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Progress in the application of machine learning combined with electroencephalography
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[Abstract] Depression is a common emotional disorder that significantly affects people’s quality of life.
However,due to the unclear underlying neural mechanisms and pathological principles of depression,its clini-
cal diagnosis becomes extremely difficult. Currently, the diagnosis of depression relies on clinical interviews
and scale screening, with a high rate of misdiagnosis and missed diagnosis,and lack of objective and reliable di-
agnostic methods. With the vigorous development of artificial intelligence, machine learning combined with e-
lectroencephalography can to some extent improve the accuracy and objectivity of depression diagnosis, mak-
ing automated depression detection possible. This article briefly introduces the process of depression recogni-
tion based on electroencephalogram signals,summarizes and analyzes the electroencephalogram characteristics
of depression and the current status of machine learning algorithm recognition,and points out the current re-
search deficiencies and prospects,with a view to providing some reference and ideas for the research of auto-
matic depression recognition in China.
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