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Abstract

This study expanded the model developed in previous research to predict business crisis universities using machine
learning and compared the performance of the prediction model using other machine learning algorithms with the
performance of the prediction model through threshold adjustment. This study utilized Random Forest, XGBoost, and
LightGBM machine learning algorithms. Specifically, ROC-AUC and PR-AUC values were used to check the
performance of the prediction model for each machine learning model set to the default setting. recall, accuracy, and
fl-score were used to check the optimized performance according to the threshold adjustment of each prediction
model. As a result of the study, LightGBM showed the best performance in predicting business crisis universities in
the case of default values. In addition, the prediction model that showed optimized performance according to
threshold adjustment was LightGBM.
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universities
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Financial Support Restricted University Evaluation,
University Structural Reform Evaluation, and
University Basic Competency Diagnosis

Enrolled student
recruitment rate

Enrolled students within quota/(student quota -
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New student
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student recruitment rate)/2]

Dropout rate

Students who drop out due to reasons/Enrolled
student

Employment rate

Employed person/(Graduate-Advanced
student-Enlisted person-Unable to get a
job-Foreign student-Recognized as excluded)

Research
expenses per
faculty member

log(Research funds/number of full-time faculty)
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Education cost
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Basic asset
security rate for
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Amount of basic assets held for profit/standard
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School operating
expenses burden

School operating expenses burden/profit
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Scholarship
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the location of the university

Number of
business crisis| 43 | 42 | 35 | 53 | 27 | 12
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Table 2. Prediction model performance evaluation results
by research model summary

ROC-AUC 0.867 0.854 0.902
PR-AUC 0.666 0.634 0.700
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