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Motivation Results:
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e Existing shortcomings of analytical tools bias our knowledge and limit potential
applications.
* Better understanding of cognitive functions can be critical for developing new
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where y, € R"*1 and x, € RV*! represent the measurements and source dynamics, D) Lag 1 2 2. Analysis of the Wakeman and Henson’s MEG/EEG dataset:
t=p+1,..,T,and A, € RV*N denotes the neuronal communication,p =1, ..., P.
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