A1 E 510

OB R R %
2014 4 10 A i

Computer Science Oct 2014

Vol. 41 No. 10

ETHEMBNZSKRPEAMTT S EER

X NET KWE
(EEBReA¥BEERFSFTREALHRE 4L 100101

B E AR —IRJEXAMNFNTH TGS LARE DN T CAGRIEMR S &, F AR RN T KT R
HEXANBEATEAAL DB I AP BOLANATTRFT R, BT RATHENIE 5 X RAE Nt R4 £
HHUMRNBCW), #FFAMEE LG ERERE T HFETAERE A LN NELLEGNRT, ARG EH
BENATEEAR, AP LE BT EGTRIRZ LA BRAATILRE , AT kA R AR T k6 5 £,
XA FRAKBREAAENTH, 5K, LEE HiEmR

h@FES#E TPI81 XEIRISEE A DOI 10.11896/j. issn, 1002-137X. 2014. 10. 059

Multi-relational Naive Bayesian Classifier Using Feature Weighting

XU Guang-mei LIU Hong-zhe ZHANG Jing-zun
(Beijing Key Laboratory of Information Service Engineering, Beijing Union Universiﬁy,Beijing 100101, China)

Abstract To improve the accuracy of multi-relational naive Bayesian classifiers, this paper discussed existing feature
weighting methods and upgraded the method to deal with multi-relational data directly. Based on the tuple ID propaga-
tion method and counting methods towards tuples, a multi-relational naive Bayesian classifier using feature weighting
(MRNBC-W) was given, Experiments on Financial database show that with the help of feature weighting, the classifiers
can give better accuracy without increase of time complexity., Furthermore, MRNBC-W based on mutual information
(MRNBC-W-MD) was implemented.
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