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Application of Graph Neural Network Based on Data Augmentation and Model Ensemble in
Depression Recognition

YANG Bing-xin,GUO Yan-rong, HAO Shi-jie and Hong Ri-chang

School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China

Abstract At present,the mainstream diagnosis of depression is through the communication between doctors and patients,filling
in the relevant questionnaire, which needs corresponding clinical knowledge and is subjective. It brings a lot of challenges to the
diagnosis of depression. Using information processing technology to analyze physiological signals and build an accurate and objec-
tive auxiliary diagnosis model is of great value. However, the sample size of the public data set of depression auxiliary diagnosis is
generally small, which makes the accuracy of auxiliary diagnosis is generally low. On this basis, this paper proposes a graph neural
network (GNN) method for depression recognition based on data augmentation and model ensemble strategy. The method uses
128 channel EEG signals of 53 subjects and segments the collected EEG data. After data augmentation,Pearson correlation coeffi-
cient is used to calculate the correlation between different channels to construct a brain network, graph neural network is used to
learn the features of brain network,and the final prediction results are obtained by majority voting with model ensemble strategy.
Experimental results show that the proposed method improves the classification ability of the network and solves the problem of
poor classification performance caused by small sample size. The proposed method achieves 77% classification accuracy on the
MODMA data set(including 24 patients with depression and 29 normal controls) provided by the Pervasive Sensing and Intelli-
gent Systems Laboratory of Lanzhou University. The classification accuracy of the proposed method is significantly improved
compared to other methods.

Keywords Depression recognition, Classification, Graph neural network, EEG,Data augmentation, Model ensemble
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Table 1  Prediction accuracy of different comparison algorithms

Algorithm Accuracy/ %

SC 58.49

K-means 56. 60

SVM 64.15

Baseline KNN 60. 37
U2GNN 69. 81

HGP-SL 71.69

GIN 67.92

Ours Ensembled GIN 77.35
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