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WA (Dropout) ¥ & Jy 0. 5, HI B AL 2 1% 50 % 1 # 2
JG. R ReLU ¥ i% ok B0 M Adam i 1L &5 hin 3
sk,

#& 2 CNN-LSTM & #]
Table 2 CNN-LSTM parameters

B2 18
Parameters Value
Batch_size 24/48
Convolution kernel size 16/32/64/128
LSTM units 128
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Activation function RelLU

Adam/0. 000 1

Optimizer/learning rate
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Loss function Focal loss
€ 10°°
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IR E S . & sklearn, numpy. pandas. tensorflow
il keras 48 T B AL HEAT 0 B 925, L5 F & R
AMD Ryzen 5 3600 3. 6 GHz CPU, 32 GB RAM,
NVIDIA Geforce RTX 2070 8 G GDDR6 GPU #i
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Table 3 Performance comparison of data generation algorithm

R AR AT B A SRR R (Do)

UCT #iE4E (Y0

ik Cash loan dataset of commercialbanks (%) Dataset of UCT (%)
Algorithm
A A # Recall F1 AUC KS A [5 # Recall F1 AUC KS
Base classifier 68. 95 56. 49 55. 50 66.16 61.30 38.07 21.82 30. 88
ADASYN 93.27 89.12 82.18 93.49 63. 38 43.31 26.19 35.98
SMOTE 92.79 87.91 81.46 92.98 66. 83 51.51 32.55 44,37
BorderlineSMOTE 92.98 88.07 81.90 93.43 67.47 52.71 33.90 45.69
CGAN 90. 50 81.57 78.97 88.09 68. 41 54. 42 35. 86 46.51
Tab-GAN 93.46 90. 05 85.93 94.16 69. 02 55. 80 37.32 48.38

T AT R R R E SR R R IMA T B2,
Ry B 8] 2 7 AL 5 28 D) i 7 WL 2R AT T
SCUS L EE RN 4 TR, 4 b B I TR R %
WG AR e (. A B 2 R TE 4 A4S PRAG
Fabn b A AR RR B A £ T (AN () 50000 4 1) 45 SR AR A
ZHE DO, £ UCTEIE S, LA SAM £ 4 [l
FF1E AUCH ERYRIE T HomA TAM; i 78
FL AR AT B4 SRR AR v, U A TAM 6 4 [l %
F11{6.AUC A .KS {8 4 WHE AR ¥ T 2 mA SAM,

X A RS G 4 2 ) Y R AR AN TR S B0
W B i) 5 2 ] B ) AH 45 G Al T I 4 1 4 ORI
FYRFIEAR B, S 06 25 R 2 W U 2 BIL A 200 b
THRERE AL A RE AR . 7E UCT Bds 45w,
MTHZEFEE BRI F1 6. AUC {E L1
FH AP . AR AR AT A B AR S A b B R
FIHLEIAE R B R F1 ., AUC . KS {§ E¥ T H
b7 3% o A B HR LR B T ML Y AR M R AR A

F4 EENNFERRER
Table 4 Ablation experiment for attention mechanism
Bl R AT B 4 SR AR AR (20) UCT #4846 (%)
i Cash loan dataset of commercialbanks (%) Dataset of UCI (%)
Algorithm
B 7] % Recall F1 AUC KS # [ # Recall F1 AUC KS
Tab-GAN 90. 33 81.23 91. 45 85. 41 55. 24 65. 52 74. 86 52. 85
Tab-GAN + SAM 89. 35 80. 31 90. 84 84. 38 57. 60 66. 11 75.37 52.70
Tab-GAN+ TAM 94. 24 82.22 93.07 84.87 54.51 65. 24 74. 66 53.58
Tab-GAN+ SAM + TAM 96. 20 82.52 93.82 85.54 57.32 66. 45 75.53 53. 49

