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Functional Network Integrating PCC and MIC
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Abstract: Accurate recognition and classification of depression have important practical significance. Targeting
the challenges of low accuracy and poor interpretability in depression identification, a machine recognition model
for depression based on a multi-layer dynamic brain function network is proposed. This model overcomes the
traditional single linear connection analysis method. By integrating the Pearson correlation coefficient and the
maximum information coefficient and using the EEG sliding time window, it constructs a multi-layer dynamic
brain function network with both linear and nonlinear dynamic connection characteristics and extracts network
features. This model provides more comprehensive brain function feature information and significantly improves
the accuracy of depression identification. The model was used to identify normal people and patients with mild,

moderate, and severe depression, with an average recognition accuracy of 97.46%. By visualizing the brain
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network topology and analyzing the node degree, it is found that the occipital lobe, prefrontal lobe and temporal

lobe of the brain in depression are abnormal. By analyzing the characteristics of the brain network, it can be

seen that the brain beta rhythm plays a key role in the identification of depression, and the global efficiency,

average shortest path length and local efficiency of the brain network of patients with mild depression are

increased compared with normal people, and the clustering coefficient is reduced. The experimental results

show that the model can improve the accuracy of depression identification, provide a new method for clinical

diagnosis, depression classification and rapid screening, and provide a new reference for exploring the neu-

rophysiological mechanism of depression.

Key words: depression recognition; multi-layer dynamic brain network; electroencephalogram signal;

Pearson correlation coefficient; maximum information coefficient
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