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EEG Detection Algorithm for Alzheimer’s Disease Combining TCN and
Self—Attention
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Abstract: To address the lack of effective modeling in Electroencephalography (EEG) for the detection of Alzheimer’s disease (AD) and
Frontotemporal Dementia (FTD) , we propose an automatic EEG detection algorithm (ETConformer) that combines an improved Temporal
Convolutional Network (TCN) and a self-attention mechanism. The algorithm captures complex nonlinear relationships and local features in
the data through a hierarchical downsampling—convolution—interaction architecture, with independent block encoding in both temporal and
spatial dimensions. Group convolutions with two inverted bottlenecks are utilized to establish cross—temporal and spatial dependencies. The en-
coded signals are then fed into a self—attention module with positional embedding to fully model long-range global dependencies within the sig-
nal. Ensemble decision—making across multiple segments of the same subject is employed to ensure classification consistency. Cross—subject
experimental results on the OpenNeuro dataset demonstrate that the proposed method achieves accuracies of 91.57% and 89.34% in distin-
guishing AD and FTD from normal controls (NC), respectively, effectively improving detection performance for both AD and FTD.
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Fig. 1 Data augmentation and enhancement process
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Fig. 4 Accuracy and loss values on the AD-NC dataset
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Fig. 5 Accuracy and loss values on the FTD-NC dataset
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Table 3 Ablation study results on the AD-NC dataset
#3 AD-NCHIESENMIRER

- RS
H5ETY s ™
TR EIEES TS
C+AT+MST 0.903 5 0.9228 0.8880
CI+MST 0.904 6 0.9308 0.883 6
CI+AT 0.8972 0.9225 0.876 9
CI+AT+MST 09157 0.9363 0.899 1

Table 4 Ablation study results on the FTD-NC dataset
F4 FID-NCHEEHMIBER

" W TEDR
[l o - ™
NiRES EEES e
C+AT+MST 0.8749 0.900 4 0.842 8
CI+MST 0.876 5 0.897 7 0.8497
CI+AT 0.866 7 0.886 6 0.843 3
CI+AT+MST 0.893 4 09142 0.867 1
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Table 5 Model comparison experimental results for the AD-NC task
®5 AD-NCESHERIILLIIMER

o W RS
R AR HESHIE
EEGNet 0.8189 0.8856 0.729 3
DeepConvNet 0.829 5 0.853 5 0.8102
EEG-ConvTransformer 0.8817 0.8877 0.876 9
DICE-Net 0.866 5 0.881 1 0.8547
EEG Conformer 0.8856 0.9103 0.860 3
AICT5 0.9157 0.936 3 0.899 1
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Table 6 Comparison of accuracy rates among different detection

methods
F6 TEAFERNEREBHERILE (%)
ik Bl AD-NC FTD-NC

Miltiadous' ! CNN+ Transformer 84.97 74.96
Chen''® CNN+ VIT 88.19 83.41
Parihar'?”! Random Forest 88.90 84.10
Tzimourta' "’ Random Forest - 86.3
A TCN+Transformer 91.56 89.34
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Fig. 7 Electrode channel visualization results
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