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=HL(W,(f (W, Z))) . B, B A RS 31—
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el Logloss LML T AEA 1) 34 0 22, & 70 2R AT 55
T B8R .

F1 SRR

FE IR B
BERSE Windows10
CPU Intel Core i7-9750H 2. 60GHz
Pz 8.00G
EES Python3.7.6
HEZE Tensorflowl . 14.0

3.3 SRR

K kaggle 35 FEHR AL 19 FF PR PR 52 |, % F DNN |
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Research on Prediction Model of Auto Insurance
Claim based on Improved DeepFM

ZHANG Shu, TAO Hongcai
(School of Computing & Artificial Intelligence ,Southwest Jiaotong University , Chengdu 611756, China )

Abstract ; Generalized linear model is widely used in the field of auto insurance claim prediction because of simplicity
and interpretability. However, its expressiveness is limited because it can’t recognize the interaction between features.
DeepFM uses Factorization Machine and Deep Neural Network to capture the interaction of low-order and high-order fea-
tures respectively, and achieves remarkable results in the real scene with sparse data. This paper introduces the weight
of domain correlation based on Factorization Machine, and proposes mitigation strategies to ease the problem of mutual
interference between features. The lightweight visual attention mechanism is also applied to the Deep Neural Network to
enhance the accuracy of the model. Experimental results show that the proposed model achieves better risk segmentation
effect than the basic DeepFM model.

Keywords : auto insurance claim ;feature interaction ; DeepFM ; attention mechanism



