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Prediction Financial Distress of Firms Based on GA-SVM

CEN Yong, ZHONG Ping, LUO Lin-kai
School of Information Science and Technology, Xiamen University, Xiamen 361005

Abstract This paper uses genetic algorithm and support vector machine to set up a hybrid model of financial distress prediction in Chinese listed
firms. Numerical simulation shows that the proposed method can reduce the dimension of the feature space, and has higher correct classification rate.
As the result, the proposed GA-SVM hybrid model has reliable financial distress prediction ability, and it has a good application prospect in this
area.
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RF+RM-SVM(Random Forest and RM- bound SVM) 2

RF + RM-SVM GA-SVM 2
3
2 RM-SVM GA-SVM
RF + RM-SVM GA-SVM
R1,R15,R9,R10,R13,
R4,R1,R15,R13,R9,R10,R8,R5 R4.R5.R7.R8.R12.R14
R15,R1,R9,R10,R3,R13,R5,R4,R8, R1,R15,R9,R10,R5,
R12 R13,R5,R4,R3,R8
R1,R9,R10,R15,R4,R3, R13,R8 R1,R15,R9,R10,R13, R8
2 RM-SVM
GA-SVM SVM 3
3 GASVM RMSVM (%)
SVM RF + RM-SVM GA -SVM
1 2 1 2 1 2

1954 2069 79.89 18.39 20.69 80.46 1494 16.09 84.48

1765 2353 79.41 11.76 2353 8235 1176 17.65 85.29

29.17 20.83 75.00 25.00 20.83 77.08 20.83 16.67 81.25
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