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Abstract

urpose: Predicting students' academic status—including graduation, dropout, or retention—is an important issue in
P Predicting students' acad tatu lud duation, d t tenti tant
higher education management. This study aimed to evaluate the effectiveness of machine learning algorithms in
predicting students' academic status.

Methodology: In this study, a dataset of 4424 samples and 35 individual, educational and socio-economic characteristics
was used. Different machine learning algorithms including decision tree, random forest, support vector machine,
XGBoost, LightGBM and CatBoost were implemented and compared. Data preprocessing was performed by scaling
numerical features and balancing classes using SMOTE method. Cross-validation and Accuracy, Fl-score and AUC
metrics were used to evaluate performance.

Findings: The results showed that Boosting-based models, especially CatBoost and LightGBM, performed best in
predicting educational status and were more accurate and stable than other algorithms. These algorithms were able to
identify more complex patterns in the data and provide reliable performance.

Originality/Value: The findings indicate the high capacity of machine learning methods in analyzing educational data
and supporting decision-making in higher education management. The use of advanced models such as CatBoost and
LightGBM can be an effective tool for identifying students at risk of dropping out and improving educational planning.
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Figure 1- The distribution of classes in the dataset before preprocessing
indicates that the classes are unbalanced.
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Table 1- Basic information of students.
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