8K g

Vol. 38 No.
Feb 2011

[\

H b2 N N R S S

2011 4E 2 Computer Science

st

2

SRUBBENEMEREER

BRE%E TR KBRS
(L AFHRFHEEFR T4 214122)°

FEERE B OB
(I AREETRSER T4 214122)°

# OE MATELHBORLENMRET ~AEATHANALHOSMBRE SEC ok, @4 RiELEHAm
FREERENHE LB E S THEAAPYEMEZL BET —FHRBEAE LT EHARZ LGRS &,
PPl kA A REE TS, AR RRBEAGRE, et G HAERAT T R, SEC Fakt SR T4
HEHBLE BAFATBEPORBEKD  LAALTER KESRHEHEHEEES, FREAN. L EZ AR
., 5 LTS EML  REEHRRIARLERS, BA - O L AMAE,

XA FHEE EFREE.RELR.EME RELE K

HEESHES TP393 SCRRRIRER A

Structure-based Entropy Clustering Algorithm for Heterogeneous Data
LI Zhi-hua'! GU yan' CHEN Meng-tao' WANG Shi-tong’ CHEN Xiu-hong?
(Shool of Information and Engineering,Jiangnan University, Wuxi 214122, China)’
(Ihgital Media College, Jiangnan University, Wuxi 214122, China)?

Abstract The dissimilarity measure and clustering approach about the heterogeneous dataset were studied,and a struc-
ture-based entropy clustering SEC algorithm was presented in this paper. Data often do appear in homogeneous groups,
the SEC utilizes these structural information to improve the clustering accuracy. Unlike the distribution of numeric da-
ta,nominal data are often unbalancedly distributed, whose distribution are often unrelated with their distance measure,
due to the above,a new structural information-based entropy computing technology was proposed. By mining the clues
in structural information, constructing the weight implying the different distribution information of nominal and numeric
attributes, the SEC can automatically identifies the initial locations and number of cluster centriods,and exhibits its ro-
bustness to initialization and no iteration in algorithm. Experimental results comparing with other references demon-

strate that the proposed method has promising performance.
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