Predictive regression modeling with MEG/EEG:
From source power to signals and cognitive states
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Volume conduction prevents classical linear Riemannian embeddings perform best on real data.
modeling when predicting from source power. MEG - Cam-CAN (n=600)  EEG - Temple Univ. Hospital (n = 1385)

Neurophysiological generator

&

diag ot H . E
X = Statistical model ? : diag :
H bl
Maxwell's eq. neural mechanism SPoC . 107 8
'8 SPoCy 12
=i ¥ @
SPoCe; ¥ Eg 9.63 E%
8.76 1| 1
5 upper 'Sl Riemann 7‘< .«*'- !
Riemann ] l F B3 diag E°| :
o — EPOC H 8.27
- ©1 Riemann )
Riemanns —| I }; . Riemannyo Ta A
798 ' 8.21 |
8 10 12 14 16 5.0 7.5 10.0 12.5 15.0

MAE MAE
Note: We benchmarked methods against age-prediction with ridge regression. With source
localization (MNE) as transformation, diag performed best ~ 7.7 yrs mean absolute error (MAE)!

Obijective: predict outcome from M/EEG

Idea: When using a linear model like Ridge regression to
predict outcomes (y) from M/EEG (X), replace biophysical source

model with mathematical-statistical transformation to regress out RE ylelded rObUSt regl’eSSion mOdels-
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When prediction performance is the priority, Riemannian embeddings may beat source localization.



