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Relationship between electroencephalogram and respiration of mouse based on wavelet support

vector machine
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Abstract: Objective To study the relationship between Electroencephalogram (EEG) signals and respiration based on wavelet
support vector machine (WSVM) taking the mouse as the experimental subject. Methods The respiratory signals of mice
measured at asleep and awake were analyzed to obtain two kinds of respiratory frequency range which respectively were
[1.59Hz, 1.98 Hz], [1.75Hz, 2.70 Hz]. And then the respiration- related EEG signals were filtered out according to the
corresponding respiratory frequency. The neural network model based on WSVM was built to quantitatively analyze the
relationship between respiratory frequency and respiration-related EEG signals. The model's minimum leave-one-out (LOO)
error and mean square error (MSE) of the prediction on the rate of separated EEG signal phase change were obtained and
compared with those of support vector machine with Radial Basis Function (RBF-SVM). Results The minimum LOO error of
model based on WSVM was 0.08907, lesser than that of RBF- SVM which was 0.089272, so the former had a better
generalization performance. And the prediction MSE of model based on WSVM was 0.286658, lesser than that of RBF-SVM
which was 0.291373. Conclusion The neural network model based on WSVM is a more efficient and adaptable approach to
quantitatively analyze the relationship between EEG signals and respiration. The model also provides a mechanism to explain
the relationship between EEG signals and other complicated movements to realize the human-computer interaction.
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Fig.2 Respiratory curve and d brave of the awake mouse
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