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Construction of a prediction model for eating disorders using digital
biomarkers on smartphones and evaluation of classification accuracy
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Abstract: Conventional diagnostic methods for eating disorders rely on self-reports and clinical observa-
tions, making them susceptible to subjective factors such as recall bias and underreporting. Therefore, it
is an important task to establish predictive methods for early detection by extracting behavioral signatures
characteristic of eating disorders from behavioral patterns in daily life. This study aims to construct and
evaluate a machine learning model that uses smartphone sensor data to identify the presence or absence of
eating disorders. Specifically, we will construct classification models using XGBoost, SVM, logistic regression,
and random forest methods, based on data such as acceleration, location information, and app usage history
collected from eating disorder groups and healthy control groups, and compare their classification accuracy.
In the future, based on the findings and models obtained in this study, we aim to develop a smartphone ap-
plication with predictive functionality that can detect signs of eating disorders through daily use and notify
users of them.
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