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Wide and Deep Learning for Default Risk Prediction

NING Ting, MIAO De-zhuang, DONG Qi-wen and LU Xue-song

School of Data Science and Engineering, East China Normal University,Shanghai 200062, China

Abstract Default risk control is a key business component of credit loan services, which directly affects the profitability and bad-
debt rate of lenders. With the development of the mobile Internet,credit-based financial services have benefited the general public.
Default risk control has changed from manual judgment based on rules to credit models built by using large amounts of customer
data to predict the default rate of customers. Relevant models include traditional machine learning models and deep learning mo-
dels. The former has a strong interpretability but a weak predictability;the latter has a strong predictability but a poor interpre-
tability, which is prone to overfitting the training data. Therefore, the integration of traditional machine learning models and deep
learning models has always been an active research area in credit modeling. Inspired by the wide &. deep learning models in re-
commendation systems,a credit model first can utilize traditional machine learning to capture features of the structured data,
while a deep learning can capture features of the unstructured data. Then,the model combines two parts of the learned features
and uses an additional linear layer to transform the hidden features. Finally, the model outputs the predicted default rate. This
model neutralizes the advantages of traditional machine learning models and deep learning models. Experimental results show that
the proposed model has a stronger capability to predict the default probability of customers.

Keywords Default risk control, Machine learning.Deep learning, Wide &. deep learning models
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Table 1 Hyper parameter settings
%% U] & 1E
batch_size AEA K 256
learning_rate F 3R 0.0001
loss Ik @ binary_crossentropy
optimizer 1 # Adam
activation BOE R RelLU
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Table 2 Results of experiments

Model AUC Precision Recall Fl-score

LogisticRegression 0.6509 0.6526 0.6849 0.6203

DNN 0.6529 0.6561 0.6871 0.6337

Wide & Deep 0.6616 0.6679 0.6933 0.6377

LogisticRegression + 0.6508  0.6507  0.6841  0.6196
cross_feature

DNN+ cross_feature 0.6607 0.6638 0.6911 0.6495

Wide &. Deep+cross_feature  0.6690 0.6690 0.6950 0.6530
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Fig. 2 Curve of AUC and F1 with changing of hyper parameters
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