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TMS-evoked activity propagates across networks
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TMS-EEG responses are highly variable across subjects
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Scientific Questions

4 I
#1: Are the TEPs due to a

local/single node echo of the
stimulation or a global/network
reverberation?

- /

, 4 R
\® &L | #2. What’s the role of the nodes
® and their connections in shaping
i the propagation of the TMS-

induced signal?
- /

4 )

#3. Can the model parameters
allow to cluster the subjects based
on their TEPs?

- J




Previous computational models of TMS-EEG
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Jansen-Rit model (1995)

Vo (t) = y3(¢)
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Schematic Overview
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Subject #1
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Robust recovery of individual subjects’ empirical TEPs

propagation patterns in channels space
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Robust recovery of individual subjects’ empirical TEPs

propagation patterns in source space
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Dissecting the propagation of the TMS-induced signal

a N\
#1: Are the TEPs due to a

local/single node echo of the
stimulation or a global/network
reverberation?

N )

Simulated
timeseries
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TEP at 80ms is a network reverberation response
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TEP at 100ms is alocal echo of the stimulus
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Target vs Random Attack

4 I
#2: What’s the role of the nodes

and their connections in shaping
the propagation of the TMS-
induced signal?

- J

Most connected

nodes P

N
\ .

permutations



Target vs Random Attack
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Target Attacks affect TMS-induced activity in a time-

dependent manner
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Random Attacks do not affect TMS-induced activity
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Empirical TEPs
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Model parameters allow identification of

subjects’ TEPs clusters

SVD simulated (TOP) and empirical (BOTTOM)
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#3: Can the model
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on their TEPs?
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Conclusions

- We have demonstrated fast and robust recovery of individual subjects’ empirical
TEPs propagation patterns in model-generated activity time series both at channels

and source level

a I
#1: Are the TEPs due to a

Depending on time, TEPs are driven by either

local/single node echo of the

stimulation or a global/network
reverberation?

- J

Time and Space (Target vs Random) are both <
Important for shaping the TMS-induced

signal propagation

a )
#3. Can the model parameters
allow to cluster the subjects based

>a local echo response of the TMS or

network reverberation

PLS analysis

on their TEPs?

- J

4 N

#2: What’s the role of the nodes
and their connections in shaping

the propagation of the TMS-
induced signal?
/

revealed that model

>parameters can classified subjects based

on their TMS-induced propagation patterns
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