THEHLFR SR A ISSN 1003-3254, CODEN CSAOBN

Computer Systems & Applications,2017,26(8):223—226 [doi: 10.15888/j.cnki.csa.005911]

O E BB AT TR ARBUITA .

E-mail: csa@iscas.ac.cn
http://www.c-s-a.org.cn
Tel: +86-10-62661041

KT R4 SR T SR S K B O

AR, 5K
(Rt e 51 ENLN B, 7% 726000)

2 ol SVM O AN B EE IR 7 R RE, 3t — R EE T U5 0 SRR AN 1 BodiE 0 SRR, RN 2K
FEAAR IS Z 18] 1) EL B SRR N2 AT, B TR0 5 D BER G IR MR T4, il Xt %Il 2k 1 4&
BEAT A 213G 200 3, FIR WE BR800 S5 TIExt 2 AN 00 KA AT SRR, 3RS 528 03 2y VAL BSCE (e AN 3
Hdl TR EERE. AE UCK s £ LS g AR WY, AR A UL, Rl Rt D BOERREA (9 Kb e

KA SCRF RN AR, 5 IRA R

Y

B FARS R R 5, e T4 40 S B S B B 4 28 BV T SR 67 F11,2017,26(8):223-226. htp://www.c-s-a.org.cn/1003-3254/591 1 html

Imbalanced Data Classification Algorithm Based on Split and Classifier Ensemble

b

DU Hong-Le, ZHANG Yan

(School of Mathematics and Cor‘npﬁter application, Shangluo University, Shangluo 726000, china)

Abstract: To improve the performance of Support Vector Machine classifier for imbalanced data, an imbalanced data

classification algorithm based on split and classifier ensemble is introduced. The majority class sample is divided into

several sub sets by clustering, and each subset is combined with minority class sample to produce a training subset. Then

the training subsets are learned and multiple classifiers are obtained. Finally the multiple classifiers are integrated and the

ensemble classifier is obtained. Experimental results show the algorithm is effective for imbalanced dataset, especially for

the minority class samples.
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