694 Chin J Nerv Ment Dis ~ Vol.50, No.11 Nov. 2024

o//%i?Ec

N A BEBARAEIIARAE I AR5 BE AP (A5 0E

(FEE] SIS S LA 35 T R A 0 I JaR O 352 IRV R B B AE A — 250 , 2 R AL 23 SR DU A £ 4H .
15 AT ARSE A BT G2 W S S W KR T S 5 TR 22 TR AR AR o AR, N TR RER R T IR A
3 1 IARAE (1 RI2 A RV B D O ERRE A2 R SRS TR N R B R . N TR RE R RS A R
A PR AR TT B R AMARAE IS T IE B3R, BTG58 A% MR A ipn o B I T3 RE R AR X ARAE ASUARA
IS %4 590 LA (i, N T2 RE B ARG AT B T I EIRE A9 254 OB A BIARTT | LA R (g A SR R 0 . AR SC B A
S N U5 RE A B g b 7 FH 0 AT 1 AR B A ) S B R

(kW] ATHRE WAE #Hlassa) BH W iv7 o

[hE52S] R749.9 [ cEttRIRAG] A

Research progress of artificial intelligence technology in clinical management of depression. LI Li, LI Zhe.
Mental health center, West China Hospital, Sichuan University, Chengdu 610041, China. Tel: 028-85422633.
[Abstract]

depression, which imposes a heavy burden on families and society. However, the early identification, diagnosis, differential

Depression is a group of diseases characterized by significant and persistent emotional or mental

diagnosis, and treatment of depression are often hindered by the lack of objective indicators. In recent years, artificial
intelligence (AI) technology has gradually been applied in the clinical diagnosis, treatment, and management of depression,
providing a more objective and efficient method for the diagnosis and treatment of depression. The integration of Al
technology with rating scales and physiological indicators can enhance the diagnostic accuracy of depression. Al
technology, based on neuroimaging, peripheral biomarkers, and multimodal approaches, holds value in distinguishing
depression from bipolar depression. Additionally, Al technology can be applied to pharmacological, psychological, and
physical treatments for depression, as well as to health management and early prediction. This article aims to provide new
insights and evidence for the better application of Al technology in the clinical management of depression.
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