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ABSTRACT

Most companies study why employees resign their jobs to prevent the outflow of excellent human resources. To
obtain the data needed for the study, employees are interviewed or surveyed before resignation. However, it is difficult
to get accurate results because employees do not want to express their opinions that may be disadvantageous to
working in a survey. Meanwhile, according to the data released by the Korea Labor Institute, the greater the difference
between the minimum level of education required by companies and the level of employees' academic background, the
greater the tendency to resign jobs. Therefore, based on these data, in this study, we would like to predict whether
employees will leave the company based on data such as major, education level and company type. We generate four
kinds of resignation prediction models using Decision Tree, XGBoost, kNN and SVM, and compared their respective
performance. As a result, we could identify various factors that were not covered in previous study. It is expected that
the resignation prediction model help companies recognize employees who intend to leave the company in advance.
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