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Abstract: Personal credit evaluation as a direct basis for commercial banks to judge loan risk is particularly important in the financial
field. Aiming at the problems of the traditional personal credit evaluation model, such as data imbalance, single model structure and being
easily interfered by subjective factors,a personal credit evaluation method based on SMOTE+ENN algorithm and ensemble learning is
proposed. First of all, SMOTE+ENN algorithm is used to balance and distribute the sample data on the basis of data preprocessing , which
enhances the performance of the classification algorithm. Then, based on the grid search optimization algorithm, the optimal super
parameters suitable for a variety of classifiers are searched, and the corresponding optimal single evaluation model is constructed to
achieve the purpose of improving the accuracy of personal creditevaluation. Finally,the results of the three classifiers with the best per-
formance are integrated with the related ensemble learning strategy to construct the optimal prediction model of credit evaluation,so as to
achieve a more accurate personal credit evaluation. Experiment shows that on the existing public dataset Give Me Some Credit,compared
with the traditional data imbalance processing method, the proposed method is as high as 97% in prediction accuracy,and the accuracy is
improved by about 2% ,which verifies the effectiveness of the improved algorithm.
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