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Abstract

In this study, we employ five classifiers, namely
support vector machine, decision tree, and extreme
gradient boosting, to construct models for the
prediction of EEGs for Parkinson's disease. The

prediction results of the above five classifiers are

compared to find out the best model. Experimental
results have shown that the decision tree model with
phase locking value achieved the highest classification
performance, accuracy of 85.00%, AUC of 85.00%,
sensitivity of 80.00%, and specificity of 90.00%. In
addition, utilized qEEG is found that there are
significant differences in power spectral density and
brain connectivity in cognitive function regions
between Parkinson's disease patients with and without
cognitive impairment. The achievement of this study
can effectively assist physicians in making medical

decisions about Parkinson's disease.

Keywords: Parkinson's disease, qEEG, machine

learning, feature selection, decision tree.
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