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Depression recognition based on frequency-space domain fusion and 3D-CNN-Attention
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Abstract: A three-dimensional feature construction method based on spectral information is presented, in which the power
values of each channel are arranged into two-dimensional feature vectors based on electrode positions. The different
frequency band features are arranged into a three-dimensional integral feature tensor to extract the information in frequency
domain. Meanwhile, in order to reduce the influence of volume conductor effect, functional connectivity is utilized to map
the temporal electroencephalogram data to the spatial brain functional network for extracting the spatial information. By
analyzing the relationship between features and target classes, a 3D-CNN-Attention network model is proposed to
incorporate an Attention mechanism in 3D-CNN network to enhance the electroencephalogram feature learning capability. A
series of comparative experiments on publicly available datasets show that 3D-CNN-Attention network framework
outperforms other methods in depression detection, obtaining an accuracy rate of up to 96.32%. The proposed method
provides an effective solution for depression detection.
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Figure 1 EEG electrode mapping process
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Figure 2 Frequency spectral construction process
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Figure 3 Construction of BFN adjacency matrix
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Figure 4 Depression recognition model based on 3D-CNN-Attention
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Figure 6 Feature classification results
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Table 2 Analysis of differences in detection performance between 6
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Table 3 Main parameters of 3 detection algorithms
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Figure 8 Ten—fold cross—validation results of different detection algorithms



- 1314 -

N e

415

R4 FERNE LM MERERTEL (v£5, %)
Table 4 Performance comparison among different detection
algorithms (Mean+SD, %)

£zt KNN RF SVM  3D-CNN-Attention
W% 88.4242.26 81.17+1.86 85.89+3.02 96.32+2.31
REE  86.92+2.72 82.81+2.57 87.53+1.76 94.73+2.99
FESE 89.03£3.21 79.9143.14 82.88+3.44 95.36+2.87
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