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Review on machine learning methods in predicting the risk of depression
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Abstract: The articles on machine learning methods for predicting the risk of depression between 2019 and 2023 are retrieved
from 6 databases (VIP, WANFANG, CNKI, Embase, PubMed and Web of Science). The review systematically summarized

the algorithm characteristics, research fields, model performance, and current problems and challenges. A total of 92 articles

are includes. The analysis results show that the machine learning models for predicting the risk of depression perform well,
with the AUC values of the best prediction models ranging from 0.603 0 to 0.997 6. In the future, there should be a

construction of multicenter prospective dynamic prediction models that use a multi-modal fusion approach to provide a more

reliable basis for the clinical diagnosis of depression.
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