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Machine learning-based EEG recognition study for depression
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Abstract: Depression has become a major global health burden, and effective detection of depression is a major public health
challenge. To better identify depression, the paper extracts different types of EEG signal features, which include linear features and
nonlinear features, for the comprehensive analysis of EEG signals from depressed patients. And different machine learning algorithms
are used to model classifiers to evaluate the optimal feature set. The best identification accuracy of about 91% is obtained when
combining all types of features to classify MDD patients. This study on the identification of depression based on machine learning
and EEG signals provides a complementary solution and the reference value for future applications in the field of depression for early
screening, aiding diagnosis and assisting treatment decisions.
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Fig. 3 General flowchart of technology realization
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Tab. 2 Accuracy of depression identification with linear features
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Tab. 4 Accuracy of depression recognition with combined features
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Fig. 4 Classification results of depression recognition under resting

state EEG signal
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Fig. 5  Classification results of depression recognition under
stimulated state EEG signals
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Fig. 6 Classification results of depression recognition under fearful

emotion
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