http: /www. jsjkx. com

DOI:10. 11896/jsikx. 201000013

ETRERWKD P2P M 53 &K A5 B R IT A 77 7%

EHFF =F OE®° SelEZE EBR
TIWAMZAZEHENBZESHARFER  HFHE 250014
2WLWARERARFITENEERZKRFKR @ 250101

SHEHEAFEB¥K LA FH 266000

(xiaoxiao. wangq@aliyun. com)

i E P2PRAHERALFRHFAG—FALBLSEXLAARFT TR L) 7RI BT RAKER S, 12 £ Pk )
KeyR o A REEFHREARER ML BN L, EERTOBRIARK T EFRREFALITLETERN Y, 44,
RE-FATREARGHTHERIARTARETFET ., BAAEEAGEREEFR IEABLEEHERKE FPRRAIE; R
BB S EAPMAREEARBE RN EREARBER ST EFEABT RN, R4 A R RIH T LA ARGHFIEE M
Fo L SRR AR R T BRI AT H RS A AT AR TN L RS R — M, £ LendingClub Foda i85 M A~ A 2% &
L R RS AR GEN AR MIRGMAE F BT T A, FR AN A G R LR FAF R, T B e T
B 5 A AT #) B UL EL R Fe B ULINR

KB . P2P M A 43 A3 - 45 IR Ak e & =l R AT R

hEESES TP391

Credit Risk Assessment Method of P2P Online Loan Borrowers Based on Deep Forest

WANG Xiao-xiao' s WANG Ting-wen' , MA Yu-ling” , FAN Jia-yi* and CUI Chao-ran'

1 School of Computer Science and Technology, Shandong University of Finance and Economics,Jinan 250014 , China
2 School of Computer Science and Technology,Shandong Jianzhu University,Jinan 250101, China

3 School of Business,Qingdao University, Qingdao,Shandong 266000, China

Abstract P2P online lending is an emerging financial business model in recent years, which has many advantages of low invest-
ment threshold,convenient transaction and low financing cost. However.at the same time of rapid growth, the credit risk problem
in the lending process has become increasingly prominent,and the endless stream of borrowers running away and even fraud have
left a heavy shadow on the industry. Aiming at this problem,a credit risk assessment method of P2P online loan borrowers based
on deep forest is proposed. Firstly,the features are extracted from the basic information and the historical loan information of the
borrower. Then, the deep forest model was constructed by multi-granularity scanning and cascade forest module to predict the de-
fault of borrowers. At the same time,Gini index was used to calculate the feature importance score of random forest,and Borda
count method was used to sort and fusion,so as to give a certain explanation to the prediction results of the model. On the two
public datasets of LendingClub and Paipaidai, the proposed method was compared with methods such as support vector machines,
random forests,and wide and deep networks. Experiments show that the method has better performance,and the feature impor-

tance rating is consistent with people’s intuitive understanding and objective understanding.
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Fig. 1 Framework of credit risk assessment of P2P online
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Table 4 Performance comparison of methods on the original dataset
(AL 90D
Classfier Accuracy Precision Recall Fy AUC
LR 97.20+0.06 98. 65 64.82 78.23 92.67
Random Forest 97.2940. 31 99.99 66.59 79.94 95. 88
SVM 93.457+0. 22 98.49 68.50 80. 80 92.98
Wide &. Deepl!2] 97.01+1.3 98.78 62.23 76.36 91. 38

R Tf H 98.75%+0. 11 99. 36 84.54 91.35 98.23
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Table 5 Performance comparison of methods on undersampled dataset
CELA 2 26
Classfier Accuracy Precision Recall F AUC
LR 86.17+0.05 94.55 72.24 81.91 93.02
Random Forest 92.217+0.22 98. 14 84.07 90. 56 96. 41
SVM 82.54+0.27 80.96 78.80 79.87 90. 57
Wide & Deep 92.11+0.98 97.98 83.66 90. 26 96. 69
E WS 95.72+0.09 96.72 93.48 95.07 99.22
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Fig. 3 ROC curves comparison of different methods on original
dataset
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Table 6 Performance comparison of methods on Paipaidai dataset
CHLAE 2 200
Classfier Accuracy Precision Recall F AUC
LR 99.26+0.04 99.90 91.68 95.61 99.98
Random Forest 99.89+0.09 100 99. 74 99. 87 100
SVM 99.77+0.02 99. 82 97. 46 98. 63 99.99
Wide & Deep 99.30+0.1 99. 34 91.77 95. 40 99.72
END S 99.99+0.01 100 100 100 100
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Table 7 Feature importance scores on the LendingClub dataset
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Table 8 Feature importance scores on the Papadai dataset

F5 HAE EEEH-fE
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2 k£ A 0.1456
3 =& AR 0.0473
4 FHLIAGE 0.0446
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6 T Al 0.0403
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8 ¥ 7 A 0.0303
9 & 4 3 0.0286
10 ¥ = A GE 0.0283
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