M 4 AT R R0
Mg st KGR A BB R M A EEER. B
B EE D EETE S X, Newman 2 AW 7E 2004 B3R H
TETEIEAM KEREE, 51 R TH ISR HE.
7 Newman ) TAEER L, SR EHITY 7, B T4
BT R BE KA A XIS B Y, BT ETHSRE
X s, X R R X K IZWE R W R0 £, Chen %
ABRE T —FMESHRA G X EHEE, HETH St
XK EEEEEAS AR NANTAUERELMHEK,
HIBI - RHEEHEX., LEANERT —FET
HHWI XS E % —ECODE,

HEHEEMR %S, N RATRE TS MK, B8 K
IS HTEROL LS IR TR K MEE . Lancichinetti % A1

i

ZIFHHI.2012-03-18 &fEH . 2012-07-28
(YBCB2011057) %¢Bh,

BT —MEERTXIZSERRER, BRORO R —
A28 PR R R % X L R A AT DA » R SR R B AL (BT R Y
RAHEAXRFHER, Palla FAVVEFT LRFEHT
—MEBH X EEEE, B THRAAERTE4 FIRR A
TRIEREE R B W4 &AL X . Shen % AV #£ Newman
Rt BB AR E, WNRRIR RRIRA R B T —4HE
B X R BER BT R B MG TF HEAR . R B SR
T—MEEMKZEEEE, BT RRRAMICRKBEAMELR,
TR TEEM KRR 2 Gregory iR 1
TR E B IR R P B B R, B SR A R O
AT 8] K IR AR PR A — T R 4% IR e R B E 1Y
P45 b RS AR GHATRI 4. Chen FADSEI T
— M RE N EB X HEE, WA RA - R
ALK & R RO X KT R .

FXE NN AR XZHEEE R EERBR: A&

RXFZERERBER S (60973069, 90924011, 60903073, 60973120), # H R S EH S

PRdhse  BIBCER, AL ARSI, EEOTRTT ARSI A SR RS Ml e B W BN, BRI W oA 2R B
BEIHTHES:E B B4 FEHRTONERRE IRLSFEERS.

» 225









BUNAFEIX 41 X R 0B Q, 9 0. 8919, Hat X £ # in
B4 frm, 7EE 4%, BIEFE ABFEFRY S K EME
B LM A, KPP RERER SR AT
BB R, 109 A 106 (Kleinberg, J), 35 5 131(Crucitti, P)
A5 4 214(Schnitzler, A) %5, H R CER (14,19 1R 38
3T, Bt X R B EE 43 ) 0. 8531 11 0. 8156,
4.3 EHEBEEM%

X AR JZ Newman AR 2006 48 7 A 22 H HELM Fi)
—MHIBRGENRBEIL M., BIHET UM http: // www-per-
sonal. umich. edu/~mejn/netdata F &, MEEE T 22963
A R.48436 S, RAASCE KA X R T®R T 264
BEEWX, HAEYE R 0. 58,

M 3 ANEBRAG IR ST BT LUE H , A% SCE B AT LA 3
e P 4 Hh (At X 454, T ELRT BT R R i & ALK
LEFR, A BY T B B A M AR W45 R S5 M I LI BB

HRIE TLEMENHXERN FRABMERNERER
FIZAE B T4 R 0 HERE MO A NSRS A R
B AXETMHRBRE, R 7 - ESEX R4
B, BRME—B A XORR , B RN R B
B/ R BB B B TR B At K — A 3
BRE R A X R 5. AR KHBEMEERR 3 5
o R 28 L 0k B AR AT TR, Xt T FEELHW
%, B B R SRR K SR YA A .
MEERME BRI T 28 MRREEMMX FEISIRE T
Hof2z LSRR 3 M IR AR B A BB
SE Y., AXEEAEEA 22963 SR F R
BRI, SR, AL XITHR A 5 B — MR E 240 i B, L H 4
Xof B R HAG R 2 , ] e 3 R AR X R B — MR
PRRMER R, X ) R4 B RE X R4y B 5, B RTBF S Ak
W ML PN Y M E ARG, ERM W E,
FAA 1) P 48 B BEVE R R T — L P AE S A ARRAE , Qnf
THIEA B B B A 4% P A0 X R — R A
WIS IAR. BEE ARSI 2ERRE o HE s, & a4 240 Y
FRMBEEENA ISR A B M 45 i+t X X E BG %S
B VHIRE SR AT EEWEM. T — 5% x X e 6 8
RIFBEABI .

