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A Study on Credit Default Prediction using
eXplainable Artificial Intelligence
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Abstract

This study aimed to empirically compare the performance of the logistic regression model and the
XGBoost model for predicting individual credit card default, and to enhance the interpretability of the
models through eXplainable Artificial Intelligence (XAI). Using American Express data from Kaggle, I
analyzed feature importance through coefficient-based, gain-based, and SHAP (SHapley Additive
exPlanations) - based methods with the following results. First, while both models demonstrated excellent
predictive performance, XGBoost achieved zero False Negatives (Type II error) in the confusion matrix
analysis, thereby perfectly identifying all actual default customers. This has important practical implications
in risk management as it helps prevent financial losses for financial institutions. Second, the SHAP analysis
confirmed that credit score, previous defaults, and credit limit usage are key variables in predicting default.
SHAP, based on Shapley values, clearly decomposes the contribution of each variable to individual
predictions while considering interactions among variables, leading to significantly improved interpretability
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compared with traditional methodologies such as coefficient-based and gain-based analysis. This provides

important grounds for securing the transparency and credibility of models required in financial practice.
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[Table 1] Logistic Regression and XGBoost Model Performance Evaluation on Test Dataset
Logistic Regression Precision Recall F1-Score Support
No Default 0.95 0.95 0.95 707
Default 0.95 0.95 0.95 706
Accuracy 0.95 1413
Macro Avg. 0.95 0.95 0.95 1413
Weighed Avg. 0.95 0.95 0.95 1413
XGBoost Precision Recall F1-Score Support
No Default 1.00 0.95 0.97 707
Default 0.95 1.00 0.98 706
Accuracy 0.98 1413
Macro Avg. 0.98 0.98 0.98 1413
Weighed Avg. 0.98 0.98 0.98 1413
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