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Parkinson’s disease MRI data classification based on
spatial-frequency fusion and graph neural network

Hu Guoqing, Shi Zhenquan', Huang Jiashuang, Ding Weiping
(School of Artificial Intelligence and Computer Science , Nantong University, Nantong, 226019, China)
Abstract: Parkinson's disease (PD) is a common neurodegenerative disorder, and early diagnosis is crucial for slowing disease
progression. Magnetic resonance imaging (MRI) has been widely used in the diagnosis of PD due to its non-invasive nature
and high -resolution capabilities. However, existing methods often rely on information from a single domain, resulting in
insufficient information modeling. Furthermore, the pathological changes in PD are not isolated, existing approaches
frequently fail to account for regional correlations between image patches, thereby neglecting the functional interactions
among brain regions. To address these limitations, we propose a two-branch deep learning framework that integrates spatial
and frequency-domain information. The spatial branch employs a Vision Transformer to capture global spatial relationships in
MRI images, while the frequency branch utilizes GFNet (Global Filter Network) to extract frequency-domain features. An
adjacency matrix is constructed using Gaussian-weighted Euclidean distance, and a graph convolutional network (GCN) is
introduced to model the topological relationships between image patches. During model training, axial 2D slices are selected
and fine-tuned using pre-trained weights from ImageNet through transfer learning. A majority voting strategy is then applied

to aggregate predictions from multiple slices of a single subject to produce a subject-level classification result. The proposed
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method was evaluated on a PD dataset comprising both patients and healthy controls. Experimental results demonstrate that

our approach outperforms several state-of-the-art methods in terms of key metrics including accuracy, specificity, and F1-

score, thereby confirming its potential for effective clinical application.
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Fig. 1 [Illustration of the proposed PDFormer framework
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MRI scan of the same patient before (a) and
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Fig.3 Classification performance of different methods on PD dataset
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Table 3 Classification performance of different methods on PD dataset
Iy ik ACC SEN SPE Fl-score

DenseNet (2D) 0.648+0.111 0.660+0. 357 0.609=+0. 384 0.600+0. 225
MobileNetV2 (2D) 0.7114+0.067 0.737+0. 166 0.670+0. 240 0.718+0.076
ResNet (2D) 0.747-0.095 0.713+0.213 0.763+0. 257 0.728+0.137
ResNet (3D) 0.656+0.066 0.674+0.097 0.670+0. 115 0.641+0.133
SFCN (3D) 0.627=+0.110 0.683+0. 149 0.670+0. 184 0.587+0. 206
PDFormer (Ours) 0.766X0. 042 0.743£0. 145 0.786£0. 160 0.762£0. 057

F4 PDEBEFENMEMIWNER
Table 4 Ablation studies on Fold-4 of the PD dataset

Tiik ACC SEN SPE
w/0 majority voting 0. 800 0.933 0.576 0.792

Fl-score

w/0 GCN Fusion 0.767 0.867 0.667 0.788
ViT only 0.780 0. 850 0. 700 0. 800
GFNet only 0.733 0.533 0.933 0.667
PDFormer (Ours) 0. 833 0.733 0.933 0. 815
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Fig.4 Model performance of different slice spans
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