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[ Abstract]  Objective To explore the effectiveness of using deep learning network combined Vision
Transformer (ViT) and Transformer to identify patients with depressive disorder on the basis of their sleep
electroencephalogram (EEG) signals. Methods The sleep EEG signals of 28 patients with depressive disorder and 37
normal controls were preprocessed. Then, the signals were converted into image format and the feature information on
frequency domain and spatial domain was retained. After that, the images were transmitted to the ViT-Transformer
coding network for deep learning of the EEG signal characteristics of the rapid eye movement (REM) sleep and non-rapid
eye movement (NREM) sleep in patients with depressive disorder and those in normal controls, respectively, and to
identify patients with depressive disorder. Results Based on the ViT-Transformer network, after examining different
EEG frequencies, we found that the combination of delta, theta, and beta waves produced better results in identifying
depressive disorder. Among the different EEG frequencies, EEG signal features of delta-theta-beta combination waves in
REM sleep achieved 92.8% accuracy and 93.8% precision for identifying depression, with the recall rate of patients with
depression being 84.7%, and the F,; value being 0.917+0.074. When using the delta-theta-beta combination EEG signal
features in NREM sleep to identify depressive disorder, the accuracy was 91.7%, the precision was 90.8%, the recall rate
was 85.2%, and the F,; value was 0.914+0.062. In addition, through visualization of the sleep EEG of different sleep stages
for the whole night, it was found that classification errors usually occurred during transition to a different sleep stage.
Conclusion Using the deep learning ViT-Transformer network, we found that the EEG signal features in REM sleep
based on delta-theta-beta combination waves showed better effect in identifying depressive disorder.

[Key words] Depressive disorder Sleep electroencephalogram Deep learning Rapid eye

movement sleep Non-rapid eye movement sleep
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Fig 1 Flowchart for the preprocessing and conversion of sleep EEG signals into images

A: raw data; B: frequency and location information; C: grayscale images; D: RGB image.
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Fig 2 ViT-Transformer model used for identifying depressive disorder
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Accuracy = TP+TN (1)
Uy = TP+ TN+ FP+FN
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P 1 i = 2
recision TP EP ©)
TP
Recall = —— (3)
TP +FN
F,=(1+8)x Precision x Recall @

(B* X Precision + Recall)

2 48

2.1 HPBRIE B AR IE % % BR 48 REAR HA A0 “F M4l
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Table1 Average epochs of each sleep period in the depression group

and the normal control group

Group n w N1 N2 N3 REM
Depression 28 252 58 540 60 89
Control 37 169 105 390 158 123

W: wake stage; N1: non-rapid eye movement sleep stage 1; N2: non-rapid
eye movement sleep stage 2; N3: non-rapid eye movement sleep stage 3;
REM: rapid eye movement sleep.
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Fig 3 Accuracy, precision, recall, and weighted F-score of using EEG in

NREM sleep to identify patients with depressive disorder
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Fig 4 Accuracy, precision, recall and weighted F-score of EEG in REM

sleep in identifying patients with depressive disorder
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Fig 5 Clinical verification of using sleep EEG to identify patients with
depressive disorder
A: sleep histogram of a 32-year-old female patient with depression; B: sleep

histogram of a 29-year-old male patient with depression.
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