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Classification of Alzheimer’s disease based on multimodal brain images
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Abstract: Alzheimer’s disease (AD) is a neurodegenerative disease that is a significant contributor to dementia.
Accurate diagnosis of Alzheimer's disease (AD) is of great significance. The integration of multimodal data from
Fluorodeoxyglucose positron emission tomography (FDG-PET) and structural magnetic resonance imaging (sMRID) of
the brain provides a comprehensive information of lesions from multiple perspectives and enhancing diagnostic
accuracy. However, the image data is highly redundant, and the features of the various modes are also significantly
disparate. Traditional convolutional neural networks and simple feature concatenation methods are unable to effectively
utilize the complementary information of multi-modal data, consequently, this limits the diagnostic performance of
AD. To solve this problem, we propose a multimodal image AD classification network combining sMRI and FDG-
PET. The network incorporates coordinate attention mechanisms and spatial-channel reconstruction convolution to
capture specific regions in images and limit redundant information. A parallel interaction network is also designed.
which not only enhances each modality’s own [eatures, but also adaptively adjusts itsell according to the features of
other modalities, thus realizing effective interaction between modalities. The classification performance of the proposed
network is evaluated on the ADNI dataset, and the accuracy. sensitivity, and specificity reach 93.66% .91. 67 % and
95.41% , respectively, the experimental results show that the proposed network in this paper has a superior
performance compared to the existing AD classification networks.
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Fig. 1 Overall network framework diagram
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Fig. 2 Feature extraction subnetwork based on 3D CNN architecture
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Fig. 4 Spatial and channel reconstruction convolution
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Fig. 5 Parallel interactive network
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Fig. 7 Comparison results of multi-modal data and

single-modal data classification
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Table 3 Results of ablation experiments for the feature

extraction sub-network %
AD/CN
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— — N 90. 24 86. 46 93. 58
N — N 91.71 90. 62 92. 66
N J N 93. 66 91. 67 95.41
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Table 4 Comparative experimental results of different

feature fusion methods %
AD/CN
FRIERLA ik
T ACC SEN SPE
Concat 90.73 89. 58 91.74
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