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LI Xi"? and JIANG Meng" ™
(1. Language Brain Science Research Center, Sichuan International Studies University, Chongqing 400031, China;
2. College of Foreign Languages, Chengdu Normal University, Chengdu 611130, China;
3. School of Language Intelligence, Sichuan International Studies University, Chongqing 400031, China)

Abstract Machine learning is one of the research hotspots and focuses of medical artificial intelligence. For
the early diagnosis of neurodegenerative Parkinson’s Disease (PD), the existing clinical rating scales have certain
subjectivity and limitations. This paper reports the research progress of machine learning in the diagnosis of PD
based on behavioral (speech, gait, and writing), electrophysiology (Electroencephalogram, EEG), radiomics
(magnetic resonance imaging, single-photon emission tomography, and positive photon emission tomography), and
genomics data. The report finds that the application of machine learning is more accurate than the traditional
method in the diagnosis of PD, which provides reference for the research and application of artificial intelligence
intelligent diagnosis in the future.
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N TR REAW FORIT A TAEL I AN
NRERMBER . Tk, SR RS — 1145
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BRJEIBAT BARK S S 0%, SRV R AR,

LLPD AT LR, BeaMaBg. Bk
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Rt 89% (1) PD 535 7 S5 HA 18] 2t B0 Uk 1 Al
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RIRENE % R%, ETHEZEFNEIRSE,
XPPULHEAT T AT A, DM BRIk, 2
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Fride

i b, AR FREE R RGP AN L

BEMEMLER A Z IR 2GR TR, HE LA, 45

I
JAid, 4 PD 24t 7R B ATE iR AR

4 NEFIATRRAFREORS
AR

TEAEMEE AT, PD R JE R 4 5 A2 12 Wy pf
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