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Research on Credit Default Probability Prediction Based on LightGBM Model

Huang Lele, Chen Lin
School of Management, Jinan University, Guangzhou, Guangdong 510632

Abstract : Credit scoring is central to the credit loan business, and various statistical modeling methods have
been developed for this purpose. With the advent of the big data era, the scope of collected data has
expanded significantly, leading to an increase in the number of features available for credit scoring.
However, this also introduces the risk of redundant features, making feature selection a crucial step
in the modeling process. This paper presents a two—stage credit scoring modeling method. In the first
stage, an independence test based on mean variance is performed on the entire set of features for
preliminary screening. In the second stage, classification models based on LightGBM are employed,
with further feature selection carried out to refine the final model. In addition, we constructed a virtual
feature to help detect whether there are still redundant features in the model. Finally, the proposed
method was also applied to real-world online lending data, which yielded promising results to evaluate
the effectiveness of the model.
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