PO 00 http://www.cqvip.com]

HEPLEI2E 2007Vol. 34Ne. 12

ETFE&EMEIRN KNN o RE %)

o oEY Bt EIHFW E-F
(TrWEA%FTENEEERARER A% 116029) (KFEBTAEWHEREEFTRN K& 116023)°
(KERTRFHHANBFETRE k¥ 116023)

# E KNN(K-Nearest Neighbor) # i H= N =t 27 M 45 4 % H 'k (Bayesian Network, BN)#RZ B 47 2 Ak ¥/ 289
R EER, AXFASH T KNN BN S ERE  REERGTHEAMN LA ARM PR EH LB E R ETE
F R AR %% 36 KNN 32 (BN-KNN), S84 R 5%, BN-KNN LS ARG, LG EAE,
XER Rt Ar Mm% K848 H 3k, 5 & min

K-Nearest Neighbor Algorithm Based on Learning Structure

SUN Yan"? LV Shi-Pin® WANG Xiu-Kun® TANG YiYuar?
(Computer Science Department of Liacning Normal University, Dalian 116029)!
(Neuroinformatics Institute of Dalian University of Technology, Dalian 116023)?2

(Computer Science Department of Dalian University of Technology, Dalian 116023)3

Abstract K-Nearest Neighbor algorithm (KNN) and Bayesian network classification algorithm (BN) are currently
widely used classification algorithms, At first, this paper analyzes the KNN and BN classified features, and then re-
tains the merits of two classification algorithm, At last, a KNN algorithm based on learning the Bayesian network
structure (BN-KNN) is presented, Experimental results show that BN-KNN algorithm can be used to improve the
classification accuracy.
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