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Abstract

Parkinson’s Disease (PD) is a neurodegenerative disorder. When clinical features become evident,
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over 60% of the substantia nigra neurons have undergone irreversible degeneration. Early diagnosis
of the disease is particularly crucial; however, challenges such as low specificity and inconspicuous
features exist in the early detection of the disease. Therefore, this study proposes a deep learn-
ing-based Parkinson’s disease auxiliary diagnostic system. Firstly, image segmentation and genera-
tive adversarial networks are employed to segment and augment original images. Subsequently, mul-
ti-scale convolution and attention mechanisms are introduced to enhance the MobileNetV2 network
for multi-stage diagnosis tasks involving PD, normal groups, and indistinct precursor features. The
diagnostic accuracy achieved 92.4%, precision reached 91.7%, and recall reached 92.4%. The model
outperforms other classical network models and focuses more on the pathological features of Par-
kinson’s disease, demonstrating more accurate and reliable clinical diagnostic efficacy.
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Figure 1. Flowchart of the deep learning framework for Parkinson’s disease state classification

1. BTRERERIRS T LOREF JERRIZE

2.1 BIRE. TALIE K SCIEIAEE

W7 BRI A 250 3t e bR 41181 PPMI (http://www.ppmi-info.org/data). Fif /KR 7 5 2R 9 22 1%
%71 %I ADNI (http://www.loni.ucla.edu/ADNI) 4 3K L, B B Y a2 sl B AT 345 . a0k 1 FfoR,
el PE R LGSR T 1133 4328, AdEkE PPMI $3lE FE11 266 4% PD, 569 44 Rikik, 48 4 1E% 5%
R, SKRHE ADNI [ 250 44 IEH 323 # 1) T2 AU MRI B

I XSO AT ST 5 A B X, ] 2 R, ST =4SN AL Sl )R EURE T R IZ
X3k, ok HE Y)E R AT R AR . BTSN B LE R 10% I 255> #I4E S, LA
7:3 BILLI o A VI GREE AR IESE , 5 B 10% M B AR N AMEINEE . 7 R AE 55, RATE i #1. HoE
P2 SEEMBHRE DL 7:2:1 BRI 24 . BRIESE. 4.

DOI: 10.12677/mos.2024.133301 3308 e RSE TR


https://doi.org/10.12677/mos.2024.133301
http://www.ppmi-info.org/data
http://www.loni.ucla.edu/ADNI

PRER <5
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AFE 248 Ubuntul4.04, Python fRASHK 3.6.7, JAJE2:SIHESE K fiiA A Pytorchl.7.0,

Table 1. Clinical information of participants

# 1 ZHEFIRKER

F1 4 A% IEH A IELSZS
e 268 48 + 250 569
FEROUME + IFHEE) 63.11 + 9.67 67.98 + 10.76 64.81 +7.15
PEAI(F3 %) 170/98 131/167 303/266

(a) ’ (b) ©
Figure 2. Tri-view MRI imaging of midbrain area. (a) Axial section scan; (b) Sagittal section scan; (c) Coronal section scan
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Figure 3. Network architecture diagram of the UNet
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Table 2. Training parameters for segmentation task
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Figure 5. GAN network discriminator
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Table 3. Training parameters for generative adversarial network
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Figure 6. Schematic diagram of depthwise separable convolution Bottleneck and Inception structure
& 6. SREE A4y B 471 Bottleneck. Inception G4aR=El

1280,
11, &
m@—> BRE ﬁ@ i e T 7 P { zREse |—

1-1 7-1

% | s sz ——— % iz
! 8-1 —H@E#ﬁli 9-1 Tl

EESIHLH ERHLH

2 —> @
i 1X1X3

Figure 7. Overall structure diagram of the classification network
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Figure 8.Conceptual diagram of the SA attention module
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Table 4. Training parameters for the classification network
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BE 2Rt AR AR AL W 10, IR R R R R AT A E

2xTP

DSC = 17)
FN+TP+TP+FP
MIOU=—1° (18)
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Figure 9. Performance of UNet in image segmentation
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Figure 10. Changes in MIOU and loss during segmentation network training

& 10. S EIMLEIZRETE MIOU & LOSS &k

Table 5. Segmentation performance averaged over five-fold cross-validation

F 5. RN XIIEREN S EIMERE

FH L AR
A 0.96 + 0.01 0.96 +0.02
B RS
UNet 0.96 +0.02 0.94 +0.01
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Figure 11. Losses during the training process of three subtasks in DCGAN
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G MR R T R AT AR ORE AR VI8 L, FRATTR 06 A5 M Ll (Peak Signal-to-Noise Ratio, PSNR)
L5 AR (Structural Similarity, SSIM) PN PEAHE bR o

MAX?
PSNR =10-log VISE (19)
SSIM(x,y)=[1(xy)-c(xy)-s(xy)] (20)

Hoerh MAX B mUBE A B KB, MSE JREAR B 5 AR E EUR I TR 22, 1(x,y) s (X y) ~ s(x,Y)
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Figure 12. Qualitative evaluation of image quality improvement during training process
B 12, EMTEENIZGIIRE R RERA

Table 6. Evaluation metrics for image quality

3 6. ERREFMNIER

ARIEiEL A Fy 4 A% IEHH IEISES 1
WA {5 5% LE (dB) 28.586 29.124 29.598 29.103
S5 F R AL 0.842 0.813 0.853 0.836
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XHURITTE MR B A R R R, BARTEREAR T LA 14, 18] 14(b)hic 3 TR A5 10 IR IERENR 4SS
RBEFTE )R HEZE R ZER) . M FEEE . B AR A5 =G, W RIERERE T /Mg
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Figure 13. Model attention region improvement resulting from image segmentation
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Figure 14. Improvement in Classification Performance due to Data Augmentation. (a) Number of Samples for Original Im-
ages, Data Balancing, and Data Augmentation. (b) Corresponding Classification Results
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Figure 15. Influence of segmentation and augmentation on classification task
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Figure 16. Confusion matrix of classification performance of the classification network on external test set
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Table 7. Evaluation metrics for classification performance

T 7. DEMERERNTNIERR

A4 7% EHA AT IR P15
FEHAE 0.8723 0.9392 0.9422 0.9179
e 2 0.9179 0.9329 0.9223 0.9244
F1-score 0.8945 0.9360 0.9321 0.9209
TR 0.9240
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Figure 17. Ablation experiments with the addition of SA module and inception module
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Table 8. Ablation experiments of network improvement modules
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Table 9. Comparison of performance and complexity with different models
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