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The Application of Feature Selection Methods in Variables
Selections For Credit Scoring Models

LIU Yang, LIU Weijiang

(Business School opf Jilin University, Jilin Changchun 130012 China)
Abstract The variables incdluded in credit scoring models have important impacts on models’ performance, but the
vanable selevtion methods nee4d to be more standardized and systemized. This paper presents an empincal study on
the application of feature selection methods in variables selections compare four feature selection methods— “ Reli-
efF”, “ Correlation-based”, “ Consistency-based” and “ Wrapper” methods The study illustrates how these methods
help to improve the performance of scoring models in three aspects: model simplicity, model speed and model accura-
cy. The results show that“ Consistency-based” and “ W rapper” methods perform better than “ ReliefF” and “ Correla-
tiomr based” methods.
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