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Abstract

The logistic regression model is susceptible to the impact of unbalanced data. This paper mainly
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explores the applicability of three kinds of unbalanced data algorithms, including stochastic un-
der-sampling, Border Line-Smote oversampling (BLS) method, and Synthetic Minority Oversam-
pling Technique, to the logistic regression model. By using logistic regression model to process the
balanced data of the three methods, it was found that the indicators obtained by BLS oversampling
method were the best and the indicators obtained by ADASYN over-sampling method were the
worst. Finally, it was concluded that BLS oversampling method was more suitable for the
processing of unbalanced data sets of logistic regression model.
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Table 1. Data set feature table
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Figure 1. Customer type pie chart
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Table 2. Three sampling methods are used in the logistic regression model for the results of the indicators

2. ZFPREFAAIZEEAIERER VISR

RE WIRVA accuracy precision recall G-mean f-score
BEAL R RAE 0.7351 0.6855 0.8687 0.7229 0.7663
BLS 0.8089 0.7709 0.8790 0.8058 0.8214
ADASYN 0.6988 0.6647 0.8032 0.6908 0.7274
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Figure 2. ROC curve for the random undersampling method
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Figure 3. ROC curve of BLS method
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Figure 4. ROC curve of ADASYN method
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