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Abstract

Credit card delinquency prediction is vital in credit risk management. Traditional models have mainly relied on
financial variables and logistic regression, while recent studies show that machine learning can improve predictive
accuracy. This study employs a Kaggle dataset of 26,457 credit card users to evaluate three algorithms—LightGBM,
XGBoost, and Random Forest—tuning hyperparameters with Optuna and validating performance via k-fold
cross-validation. We also assess the optimal number of folds for model stability. SHAP was applied to interpret feature
contributions. Results show that LightGBM achieved the best performance, and key variables such as month card issued,
days_birth, days employed, and income total were identified as critical factors influencing delinquency.
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Fig. 1. Overall research process
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Table 1. Descriptive statistics of numeric variables

Income_total Days_birth Days_employed Family_size Month_card_issued

Count 26457 26457 26457 26457 26457

Mean 187306.52 15958.05 2198.65 2.19 26.12

Std 101878.37 4201.59 2362.04 092 16.56

Min 27000.0 7705.0 0.0 1.0 0.0

25% 121500.0 12446.0 407.0 20 12.0

50% 157500.0 15547.0 1539.0 20 24.0

75% 225000.0 19431.0 3153.0 3.0 39.0

Max 1575000.0 25152.0 157130 20.0 60.0
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Table 2. Hyperparameter settings for the models
N_estimators | Learning_rate Max_depth Subsample Co:;rrgzle Gamma Num_leaves
Model - — . - - - -
max_delta min_samples | min_samples | min_child_sa | min_child_wei
reg_alpha reg_lambda .
_step _split _leaf mples ght
279 - 15 - - - -
RF - - - 5 4 - -
539 0.05 10 0.63 0.65 123
LGBM - 0.91 0.34 - - 17 -
549 0.07 10 098 0.65 0.25 -
XGB 2 0.65 0.06 - - - 1
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LGBM | 088 0.89 098 094 = TLE T M
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month_card_issued 32463
family_size 20974
days_birth 4 17613
days_employed 4 15289
income_total 15159
edu_type_secondary / secondary special 9690
edu_type_higher education 9169
family_type_married 5270
work_phone 5250
phone 5009
occup_type_laborers 3939
reality 3928
occup_type_drivers 3542
occup_type_others 4 3527
gender 3059
occup_type_sales staff 3029
car 2977
occup_type_core staff 2906
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