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Known Limitations of CSPs

» CSP reliability is affected by noise, artifacts, and the inherent variability of EEG data[Yonget al, 2008]
» Difficulties in identifying a physiologically relevant pattern
» Lioietal, 2020: fallback to standard Laplacian when CSP fails to capture expected motor
activity (based on expert inspection)
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@ How can we ensure a CSP selection that is both reliable and physiologically meaningful?
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Study Design: Pre-recorded Neurofeedback EEG
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Theoretically CSPs appear promising for physiologically personalized neurofeedback
A real-time validation is still required

CSP selection remains variable > need to assess inter-expert variability
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Thank you!

CASSANDRA DUMAS - cassandra.dumas@icme-institute.org

Claire Dussard Nathalie George Marie-Constance
Corsi
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