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Abstract: To explore the connection rule of the default mode network (DMN) of the brain and
other brain areas when the human body performs motor-related tasks, based on the public dataset
of motor and motor imagery electroencephalogram (EEG) signals, the EEG signals in different
states were divided into frequency bands by fast Fourier transform (FFT) and subjected to sliding
windowing processing. and the average time sequences of different frequency bands in the same
cortex in resting and moving states were obtained. The construction method of dynamic transfer
entropy was used to analyze the information interaction from the default mode network to the
motor cortex and the default mode network to the prefrontal cortex, and the significance test was
performed on multiple data sets. Finally, the dynamic transfer entropy analysis method was com-
bined with the logic regression, decision tree, and XGBoost algorithm for classified study of

different tasks. The results showed that different functional regions of cerebral cortex showed
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significant differences when performing different tasks. Compared with the resting state, the

prefrontal cortex and motor cortex were more active during the exercise, and the ¥ band was more

active than other bands. Compared with the resting state, the information interaction between the

default mode network and the motor cortex, and between the default mode network and the

prefrontal cortex was more intense in the motor and motor imagery states. The P value of the

significance test in different sample spaces was less than 0. 025, indicating the robustness of the

method. The electroencephalogram dynamic transfer entropy method can improve the classifica-

tion accuracy of the machine learning algorithm by more than 20%. This study has provided a

reliable theoretical reference for dynamic EEG signal identification.

Keywords: default mode network; transfer entropy; directed network; electroencephalogram signal
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Table 1 Significance test results in dataset 1
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Fig. 8 Statistical significance analysis of transfer entropy be-

tween cortex of four motor task states relative to rest-

ing state in dataset 2
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Table 2 Significance test results in dataset 2
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Fig. 9 The overall flow chart of nonlinear combined time-

frequency analysis processing EEG signal recognition
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Table 3 Classification accuracy results of EEG signals in
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