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Quantitative Recognition of Anxiety in EEG Based on Modified
Convolutional Neural Network

MAO Xiaoling' , XIANG Wang”,OUYANG Mingkun®, XIE Yangqiu®
(1. Mental Health Education Center, Guangxi University for Nationalities, Nanning, Guangxi, 530006, China; 2. School of Educa-
tion Science,Guangxi University for Nationalities s Nanning , Guangxi, 530006, China;3. School of Resources, Environment and Ma-

terials, Guangxi University, Nanning, Guangxi,530004 , China)

Abstract: Accurate quantification of college students’ anxiety and retrospective analysis of pathological factors
are important links in clinical psychotherapy and psychological crisis intervention. And the deep learning
based on electroencephalograph (EEG) is one of the most potential diagnostic methods. In this study,the tra-
ditional convolutional neural networks (CNN) are modified,and a neural network based on extended informa-
tion input space (NN-EIIS) model is proposed and constructed to replace the classifier at the end of CNN.
Score of Anxiety Scale (SAS) of independent subjects was also introduced as the output of anxiety quantifica-
tion standard and training sample set. Taking college students in a university as the research object, the re-
sults show that the proposed scheme not only realizes the accurate quantitative recognition of anxiety emo-
tion, but also uses the obtained model to trace and analyze some important internal pathological factors of col-
lege students with anxiety disorder to a certain extent.

Key words: convolutional neural networks; EEG signal; quantitative recognition of anxiety emotion; nonsta-

tionary time-varying signal processing;class imbalance
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