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Overseas Address Data Quality Verification Technique using Artificial

Intelligence Reflecting the Characteristics of Administrative System
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Abstract

In the global era, the importance of imported food safety management is increasing. Address information of overseas
food companies is key information for imported food safety management, and must be verified for prompt response
and follow-up management in the event of a food risk. However, because each country’s address system is different,
one verification system cannot verify the addresses of all countries. Also, the purpose of address verification may be
different depending on the field used. In this paper, we deal with the problem of classifying a given overseas food
business address into the administrative district level of the country. This is because, in the event of harm to imported
food, it is necessary to find the administrative district level from the address of the relevant company, and based on
this trace the food distribution route or take measures to ban imports. However, in some countries the administrative
district level name is omitted from the address, and the same place name is used repeatedly in several administrative
district levels, so it is not easy to accurately classify the administrative district level from the address. In this study
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we propose a deep learning-based administrative district level classification model suitable for this case, and verify
the actual address data of overseas food companies. Specifically, a method of training using a label powerset in a
multi-label classification model is used. To verify the proposed method, the accuracy was verified for the addresses
of overseas manufacturing companies in Ecuador and Vietnam registered with the Ministry of Food and Drug Safety,
and the accuracy was improved by 28.1% and 13%, respectively, compared to the existing classification model.

B Keyword : Multi-label Classification, Text Classification, Deep Learning, RNN, LSTM
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