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Implementing of a Machine Learning-based College Dropout Prediction Model
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Abstract This study aims to evaluate the feasibility of an early warning system for college dropout by machine learning the main
patterns that affect college student dropout and to suggest ways to implement a system that can actively prevent it. For this purpose,
a performance comparison experiment was conducted using five types of machine learning-based algorithms using data from the
Korean Educational Longitudinal Study, 2005, conducted by the Korea Educational Development Institute. As a result of the
experiment, the identification accuracy rate of students with the intention to drop out was up to 94.0% when using Random Forest,
and the recall rate of students with the intention of dropping out was up to 77.0% when using Logistic Regression. It was measured.
Lastly, based on the highest prediction model, we will provide counseling and management to students who are likely to drop out,
and in particular, we will apply factors showing high importance by characteristic to the counseling method model. This study seeks
to implement a model using IT technology to solve the career problems faced by college students, as dropout causes great costs to

universities and individuals.
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