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[Abstract] Artificial intelligence has been tried in various fields of clinical medicine. As one of the most common mental
illnesses, depressive disorder has recently become a research hotspot. This article reviewed the application of artificial intel-
ligence—related technologies in depressive disorder, including methods for identifying and assisting diagnosis based on arti-
ficial intelligence—related acoustic features, electroencephalography (EEG) and physiological and biochemical information,

and brain imaging analysis, as well as its application in early identification and intervention. Finally, the advantages, disad-

vantages and prospects of application of artificial intelligence in depressive disorder were discussed.
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