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Application of Gray Wolf Optimization Algorithm on Synchronous Processing of Sample
Equalization and Feature Selection in Credit Evaluation

CHU An-qi and DING Zhi-jun
Key Laboratory of Embedded System and Service Computing of Ministry of Education (Tongji University) , Shanghai 201804 , China
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Abstract With the rapid development of Internet finance industry, traditional credit risk evaluation is facing challenges in the face
of massive data. Due to the unbalanced sample categories and high feature redundancy in credit evaluation,it has become the key
factor affecting the classification accuracy of current evaluation. In order to solve the above problems,a method based on gray
wolf optimization algorithm is proposed to process the samples under sampling and feature selection synchronously. In this me-
thod, the performance of the classifier is taken as the heuristic information of the gray wolf optimization algorithm,and then the
intelligent search is carried out to obtain the combination of the optimal sample and the feature set,and the tabu table strategy is
introduced into the original gray wolf algorithm to avoid the algorithm falling into the local optimum. Experimental results show
that the proposed method has a great improvement compared with other methods, and its performance on different data sets
proves that it can effectively solve the problem of sample imbalance,reduce the dimension of feature space,and improve the accu-
racy of classification. Compared with the original data, the accuracy of credit risk evaluation is improved by about 3% , which
proves the applicability and superiority of this method in the field of credit evaluation.

Keywords Credit evaluation,Sample imbalance, Feature selection,Gray wolf optimization algorithm
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Table 3 Comparison result of algorithms on Australian dataset

EHE/Y RBE/N HRE/N AUC

LS & 84. 44 83.28 86. 56 0. 887
TGWO(X & #) 84.78 83.16 86. 82 0.896
TGWOCHAE # #) 86. 38 85.13 87.68 0. 904
GWO 86.95 85. 37 88.48 0.911
TGWO 87.36 86. 12 89.37 0.914

4 (EE B S ST R 2R

Table 4 Comparison results of algorithms on German dataset

RHE/ Y REE/N HRE/N AUC

LS & 75.35 81. 65 51.65 0.722
TGWO(KR & #) 76.33 70.02 80.67 0.748
TGWOCHAE # ) 77.19 83.81 53.57 0.732
GWO 78.21 80.49 76. 35 0.790
TGWO 78.98 81.24 77.58 0. 801
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