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Abstract; With the progress of science and technology and the development of society , personal credit score is becoming more and more

important to individuals. However, the traditional credit score is mainly measured by a few dimensions such as personal consumption

be predicted more accurately.

ability , which is difficult to reflect personal credit comprehensively , objectively and timely. In order to address the problem of credit score
K-means algorithm is used to analyze the clustering of feature sets. Finally,the credit scoring model is built by LightGBM model. Ex-
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prediction in the environment of large sample and high—dimensional data, we propose a mobile user credit score algorithm based on

LightGBM algorithm to improve the credit scoring system. The linear correlation is firstly analyzed to construct feature sets,and then the

periments on real data provided by the digital China innovation competition shows that the proposed method can fully mine data features

and accurately predict user credit score,which is more accurate and efficient than GBDT , XGBoost and other algorithms. By clustering

the data feature set based on linear correlation analysis and applying it to LightGBM credit scoring model , mobile users’ credit scores can
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