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Study on Abductive Analysis of Auto Insurance Fraud Based on Network Representation Learning

LI Weizhuo"**,LU Bingjie’ , YANG Junming' and NA Chongning”

1 School of Modern Posts, Nanjing University of Posts and Telecommunications, Nanjing 210003, China
2 Fintech Research Center,Zhejiang Lab, Hangzhou 311100, China

3 State Key Laboratory for Novel Software Technology,Nanjing University, Nanjing 210093, China

4 Key Laboratory of Computer Network and Information Integration(Southeast University) , Ministry of Education, Nanjing 211189, China

Abstract Auto insurance fraud detection plays an important role in promoting the healthy development of auto insurance. As the
judgment of fraud involves the core content of civil rights,it is necessary for auto insurance experts to check the case and provide
the reasons for fraud. Although the method based on machine learning have strongscalability and high accuracy.it lacks interpre-
tability, while the rule method based on expert system has good interpretability,but it is limited by the trigger conditions of com-
plex rules. To address the unexplainable problem of cases detected as“fraud” by machine learning methods without triggering the
expert system fraud rules, this paper puts forward an analysis method of auto insurance fraud traceability based on network repre-
sentation lear-ning. It first defines the abductive analysis task of auto insurance fraud. That is, for cases that are identified as
“fraud “ones by machine learning methods without triggering the expert system. it returns the ranking of the most likely fraud
rules to auto insurance experts. Then,the method models the case-rule factor network based on the network representation lear-
ning according to the fraud cases that have triggered the rules of the expert system,and learns the vector representation of these
factors in fraud rules. To better measure the similarity between fraud cases and rules with incomplete triggering factors in the ex-
pert system,a weighted splicing strategy of factors in fraud rules is designed based on the principle of abductive reasoning, which

can alleviate the problem of insufficient training data to some extent. Experimental results show that the proposed method can ob-
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tain better performances than existing methods in terms of three metrics.
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Table 3 Result comparison of different methods in abductive analysis task of auto insurance fraud
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Table 4 Result comparison of different rule vector representation strategies
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