2 % X W

[1] Newman M E J. The structure and function of complex net-
works[J]. SIAM Review, 2003,45:167-256

[2] Albert R, Barabdsi A-L. Statistical mechanics of complex net-
works[J]. Reviews of Modern Physics, 2002,74;47-79

(3] Strogatz S H. Exploring complex networks{ J 7. Nature, 2001,
410:268-276

[4] Newman M E J, Girvan M. Finding and evaluating community
structure in networks[J ). Physical Review E,2004,69.026113

[57 DuchJ,Arenas A. Community detection in complex networks u-
sing extremal optimization[J]. Physical Review E, 2005, 72;
027104

[6] Clauset A. Finding local community structure in networks[J].

Physical Review E, 2005,72:026132
. 228 -

[7] Newman M E ]. Finding community structure in networks using
the eigenvectors of matrices[J]. Physical Review E, 2006, 74,
036104

[8] Chen D B,Fu Y,Shang M S, A fast and efficient heuristic algo-
rithm for detecting community structures in complex networks
[J7. Physica A; Statistical Mechanics and its Applications, 2009,
388:2741-2749

[9] LiXL,Tan A,Yu P S,et al. Ecode: Event-based community de-
tection from social networks[ C] // Proceedings of 16™ Interna-
tional Conference on Database Systems for Advanced Applica-
tions. Part I, Lecture Notes in Computer Science, Hong Kong,
China,2011,6587:22-37

[107 Lancichinetti A, Fortunato S, Kertesz J. Detecting the overlap-
ping and hierarchical community structures in complex networks
[J1. New Journal of Physics,2009,11,033015

(117 Palla G, Derényi 1, Farkas I, et al. Uncovering the overlapping
community structure of complex networks in nature and society
[JJ. Nature,2005,435,:814-818

[12] Shen H W,Cheng X Q,Guo J F. Quantifying and identifying the
overlapping community structure in networks[ ] . Journal of
Statistical Mechanics: Theory and Experiment, 2009,P07042

[13] Shen HW, Cheng X Q, CaiK, etal. Detect overlapping and hierar-
chical community structure in networks[ ] ]. Physica A; Statisti-
cal Mechanics and its Applications, 2009,388.1706-1712

[14] Gregory S. Finding overlapping communities using disjoint com-
munity detection algorithms[J]. Studies in Computational Intel-
ligence, 2009,207 :47-61

[157 Chen D B,Shang M S, Lv Z, et al. Detecting overlapping commu-
nities of weighted networks via a local algorithm[J]. Physica A:
Statistical Mechanics and its Applications,2010,389:4177-4187

[16] Gregory S. Fuzzy overlapping communities in networks [J].
Journal of Statistical Mechanics: Theory and Experiment, 2011,
P02017

[17] Lazar A, dbel D, Vicsek T. Modularity measure of networks
with overlapping communities [ JJ. Europhysics Letters, 2010,
90:18001

[18] Nepusz T,Petroczi A, Négyessy L,et al. Fuzzy communities and
the concept of bridgeness in complex networks[ J . Physical Re-
view E,2008,77:016107

[19] Shang M S,Chen D B, Zhou T. Detecting overlapping communi-
ties based on community cores in complex networks[ J]. Chinese
Physics Letters,2010,27:058901

[207 Hu Y,Chen H, Zhang P, et al. Comparative definition of com-
munity and corresponding identifying algorithm [ J7]. Physical
Review E,2008,78.026121

[217 Nandini R U, Albert R, Kumara S. Near linear time algorithm to
detect community structures in large-scale networks[ ] . Physi-
cal Review E,2007,76:036106

[227] Zachary W W. An information flow model for conflict and fission
in small groups{J]. Journal of Anthropological Research,1977,
33:452-473

[23] Pan R K,Saramiki J. Path lengths, correlations, and centrality in
temporal networks[ J]. Physical Review E,2011,84:016105

[24] Holme P,Saramaki J. Temporal networks{ R]. Physics Reports,
in press,arXiv:1108, 1780,2011



