[\

LR
2014 4 2

Jo

il 13 T -

Computer Science

Vol. 41 No. 2
Feb 2014

ETHEMESHEN o Mgt KEEEE*

BREf BR

H OE

“&2,3
(FEMEMRAZWTENMFEEARZER  #X 210016)
(HRAFRUEFEABREAERE 8K 210093)°

g BHE
CHMAF EFBRAHHE M 225009)°

FNAEREREEHAEE M 225009)°

ARG BRER SIS AETEZNRARELREANE., RET - PEATERSBG S ALERE

WH &, AEFEAE D RESABNFS BARSRATHRRAZEGARZ L, RE 5 A st mA RS 478 )3

5, EERRHF S AL, AHSNIRT, RREEIR, RFHG5 ML ML LG ITE MR TS
BB RATTRANREGARIZE., KBRERAN, ZFRERGTEMII LB LT, T2 8R # 3R 3] £ R
R a9 AL R A, M BT AR AT R R,

KRB W%, EHELS M AR R

hEZEFAES TP30L6 XEERIRE A

Detecting Community Structure in Bipartite Networks Based on Matrix Factorization

CHEN Bo-lun® CHEN Ling”* ZOU Sheng-rong? XU Xiu-lian*
(Department of Computer Science, Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China)!
(Department of Computer Science, Yangzhou University, Yangzhou 225009, China)?
(State Key Laboratory of Novel Software Technology, Nanjing University, Nanjing 210093, China)3
(College of Physics Science and Technology, Yangzhou University, Yangzhou 225009, China)*

Abstract Community detection in bipartite network is very important in the reseach on the theory and applications of
complex network analysis. An algorithm for detecting community structure in bipartite networks based on matrix fac-
torization was presented. The algorithm first partitions the network into two parts,each of which can reserve the com-
munity information as much as possible,and then the two parts are further recursively partitioned until they can not be
partitioned. When partitioning the network, we used the approach of matrix decomposition so that the row space of the
associated matrix of the networks can be approximated as close as possible and the community information can be re-
served the as much as possible. Experimental results show that our algorithm can not only accurately identify the num-

ber of communities of a network, but also obtain higher quality of community partitioning without previously known pa-

rameters.
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