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Table 3 Results of accuracy test results
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Table 5 Resules of recall test results
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Table 7 Run time of test results
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A SMOTE based KNN Classification Method for Unbalanced
Samples

LIN Yongchang,ZHU Xiaoshu
(School of Computer Science and Engineering, Yulin Normal University, Yulin, Guangxi, 537000, China)

Abstract:In order to solve the problem that the prediction result of the KNN method will be biased to the
dominant class when the data samples are not balanced, this paper proposes a KNN classification optimiza-
tion method (KSID) for unbalanced samples based on the synthetic minority oversampling technique
(SMOTE). Firstly, this method uses the SMOTE method to equalize the unbalanced training set and the lo-
gistic regression model is trained. Secondly, the logistic regression model is used to predict the training set,
and the data predicted as positive samples is obtained. The SMOTE method is used to equalize the positive
samples and train the KNN model. Finally, the test set is put into the KNN model combined with the logis-
tic regression method for prediction, and the final prediction result is obtained. Based on six unbalanced data
sets, KSID is compared with logistic regression, KNN, and SVM decision trees. The results show that the
KSID method is superior to the other three methods in the four performance indicators of accuracy, recall,
precision, and F'1 score. By introducing SMOTE, the KSID method overcomes the problem of classification
bias when KNN encounters an unbalanced sample data set, and provides a reference for further research on
the optimization and application of the KNN method.

Key words: unbalanced sample, KNN, SMOTE, KSID, Logistic regression, classification
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