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Imbalanced Data Classification Method Based on Neighborhood Hybrid Sampling and Dynamic Ensemble

GAO Feng HUANG Hai-yan
(School of Information Science and Engineering, East China University of Science and Technology, Shanghai 200237 ,China)

Abstract The class imbalance problems severely affect the performance of the traditional classification algorithm, lea-

ding to decrease the recognition rate of the minority. In order to solve this problem,a hybrid sampling technology based

on neighborhood characteristic was proposed to enhance the classification accuracy of minority class, This technology

changes the sampling weight according to the class distribution in the samples neighborhood, and uses the hybrid samp-

ling to obtain the balanced data subset. Then the base classifiers are generated, for each test sample,a dynamic ensemble

method based on local confidence is proposed to select the optimal base classifier sets. The experiments on UCI datasets

show that the method has high classification accuracy rate of both minority and majority class for imbalance datasets.
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ky St ARBRE /MR BN AR B A H S RIS
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#5 DENHSH¥EZEREHS¥AE

BEL G-mean Recall F-value a k&
Pima 0. 7559 0.7963 0.7361 1.1 5 10
Breat-w 0. 9776 0. 9849 0. 9613 1.0 5 15
Credit-g 0.7161 0. 6429 0. 6158 2.0 5 35
Haberman 0, 5779 0. 6459 0. 6012 1.2 5 10
Vehicle 0.9732 0. 992 0.9221 1.0 5 20
Cmce 0. 6623 0.5242 0. 4634 1.5 5 25
Abalone 0. 8304 0. 8313 0. 5102 0.9 5 40
Yeast 0. 8417 0. 8141 0. 3045 1.0 5 30
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