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Experimental design of depression diagnosis based on PLSTM-AttnNet

Sun Shiging Sun Jiagi Sun Yubing Cai Jing Liu Guangda

(School of Instrument Science and Electrical Engineering, Jilin University, Changchun 130000, China)

Abstract: To improve the accuracy of automatic recognition of depression, a fusion deep residual network is proposed as the encoder,
and an improved long short-term memory network and self attention mechanism are introduced to enhance the network model’ s perception
ability of data temporality, resulting in a well performing PLSTM AttnNet model. Firstly, preprocessing operations such as filtering and
denoising are performed on the EEG signal to extract six typical time-domain data and differential entropy and power spectral density
covering five frequency bands: 8, 6, a, B, and . Input the preprocessed data into the ResNet encoder to extract spatial dimension
information, use the PLSTM module and self attention module to process the output features of the ResNet encoder to capture the
temporal dimension information of the data, and improve the recognition accuracy of depression. A large number of comparative
experiments were conducted on the publicly available EEG dataset, and the quantitative results showed that the proposed PLSTM AttnNet
model achieved a classification accuracy of 97.3%. Compared with the single ResNet model and ResNet PLSTM model, the accuracy
was improved by 10. 1% and 3. 9% respectively, and it was significantly better than the comparative model in evaluation indicators such
as F1 score. The results indicate that the innovative fusion of ResNet and PLSTM Attention effectively enhances the collaborative
representation ability of EEG signal temporal spatial features, solves the problem of one-sided feature capture in traditional models, and
provides a reliable solution for efficient automatic recognition of depression, which has important clinical application value.

Keywords : electroencephalogram ( EEG ) ; depression recognition; deep residual networks ( ResNet); long short-term memory
(LSTM) ; attention mechanism ( AM)
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Table 1 Basic information of subjects
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Fig. 1  Electrode distribution diagram of 128

electrode hydrocel system
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Table 3 Time domain characteristics
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Fig.2 Power spectral density of four channel EEG signals
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Table 4 Characteristic data size
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Fig.3 Internal structure of standard LSTM neural network
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Table 5 Distribution of subjects
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Table 6 Accuracy of different optimizers at different Epochs (%)
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Table 8 Classification accuracy with different inputs
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Table 9 Evaluation index of different mode

R Acc Pre Rec F1

ResNet 0.793 0.756 0. 800 0.778
ResNet+PLSTM 0. 867 0. 870 0. 833 0. 851
ResNet+Attention 0.934 0. 927 0.932 0.929
PLSTM-AttnNet 0.973 0. 982 0. 964 0.971
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Table 10 Comparison results of different methods
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