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Advances in machine learning for the diagnosis of Pakinson's disease
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Abstract: Parkinson's disease (PD) is the second most common neurodegenerative disease after Alzheimer's disease, and the
early diagnosis and intervention are crucial for patients. The review focuses on machine learning for intelligent diagnosis of
PD. The common machine learning algorithms in PD diagnosis, specifically convolutional neural networks and long short-
term memory networks, are introduced, and their applications in medical image analysis and motor behavior analysis are
discussed in details. By comparing relevant domestic and international researches, the advantages and disadvantages of using
different imaging and kinematic data for PD diagnosis are analyzed. Finally, the review summarizes and presents a prospect
for the application of machine learning in PD diagnosis.
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Figure 1 Schematic diagram of convolutional neural network
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Figure 2 Schematic diagram of recurrent neural network

Wk w UL o TE WA 4 AR A R AR R R X
(Parkinson's Progression Markers Initiative, PPMI) 1
PRt TR 2 PD AH G AR 2= 508 | A4 25 A0 1 i
%14 (structural Magnetic Resonance Imaging, sMRI)
H i B A Dy fig # 2 PR W 8 (resting-state cerebral
functional Magnetic Resonance Imaging, rs-fMRI) , DA

Ko 5% K & % 1% (Diffusion Tensor Imaging, DTI) Fl1
ST R SR LIKTZ B4 (Single-Photon Emission
Computed Tomography, SPECT) 41 ##i £t #li . SPECT
A% 2 T 3 T s B R R 22 L T 8 B RO 5 ok
218 PD, PR A 28 4 D B RE A2 Wi A i A\ ks
T i AR RE AR AT e AR B



- 642 -

[ B2 A

i

415

PRV . — S S

W,
= = > TR
AT
— — > Gh T
— — > HHIE AT B
(| s l_/”_ -

&3 KEHICIZMEERREE

Figure 3 Schematic diagram of long short—term memory network
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