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A Review of Alzheimer’s Disease Recognition Algorithms Based on EEG Signals
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Abstract: With the continuous development of artificial intelligence, the application of deep learning in Alzheimer's disease recognition is
very extensive. Electroencephalography (EEG), as a non—invasive means of detecting brain nerve potentials, can reflect brain neural function-
al activity and provide convenience for better assisting in the diagnosis of Alzheimer’s disease research. Firstly, we reviewed the EEG data-
base, feature extraction, and deep learning classification models, and summarized the Alzheimer's disease algorithms based on EEG in recent
years; Secondly, by comparing different models, the research status and problems of using neural network recognition algorithms to assist in
the diagnosis of Alzheimer’s disease were discussed; Finally, looking forward to its future research directions, in order to improve the accura-
cy of early diagnosis of Alzheimer's disease.
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Fig. 1 Overall flow of EEG-assisted diagnosis of Alzheimer’s disease
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Table1 Commonly used EEG databases for Alzheimer’s disease
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Table 3 Time domain characteristics
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Table 4 Frequency domain characteristics
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Table 5 Research results of CNN in Alzheimer’s disease classification
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Table 6 Research results of RNN in Alzheimer’s disease classification
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Table 7 Research results of GNN in Alzheimer’s disease classification
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Table 8 Comparison of advantages and disadvantages of neural network models
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