JAEH] CNN-LSTM + LightGBM %3 il 1 3,
B4 T B AR IR 55 4% R A 43 B 7 Tl 2 R A 40 2k
7%, £ 45 RNN-RF™ |  GAN-AdaBoost-DT™ |
CNN,LSTM, CNN-LSTM"* [ IGAFN™ | GAN +
SAE® 45 sStub 25 BN 5 s . % 5 P A s
TR F R % AR bR 0 B HL A EodE B b
5 BT

Table 5 Model performance comparison

CNN-LSTM + LightGBM #& I {E 44 [a] & F1 {H.
AUC A KS{H 4 48 b5 _FAH A 5 B A B AR
PP A BT 42 Y CNN-LSTM $R4E 2% 3 5 5= 40
R F5 (R 2% 2 68 7, R MR [6] £ B3 42 Bt i A B0
T B AE B TR B CHE B K PR R LightGBM 43 26
s UL BE 3 T AN B0 2 T 19 4y R RE

Rl AR AT B0 42 SR EUHR 46 (90) UCT #434E (%)
Bk Cash loan dataset of commercialbanks (%) Dataset of UCI (%)
Algorithm
A 7] Recall F1 AUC KS # 17 # Recall F1 AUC KS
RNN-RF 82.07 78. 44 87.89 70. 64 25.77 35. 60 60. 24 20.28
GAN-AdaBoost-DT 96. 04 78. 88 94. 24 87.39 49.12 58.93 70.94 41. 26
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Continued table

Rl £ AT B 4 R K 4R (00D

Cash loan dataset of commercialbanks (%)

UCT $di 4 (V)
Dataset of UCI (%)

Algorithm

74 | # Recall F1 AUC KS 71 1 4% Recall F1 AUC KS
CNN 80. 70 73.38 87.22 88. 54 51.02 63. 75 73.65 52. 85
LSTM 95.09 79.03 93.91 89. 46 56. 63 66. 40 75. 44 52. 44
CNN-LSTM 98.42 78. 81 95.11 87.99 53.34 64.91 74.40 53.29
IGAFN 96. 08 81.08 93. 87 87.53 50. 88 61.01 73.57 43. 80
GAN+ SAE 84. 57 78.98 88. 86 81.58 51. 64 61. 22 72.31 44. 49
CNN-LSTM + LightGBM 98.58 82.67 96. 90 89.98 57.75 67.96 76.18 54.03
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A Hybrid Credit Evaluation Method Integrating GAN and Deep
Neural Network

PENG Baicheng,ZHANG Anqin,ZHANG Ting
(College of Computer Science and Technology,Shanghai University of Electric Power, Shanghai,201306,China)

Abstract: With the rapid growth of credit card and personal loan business in the financial industry,how to de-
tect potential default or bad debt business with limited information has become extremely important. The
main difficulties in the field of credit scoring are sample imbalance and poor classifier performance. For this
reason,this study first proposes a generative adversarial network TabGAN based on tabular data to generate
sufficient default samples from the original data. Then,a hybrid deep learning model based on CNN-LSTM is
designed for feature extraction. The model includes two sub-models:Convolutional Neural Networks (CNN)
and Long Short-Term Memory (LSTM). Static local features and dynamic time features are extracted from
user data respectively,and the spatio-temporal attention module is added to calculate the importance of the
output of the model, thereby extracting more critical information. Finally, the focus loss function is introduced
at the classifier level to improve Light Gradient Boosting Machine (LightGBM) classifier and realize the
probability output of default risk. The risk prediction model is validated on two real-world datasets,and the
experimental results show that the generative adversarial network can effectively solve the problem of sample
imbalance. And the CNN-LSTM + LightGBM model is superior to other advanced algorithms in the field of
credit scoring in all kinds of classification evaluation index, which proves the effectiveness and portability of
the model in the field of credit scoring.

Key words:imbalanced data;credit scoring; GAN; CNN; LSTM;{ocal loss
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