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Generalized canonical correlation analysis (GCCA) is
a powerful EEG /brain signal processing tool
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Objective: stimulus-informed GCCA to cope with extremely low SNR
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MAXVAR-GCCA can be solved as
a generalized eigenvalue decomposition (GEVD)
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Stimulus-informed GCCA (SI-GCCA) to cope with extremely low SNR
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Stimulus-informed GCCA (SI-GCCA) to cope with extremely low SNR
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The SI-GCCA can again be solved as a GEVD!
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GCCA to quantify the inter-subject correlation
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Stimulus-informed GCCA is superior when little data are available
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Stimulus-informed GCCA is superior when few subjects are available
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