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[Abstract]

dopaminergic neurons in the substantia nigra of the midbrain. PET/MR is a novel imaging technology that has been developed in recent

Parkinson” s disease is a common neurodegenerative disorder characterized by the degeneration and death of

years to enable the simultaneous acquisition of metabolic and structural images. This technology holds great value in the early detection
of clinical markers for Parkinson’s disease. Artificial intelligence models have been extensively employed in clinical settings to assist
physicians in diagnosis, yielding promising outcomes. In this paper, we aim to review the application of machine learning and PET/MR
in the diagnosis of Parkinson’s disease, focusing on their potential to enhance diagnostic accuracy and facilitate early detection.
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$i% (positron emission tomography/magnetic resonance,
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U 1 RIS SRR PR, B 7 [ I K44 , BRI MDS-
UPDRS 838", {H B AN AR 2 A7 AL BRI o
ALE—ANERARTE, faA T VSR BEAT
PIHEAR, E R A T BT Uk, BL#% 2] (machine
learning, ML) 5& AT [1) 55 22 53 3¢, 38 ik H54f A2 56
THEHL B 35 3R SO e, JEAT PO AN R IR
J5 2% 2] (deep learning, DL) /& ML [ — ™ T 45185, 15
PN 28 00 2% 1) S5 K R Dh g, I 22 R IR P 42
WA 22 5 TR AMUEE ) S AR IR B 2 SR . 1 1 e
N T AL AL — R . H AT, PD 2 W O
T 1l PR = A= PR 22 56 A5 52 AT, B AE PR AR
Fl o AL T P R AR Py b 25 i Hh B BURR Ik A ASE
i SEILPD K H G2 W . X P R TR
5l PD B AE R Cniz 3 Fe i Bl LA e 6 AR 25 A
fED™ . PD [ 32 BOEIR 2 — 2 R R M, A4 i B2
WAF ARG < T8 YR U 5 v P8 20 O RE B 0D A S 5 R
WA FRE T ZIRE S5 s Mm B K S, AL
T PD B SRS KRG %0 X T LA

Select important features that
have a significant impact on
classification in order to
reduce feature dimensions
and computational complexity

A A

Collect subject information, select
the relevant signal information,
and preprocess(e.g.speech,
gait, handwriting, etc.)

Feature
extraction

Feature
selection

Extract representative
features from the raw data
to faciliate model learning

and classification

Classification
model

Selection of classification model,
which can be based on literature
or comparison of multiple
models(common ones include:
support vector machine, naive
Bayes, decision tree; artificial
neural network, etc.)

FE SR A 1) T~ 2P 1 5 280, G0 e ARSI, SR
Max Little 732 B i H ALt S H—EH G
W RS AR S s . A5 SRAERT, AR AR
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PR, R V2 ARE . B OGIESE, A RE L £
HITE B 7 R LRI T 8 — 0 28481 R, X
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Train the model with the training
set to continuously learn the
relationship between features
and labels; test the model with
the test set to evaluate the
performance and generalization
ability of the classifier
A

Optimization

Training and
and application

testing

v v
Based on the evaluation results,
optimize the classifier by adjusting
parameters, changing feature
selection strategies, etc., to improve
the performance of the classifier and
apply it to practical tasks for
automated classification
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Figure 1 The general process of the artificial intelligence classification model
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MRMR) #l B A 7 [7] (sequential forward selection,
SFS) « J& [M] (sequential backward selection, SBS) % #%
7 ) SIEAT Rk 32 45 ; SFS R MRMR 5 #20K Bt
TR B A 201 N8 B 4~15 Ao R 3R DL
Y7 73 2 A% AN T A RFAE B0 T 1] 4% 3% O 1% R B B AF
(75.39%)"" o XTI FIE R T @G B REFHL A A5
A Jds 5 ML 73 07 iR U PD S8 Wi 71, R
KRR KA LI TR — D IRiIE

PD 16 4 I B AT IR T BE B i X 22 4 L P
MR AL e 9 555 /R A R P e o B S5 R PR, T 6 B
WY 22 8 AH IR W L BLAE I PR32 Bl e R B 22
AT Yang FEPHR L 1 —FhFE Tl 22 N 45 ib
FRIRFIRAS 5 R ATRRE Y, 12 A5 R 5 5 32 13 i S
o WSO P I A5 - BAE L B I N B K S 55 B0 T 46
LS 5 R S R B I PR A5 5 Y T B i % 25 £l 72
IR A 5 o FR AR ] 435 U, 447 s P PP R A i B N\ 79 1
GBI, BE A4 R R E, 18 bR AL 2 A2
L AOVE R 015 53, #ETTHE T 2 75 0 PD 84, IR 9F
iti I ) P SRR o BRI M 7 3k T R AE I R
TFRERLFH, (B4 PD & 3 B f2 IR M BE U7 1R 4t 1
FERIF e Wit 13 8 .

ML SE AT DL 2% 5 3l AR 1 1 R a0 A A=
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A A 4 ARAE HOGE 5 T 22 BRI 57 i B2 R 4 B AT 2

NPD=, PET/MR & — Mg B AR 2 Wi st &, 45
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MRI 3 Fft i ¢ B AR B4 SOIR A4 M 2y RE A4 K1
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RULA AR PD AT PSP SB35 (R CHEAT 2 BLIG e
BT R B T AL Z BA% (single photon emission
computerized tomography, SPECT) 1 *F - FDG - PET/



54455 6 1
20246 A

TR, F oo N TS PET/MR EME A 2 Wb iy s A )],
M ERR AR (H AR AR, 2024, 44(6) : 876-881 « 870 ¢

MR %, SPECT BEUE b SUR AR A4b % 0% i 18 A 4%
B, TihA RX 4 — % s PET/MR {4 I PSP i
AN SUPRAA AN B i 1 40 B3 AR U0, PD A H LI IR
%, Al R PSP M PD. Chen 2851} PD F14g ¢
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2R PR IR AE) AL 28 2 ST B AL, N TIWILT2WI .
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45 FN 1% 3 Bk (least absolute shrinkage and selection
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WA TAERHIE I 22 T AP 12 W7 2k Re  BLIX 2 PD
AIMSA. 4RIl , PET Al MR B4 & WA [8] 5 4% 3815
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