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Controlling a brain-computer interface (BCl) requires time to achieve high performance [1]. Despite its clinical applications, one of the main drawbacks is the high inter-subject variability that could be noticed for performance. This is sometimes referred in the literature as the « BCl inefficiency » phenomenon [2] and affects its
usability. Among the approaches adopted to tackle these issues are the search for neuromarkers, that potentially capture better the neurophysiological mechanisms underlying the BCl performance and the optimization of the classification pipelines, that could be robust enough to be applied to any subject.

In this work, we proposed an original approach that combines functional connectivity estimators, Riemannian geometry and ensemble learning to ensure a robust classification. This methods was ranked First in the Clinical BCl Challenge-WCCI (within-subject category).

Proof of concept

Riemannian geometry

To assess the performance of our approach we conducted a comparison of the estimators both at
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For an lllustrative  purpose, we
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Coh |[—— FgMDM —— ———  Decision Using FC estimators associated with an ensemble classifier gives the possibility to take into

represented the values obtained by classifier

averaging the FC estimators in each task account the users’ specificity. After participating to the competition, we identified different

separately in data obtained from one approaches to improve our method. Further investigation should be done regarding the follow-

oatient, up to the MDM and the dimensionality reduction. We plan to refine the selection of the

frequency band of interest. Another promising lead would be to extract for each epoch severadl
PSD matrices, each on a different frequency band, and to consider this set as a trajectory on

the manifold.
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