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Imbalanced Data Oversampling Method Based on Variance Transfer

ZHENG Yifan and WANG Maoning

School of Information,Central University of Finance and Economics,Beijing 102206, China
Abstract Resampling is an important method to solve imbalanced data classification problem. However, when the size of data set
is very small,undersampling will lose important information of the data set,so oversampling is the research focus of imbalanced
data classification. Although the existing oversampling methods partially solve the problem of imbalance between classes.they es-
sentially do not introduce additional information to minority class,and there is still a risk of overfitting. To solve these problems.,
VTO,an oversampling method based on variance migration of the majority class,is proposed in this paper. In this method,a shift
vector is extracted from majority class,and the feature weight matrix of the minority class and the majority class is used for
adjustment. Furthermore, the shift vectors filtered by the confidence conditions are superimposed to the center of the minority
class,so as to introduce the majority class variance in the generation process of new minority class samples,then enrich the mi-
nority class feature space. In order to verify the effectiveness of the proposed algorithm,decision tree is used as classification mod-
el to train on 6 KEEL data sets. Compared with SMOTEENN and other over-sampling methods, with F-score and PR-AUC val-
ues as evaluation indexes, the results show that VTO is more advantageous in dealing with imbalanced data classification.

Keywords Imbalanced data,Classification, Oversampling, Variance transfer,Covariance
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Table 2 Information of imbalanced data sets

B & i AE 2k AR IR
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vehicleO 18 846 3.25
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vowel0 13 988 9.98
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Table 3 Information of different IR data sets
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Table 4 Comparison of F-score values of each oversampling algorithm on different data sets

B E origin VTO SMOTE ADASYN BD-SMOTE SMOTETomek SMOTEENN
wisconsin 0.9073 0.9360(2) 0.9248(4) 0.9172(5) 0.9133(6) 0.9250(3) 0.9417(1)
glass0 0.6853 0.7252(1) 0.7030(3) 0.6671(6) 0.6800(4) 0.6768(5) 0.7184(2)
vehicle0 0.8561 0.8719(2) 0.8671(4) 0.8772(1) 0.8680(3) 0.8630(5) 0.8504(6)
ecoli2 0.7604 0.7726(1) 0.7179(5) 0.7035(6) 0.7642(2) 0.7214(4) 0.7640(3)
page-blocks0 0.8182 0.8372(1) 0.8242(3) 0.8149(6) 0.8177(4) 0.8323(2) 0.8160(5)
vowel0 0.8927 0.9328(1) 0.8977(3) 0.9011(2) 0.8691(6) 0.8921(4) 0.8698(5)
FHHAL — 1.33 3.66 4.33 4.16 3.83 3.66
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Table 5 Comparison of PR-AUC values of each oversampling algorithm on different data sets

WS origin VTO SMOTE ADASYN BD SMOTE _ SMOTETomek  SMOTEENN
wisconsin 0.9297  0.9486(2)  0.9418(3)  0.9343(5) 0.9293(6) 0.9414(4) 0.9499(D)
glasso 0.7468  0.7783(1)  0.7574(3)  0.7258(6) 0.7308(5) 0.7371(4) 0.7631(2)
vehicleo 0.8720  0.8879(2)  0.8837(4)  0.8895(D) 0.8839(3) 0.8792(5) 0.8662(6)
ccoli2 0.7865  0.8079(1)  0.7443(5)  0.7337(6) 0.7997(2) 0.7605(4) 0.7867(3)
page-blocks0  0.8265  0.8465(1)  0.8338(3)  0.8235(6) 0.8263(5) 0.8409(2) 0.8324(4)
vowelo 0.9015  0.9388(1)  0.9040(3)  0.9076(2) 0.8749(6) 0.8990(4) 0.8770(5)
TR - 1.33 3.5 4.33 4.5 3.83 3.5
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