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Whole-brain Modelling
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Combining Brain stimulation with ongoing EEG recordings

EEG electrode TMS coil
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TMS-EEG for studying brain complexity
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Recurrence is everywhere

“Everything goes, everything comes
back; eternally rolls the wheel of
being. Everything dies, everything
blossoms again; eternally runs the
year of being”
Friedrich Nietzsche

“..poetry cannot speak without
remembering the turns of the sun
and moon, and the rhythm of the
ocean, and the recurrence of
human generations, the returning
waves of life and death.”
Robinson Jeffers

The Starry Night

-

\
What is the physio-dynamical
nature of this recurrent
activity?
j




Networks propagation is affected by earlier lesions
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Overarching organization of

large-scale brain networks

Diffusion asymmetry Search information asymmetry

Navigation asymmetry
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Scientific Questions

4 )

Q#1: What are the differences
in the propagation pattern
between networks?
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Simultaneous hd-EEG and sEEG dataset
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Simultaneous stereotactic
electroencephalography (sEEG) and high-
density scalp EEG (hd-EEG) during
intracortical single pulse electrical
stimulation

36 patients — 323 sessions
Dataset collected at the “Claudio

Munari" Epilepsy Surgery Center of Milan
in Italy

Mikulan....., Pigorini, 2020 — Scientific data
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Stronger propagation pattern when external

Resting-state Networks 84

(Yeo et al.2011)
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Scientific Questions

4 )

Q#1: What are the differences
in the propagation pattern
between networks?

Intracranial electrical stimulation (IES) leads to
downstream electrophysiological evoked responses
which nature follows the RSNs cortical gradient
hierarchical structure demonstrated using
neuroimaging data

A significantly stronger propagation pattern when
the stimulus was targeted at high-order networks
(e.g. Default and Frontoparietal networks),
particularly for the late evoked responses

This trend was found both in the hd-EEG and sEEG
data, testifying the replicability using different scales
of spatial

-
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Q#2: Does this difference rely
on different process
(integration vs segregation)?
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Jansen-Rit model (1995)
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Schematic Overview
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(11 J) =
A Goodness” of Fit
Empirical EEG Empirical EEG Empirical EEG
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Q#2: Does this
difference rely on
different process

(integration vs

segregation)?
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Virtual Lesion Approach




Late responses are either locally or globally driven

Global Mean Field Power after virtual lesion
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Future Perspective: Why is that important?
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Manifold predicts clinical outcome
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Manifold predicts clinical outcome
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Future Directions
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