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Current BClIs fail to detect the mental intentions in ~30% of users —



Riemannian Geometry (RG) & Functional connectivity (FC)

Geometric methods, cold standard in BCT voerceal, 2017

. . 1 . . .
®  Covariance matrices, X = EX X', = captures some invariants of the EEG signal

" Manifold of Symmetric Positive Definite (SPD) matrices

®  Robust & effective classifiers Minimum Distance to Mean (MDM)

5313, = |llogcz; %2221‘ %“T

®  Good generalization, compatible with online requirement

N
. . 5 = u({z,)) = argmi 262 5,3
®  [nvariant to affine transformation H(z) argmmz. - (2, 2)
-
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Geometric methods, cold standard in BCT voerceal, 2017

. . 1 . . .
®  Covariance matrices, X = EX X', = captures some invariants of the EEG signal

" Manifold of Symmetric Positive Definite (SPD) matrices

B Robust & effective classifiers Minimum Distance to Mean (MDM)

6G13) = |logcs; %zzz; %>||f

®  Good generalization, compatible with online requirement

N
. . 5 = u({z,)) = argmi 262 5,3
®  [nvariant to affine transformation H(z) argmmz. - (2, 2)
-

Problem: RG approaches in BCI rely only on covariance matrices without considering
synchronous interactions between brain areas
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Geometric methods, cold standard in BCT voerceal, 2017

. . 1 . . .
®  Covariance matrices, X = EX X', = captures some invariants of the EEG signal

®  Manifold of Symmetric Positive Definite (SPD) matrices

B Robust & effective classifiers Minimum Distance to i\lean (,1MDM)
0(21,2,) =

o . . . . ‘log(Zl_ 25,3, 7)||T
®  Good generalization, compatible with online requirement

N
. . 5 = u({z,)) = argmi 252 5,3
®  [nvariant to affine transformation w2 argmmz. - (2, 2)
1=

Functional connectivity

= Interconnected nature of brain connectivity & alternative features in BCI

= Use of all the possible information from connectivity matrices
Amplitude synchronization Phase synchronization

u Regularization methods to make the matrices SPD FC contrast between conditions, adapted from
[Cattai, Colonnese, Corsi, et al, IEEE TNSRE, 2021]
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Geometric methods, cold standard in BCT voerceal, 2017

. . 1 . . .
®  Covariance matrices, X = EX X', = captures some invariants of the EEG signal

®  Manifold of Symmetric Positive Definite (SPD) matrices

® Robust & effective classifiers Minimum Distance to i\lean (,1MDM)
. . . . . 5(21,5;) = |log(Z, 25,2, 2
®  Good generalization, compatible with online requirement o ‘ 8 o )”T
) ) ¥ =u({Z;}) = argmin 262 )IID)
= Invariant to affine transformation HUED) S - (&5.2)
1=

Functional connectivity

= Interconnected nature of brain connectivity & alternative features in BCI

= Use of all the possible information from connectivity matrices
Amplitude synchronization Phase synchronization

] Regu]aﬂzation methods to make the matrices SPD FC contrast between conditions, adapted from
[Cattai, Colonnese, Corsi, et al, IEEE TNSRE, 2021]

Hypothesis — Combining functional connectivity estimators and Riemannian geometry will lead to an improvement of
classification performance.
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Motivation
= Considering subjects’ specificity

® Improving the robustness

Approach

= Ensemble learning approach — Riemannian Geometry framework relying on covariance matrices & connectivity matrices
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FUCONE - A replicable approach
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- Common Spatial Patterns + Shrinkage Linear Discriminant Analysis

Common Spatial Patterns + Support Vector Machine

- Geodesic filtering + Minimum Distance to Mean classification

- Covariance + Elastic-Net
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- Common Spatial Patterns + Shrinkage Linear Discriminant Analysis

Common Spatial Patterns + Support Vector Machine

- Geodesic filtering + Minimum Distance to Mean classification

- Covariance + Elastic-Net
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Complementarity between MEG and EEG data

M/EEG integration led to an improvement of the BCI classification performance (power spectra)
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FUCONE approach, extension to multimodal data

Motivation

- Complementarity between MEG and EEG data [Sharon et al, Neurolmage, 2007]

17

= M/EEG integration led to an improvement of the BCI classification performance (power spectra) [Corsi et al, [JNS, 2018

Approach

= Generalization to M/EEG data to exploit their complementarities

" To limit volume conduction effect, work in the source space [Corsi et al, Neurolmage, 2020]
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FUCONE approach, extension to multimodal data
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Discussion

FUCONE approach
= Possibility to consider the users’ specificity
= Replicable approach

= From 2 to 4-classes configuration

=  \Within and Cross-sessions

Extension to multimodal data, M/EEG

= Possibility to consider their complementarities

= QOutperforms the state-of-the art method

Next steps

=  Dimensionality reduction & interpretability of the chosen ROIs

®m  Features extraction

20



Acknowledgements

Paris Brain Institute

S‘)}Institut

duCerveau Denis Schwartz,
e Nathalie George,
lrzta— Laurent Hugueville,
o :ie::nm Christophe Gitton
Sophie Dupont,

Juliana Gonzalez-Astudillo,

" Fabrizio De Vico Fallani (PI)

SORBONNE
UNIVERSITE

/5,

Univ. Paris Dauphine — GREYC

Florian Yger

LAMSADE D

UMR CNRS 7243

2
GREYC

21

Penn University
Ari E. Kahn,
Ankit Khambhati,
Jennifer Stiso,
Arnold Campbell,
Danielle S. Bassett (PI)

& Penn

UNIVERSITY 0f PENNSYLVANIA

CNRS, Univ. Paris Saclay

Sylvain Chevallier
| . .
LASN universite
A DS SHENCES DI NUMERIOUE PARIS-SACLAY



. . 22
Interested in this study?

Scan the QR code to get access to the associated paper!
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@ mccorsi/FUCONE

Thank you for your attention!
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