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Abstract

With the development of the big data environment, public institutions also have been providing big data infrastructures.
Public data is one of the typical examples, and numerous applications using public data have been provided. One of
the cases is related to the employment insurance. All employers have to make contracts for the employment insurance
for all employees to protect the rights. However, there are abundant cases where employers avoid to buy insurances.
To overcome these challenges, a data-driven approach is needed; however, there are lacks of methodologies to integrate,
manage, and analyze the public data. In this paper, we propose a methodology to build a predictive model for identifying
whether employers have made the contracts of employment insurance based on public data. The methodology includes
collection, integration, pre-processing, analysis of data and generating prediction models based on process mining and
data mining techniques. Also, we verify the methodology with case studies.
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