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Credit default prediction based on k-Stratified
SMOTE-CV with Stacking integrated learning
MA Wenmin

(School of Mathematics and Statistics, Fujian Normal University, Fuzhou 350117, China)

Abstract; Credit default data usually presents an unbalanced distribution, which can lead to problems such as model overfitting and
poor classification. In order to cope with these problems, an innovative approach is proposed: combining the k—Stratified SMOTE-
CV technique with the Stacking integration model. The experimental results show that the k—Stratified SMOTE-CV technique can
effectively solve the overfitting problem, while the Stacking integration model can further enhance the classification effect of positive
and negative categories. Among them, the F'1 score is maximally enhanced by 11.7% and the AUC is maximally enhanced by 7.6%.
In addition, a locally interpretable model, LIME, is introduced to enhance the transparency of credit default prediction for a deeper
understanding of the model ‘s decision —making process. These findings provide strong support for credit decision making in the
financial sector.
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Fig. 1 k—fold stratified cross—validation
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Table 4 Comparison of equilibrium treatment effects
GCD DCCC GMSC
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HERR R AUC HERIR AUC HER R AUC
KNN SMOTE pllES 0.738 0.851 0.786 0.871 0.895 0.954
A AE 0.640 0.671 0.654 0.633 0.828 0.662
RF Yt 0.830 0.920 0.873 0.939 0.950 0.989
M 0.795 0.730 0.802 0.670 0.921 0.642
KNN k-Stratified VIERS 0.620 0.697 0.653 0.678 0.826 0.711
SMOTE-CV =S 0.665 0.755 0.655 0.674 0.827 0.700
RF VRS 0.746 0.792 0.806 0.756 0.923 0.829
A 0.820 0.812 0.800 0.757 0.921 0.831
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Table 5 Comparison of experimental results for the GCD dataset

EiEL i LR RF GBDT XGBoost  LightGBM  CatBoost  Stacking
WA R 0.705 0.820 0.755 0.775 0.765 0.770 0.815
F1 0.683 0.774 0.717 0.728 0.719 0.729 0.777
AUC 0.805 0.812 0.800 0.810 0.794 0.812 0.832
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Table 6 Comparison of experimental results for the DCCC dataset
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7N LR RF GBDT XGBoost  LightGBM  CatBoost  Stacking
iR 0.770 0.800 0.808 0.806 0.810 0.812 0.809

F1 0.687 0.682 0.687 0.674 0.682 0.681 0.695
AUC 0.760 0.757 0.765 0.744 0.762 0.766 0.767
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Table 7 Comparison of experimental results for the GMSC dataset

FBhR LR RF GBDT XGBoost  LightGBM  CatBoost  Stacking
WA R 0.763 0.921 0.901 0.930 0.926 0.932 0.923

F1 0.562 0.650 0.674 0.645 0.668 0.638 0.679
AUC 0.779 0.831 0.850 0.841 0.847 0.849 0.855
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Fig. 3 Interpretation of the prediction results for a single sample of GCD
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Fig. 4 Interpretation of the prediction results for a single sample of DCCC
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Fig. 5 Interpretation of the prediction results for a single sample of GMSC
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