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Imbalance Data Set Classification Using SMOTE and Biased-SVM
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(College of Mathematics and Computer Science,Sun Yat-Sen University,Guangzhou 510275,China)?

Abstract In view of the classification of the imbalance data set,this paper gives the method using SMOTE (Synthetic
Minority Over-sampling Technique, SMOTE) and Biased-SVM (Biased Support Vector Machine, Biased-SVM).
Firstly, data set is taken into account using Biased-SVM algorithm. Secondly, the sampling to support vector is car-
ried on using the method of SMOTE upward sampling. Finally, the classification is carried on using the method of Bi-
ased-SVM. The experimental result indicates that the method given in this paper improves the precision of imbalance

data set classification.
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3 AT LUE 7 40 38 R F 4 $04E 4r 5 B, Biased-
SVM B BT SISVM, EEEN FREHMALERE
B KB Satimage 1 Vehicle £ 8. Sos+BSVM L, 8 4di fif
Fi Biased-SVM M5 R 5 1 1~ E 40 80 T A U B0 3 HF
& % A SMOTE 1 Biased-SVM #1454 §977 ¥ (Support
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&,

3 EMTEN g EHOD

STSVM  Biased-SVM Sos+BSVM  SVSmt

Phoneme 82. 698 84.022 84, 429 85. 193
Pima 71. 002 73. 278 74. 343 75.92
Satimage 75. 737 86. 764 88. 597 89. 782
Vebhicle 72.158 81.417 82. 086 83. 232
FHE 75.399 81. 370 82. 364 83.532
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