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HE obfEe 4 Bl 9 o9 E= Al 7JE JEGY 2Mg Et 85 o %
9 vELS 7wk 2dlof wlsf of 20% & @ K|Z EHE OF
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%, AR % T O AS 2ddAME HT Al 7|9 AR E4E 285t
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AZ HuF AR oS Adeo] BHuHA FF A AFE dSse Hldd 7Nk 2
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1, AAEZ(decision tree) 7]8F HAHY L1
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(Feighelstein et al., 2025; Tan et al., 2025). T3},
oj9} e HTLe 7] Huyl oz v
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gu AL A4S TR 1143
Wi 9aEg Aol YR EAs
S BAE AR 5 EE
phencnypo$ TR 5, olE 2AY e
Wi Ay AR £TEE GRE
(Riskin et al, 2023). O Yol7} gxle E=
T S 53 AlZE Q1A 3YE X] B(cognitive
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(transcranial magnetic stimulation)®]1} A5 ==}
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@ TN A AN As 13 o

AAe) 217 AEE BAd BUHPG
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A e 0] 2 (brain-machine interface) S

3} THSun et al,
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W FEE BT =S
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Chronic pain is a complex disorder characterized by multidimensional and heterogeneous pathophysiological
mechanisms. Its diagnosis and management remain challenging due to the absence of objective biomarkers
and standardized treatment strategies. Recently, artificial intelligence (Al), particularly machine learning and
deep learning, has emerged as a powerful tool for identifying latent patterns in high-dimensional
neuroimaging and clinical data. This paper reviews how Al-based approaches are being integrated into
chronic pain research and clinical pain management. Specifically, it discusses Al-driven studies elucidating
the neural mechanisms of pain and discovering novel biomarkers, as well as approaches utilizing Al for
pain prediction and personalized treatment design. Furthermore, current limitations and future directions of
Al applications in this field are discussed. Overall, Al serves as a crucial bridge linking basic pain research
and clinical practice, offering a pathway toward precise, patient-centered pain management. Its systematic

implementation is expected to provide a transformative paradigm in understanding and treating chronic

pain.
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