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MACHINE LEARNING MODELS FOR CREDIT CARD DEFAULT PREDICTION

Sakulkran Thongkham®', Nuwee Wiwatwattana®

Abstract

This thesis aimed to study the predictive analytic among credit card holders who could create non-
performing loan; by using the Machine Learning to set up the Supervised Learning in the Classification character.
The Learning Machine was tested to credit card loan transaction data with 1,048,575 rows of transaction list and

438,557 rows of credit card customer’s data selected from Kaggle.com.

The process functioned by designing the model to divide credit card customers into 2 groups : normal
customers and non-performing loan customers with the aid of Machine Learning in type of Classification
Supervised Learning. This Machine Learning carried 3 algorithms : 1.) Logistic Regression 2.) XGBoost and 3.)

Catboost, to explore the most effective model to analyze the credit card customers.

The study depicted that XGBoost algorithm provided 98% of accuracy at 15 Depth with 0.1 degree of
learning rate, Catboost algorithm provided 97% of accuracy with 7 Depth and 0.1 degree of learning rate, and

Logistic Regression algorithm provided 62% of accuracy. The output from Confusion Matrix table pointed that

XGBoost algorithm and Catboost algorithm maintain the most effective outcome in close proximity. .
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