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Early detection of cerebrovascular patients with cognitive impairment using EEG signal
LI Lan

(College of Computer Science and Technology, Donghua University, Shanghai 201620, China)

Abstract: The cognitive impairment caused by cerebrovascular disease is one of the most common cause of dementia in the elderly.
Brain waves change with physiological conditions and are closely related to cognitive state. It is promising to identify cerebrovascular
diseases using ElectroEncephaloGraphy (EEG) signals, however extracting discriminate features is challenging. In this work, the
paper introduces an approach to distinguish healthy people with cerebrovascular patients using low —density EEG signals. This
method firstly performs source localization of the EEG signals using weighted minimum norm estimation, converting the 19—channel
EEG data to 16 source domains, and analyzes the EEG signals from the perspective of the time —frequency domain. The paper
conducts cross wavelet transform between brain regions and obtain corresponding functional connectivity matrices composed of
wavelet cross spectrum, which are used as key features and fed into an SVM for classification. The paper collects a EEG signals
dataset, containing 19 healthy people, 59 cerebrovascular patients, where 30 and 29 with and without cognitive impairment. The
paper conducts comprehensive experiments on the EEG dataset. Experimental results demonstrate the proposed approach can achieve
a classification accuracy of 84. 6%.
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