SHAFIILE A HEHE| =27
Journal of The Korea Society of Computer and Information

J KS I Vol. 29 No. 10, pp. 113-120, October 2024
C https://doi.org/10.9708/jksci.2024.29.10.113

Exploring Predictive Models for Student Success in National Physical
Therapy Examination: Machine Learning Approach

Bokyung Kim*, Yeonseop Lee**, Jang-hoon Shin*** Yusung Jang**** Wansuk Choi#****

*Professor, Dept. of Physical Therapy, Changshin University, Changwon, Korea
**Professor, Dept. of Physical Therapy, Daewon University, Jecheon, Korea
++*Research Professor, Industry-Academy Cooperation Foundation, Sahmyook University, Seoul, Korea
=xkxAdjunct Professor, Dept. of Physical Therapy, Gangdong University, Eumseong, Korea
=xxxxProfessor, Dept. of Physical Therapy, Kyungwoon University, Gumi, Korea

[Abstract]

This study aims to assess the effectiveness of machine learning models in predicting the pass rates of
physical therapy students in national exams. Traditional grade prediction methods primarily rely on past
academic performance or demographic data. However, this study employed machine learning and deep
learning techniques to analyze mock test scores with the goal of improving prediction accuracy. Data from
1,242 students across five Korean universities were collected and preprocessed, followed by analysis using
various models. Models, including those generated and fine-tuned with the assistance of ChatGPT-4, were
applied to the dataset. The results showed that H2OAutoML (GBM2) performed the best with an accuracy
of 98.4%, while TabNet, LightGBM, and RandomForest also demonstrated high performance. This study
demonstrates the exceptional effectiveness of H2OAutoML (GBM2) in predicting national exam pass rates

and suggests that these Al-assisted models can significantly contribute to medical education and policy.

» Key words: Machine Learning, Predictive Analysis, H20AutoML(GBM2), Deep Learning,
Educational Policy, ChatGPT
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I. Introduction
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II. Methods
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1. Data Collection
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Collecting Data
Student's test data Pre-processing

Prediction Test set

Fig. 1.The Workflow of the Prediction Model
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4. Model Development
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III. Results

1. Performance Evaluation of Models
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2. Comparison of Model’'s Performance
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Table 3. Performance comparison of deep learning
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LightGBM 0.982 0.957 0.969 0.211
CatBoost 0.943 1.0 0.970 0.526
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V. Conclusions
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