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Identification of Adolescent School Disengagement Risk and Analysis of Key Predictive
Factors Based on Explainable Machine Learning
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Abstract: School disengagement is associated with adolescents' learning, development, and well-being and may reflect
interacting individual, family, and school factors. Using PISA 2022 data, this study constructed 13 predictors across
school environment, family background, and individual characteristics. Decision tree, logistic regression, K-nearest
neighbors, support vector machine, and CatBoost classifiers were compared, and SHAP was used to interpret CatBoost
predictions. All models achieved AUC values above 0.90, while KNN showed the best AUC and Fl-score. SHAP
identified grade retention, perseverance, collaboration, perspective taking, and parental emotional support as influential
predictive features. The findings support a multidimensional, data-driven approach to early risk identification and
targeted student support.
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