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Stable brain network pattern for EEG-based emotion recognition
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Cyberspace Security, Zhengzhou University, Zhengzhou 450002, China

Abstract: The emotional brain networks at different time periods are constructed using phase locking values for exploring the

stability of emotion-related brain network patterns at different time periods; and an emotion recognition framework based on

the second-order features of brain network is proposed. The results show that the highest accuracy are 79.17% and 82.92% in

cross-subject study and single-subject study, and there is no significant difference in the recognition results of the 3 time

periods in ANOVA analysis, which proves that the emotion recognition framework proposed in the study is stable. In different

time periods, the emotions of the same category have the same brain network connection pattern and minimum spanning tree

structure, indicating that the same emotion has a stable brain network pattern in different time periods. Using brain network

features for emotion recognition is stable and reliable, which provides a new approach for emotion recognition in human-

computer interaction.
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Figure 1 Names of electrodes and the distribution
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Figure 2 Flowchart of emotion recognition framework
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Figure 3 Significant brain area distribution maps in A, B, C time periods
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Figure 4 Minimum spanning trees of different emotions at different frequency bands and in A, B and C time periods
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Figure 5 Feature selection color block chart
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Figure 6 Four evaluation metrics of MST+Graph features under 5 machine learning models
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Table 1 Average accuracy of 5 types of features over 3 time periods (%)

FEAE TR 0 o B Y T
PSD SVM 38.88+5.21 42.22+5.27 53.33+5.44 55.55+5.82 56.66+£5.13

RF 44.11+4.30 44.75+5.30 55.56£3.20 60.38+2.20 60.00+3.30

DE SVM 56.55+3.14 48.88+4.72 56.66+3.53 65.55+3.01 63.66+2.72
RF 53.56+2.62 50.2843.23 60.13+3.33 66.21£3.16 60.21+2.45

MST SVM 50.21+2.53 56.32+3.24 64.74+3.53 70.76+2.42 66.33+£2.12
RF 52.46+2.43 62.01£3.46 70.01+3.35 72.22+2.38 68.27+£2.22

Graph SVM 55.64+2.14 54.84+2.54 66.32+2.52 67.21+2.41 64.76+3.53
RF 53.21+2.32 54.75+£3.54 66.89+2.84 69.05+2.75 65.44+3.44

MST+Graph ~ SVM 54.15+3.14 60.29+3.32 73.69+2.72 74.28+1.82 72.90+2.32
RF 54.00+2.58 61.64+2.68 74.28+0.42 77.63£2.53 73.21£2.22
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BT A B C BT A B C
Subject1 7385 6538  66.67 Subject9 6923 6236 7123
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Subject4 66.44 6382  70.51 Subject]2 77.64 7690  79.08
Subject5 64.54  75.64  70.67 Subject13 7295 7679  74.80
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Subject8 65.15 6882  66.95
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