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Abstract

Credit scoring model is an important application model for pre-loan approval of commercial
banks. It can help the bank reduce the risk of credit default and fraud by identifying high-risk cus-
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tomers in advance. Logistic regression model, as the most widely used credit scoring model, is
sensitive to the imbalance of credit data samples. If the problem of samples imbalance is not im-
proved, the classification performance of the model will be poor. To this end, combined with Lo-
gistic regression principle, we propose an improved SMOTE algorithm which produces the aux-
iliary sample through the method of feature weighting synthesis (FW_SMOTE), and compare it
with traditional SMOTE, some classic improved SMOTE algorithm, such as Borderline-SMOTE and
ADASYN by experiment contrast, finding that FW_SMOTE makes the Logistic regression perfor-
mance of credit scoring model improve and has a certain application value.
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Table 2. Variable attributes and missing situation
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A EEA, Ak SR I
Age Int64 0
Sex Object 0
Job Int64 0
Housing Object 0
Saving accounts Object 183
Checking account Object 394
Credit amount Int64 0
Duration Int64 0
Purpose Object 0
Risk CEAIFR4E) Object 0
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Figure 1. A demonstration of the weight of variables obtained from a pre-training
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Table 3. Five fold cross test results
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Figure 2. High risk sample recall rate in test set with different nearest neighbor numbers
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Figure 3. Test set F, score under different nearest neighbor numbers
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