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This study proposes a machine learning algorithm-based models for predicting adolescent suicidal ideation, which
can be used for detecting youth at risk of suicide and facilitating proper support to prevent significant societal
problem of adolescent suicide. We used Korea Youth Risk Behavior Web-based Survey (KYRBS) dataset and
analyzed various variables including behavior patterns, emotional state, family, and social support system of
adolescents. This study applied Logistic Regression and Random Forest algorithms and achieved the estimation of
generalization performance of our proposed models by using 5-fold cross-validation. Furthermore, we improved
performance by utilizing Synthetic Minority Over-sampling Technique (SMOTE), which is one of the over-sampling
techniques to solve imbalanced data problems.
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