
TMS-evoked potential propagation reflects
effective brain connectivity 
Article 

Published Version 

Creative Commons: Attribution 4.0 (CC-BY) 

Open Access 

Daly, I. ORCID: https://orcid.org/0000-0001-5489-0393, 
Williams, N. ORCID: https://orcid.org/0000-0002-0719-4616 
and Nasuto, S. J. ORCID: https://orcid.org/0000-0001-9414-
9049 (2024) TMS-evoked potential propagation reflects 
effective brain connectivity. Journal of Neural Engineering, 21 
(6). 066038. ISSN 1741-2552 doi: 
https://doi.org/10.1088/1741-2552/ad9ee0 Available at 
https://centaur.reading.ac.uk/120553/ 

It is advisable to refer to the publisher’s version if you intend to cite from the 
work.  See Guidance on citing  .

To link to this article DOI: http://dx.doi.org/10.1088/1741-2552/ad9ee0 

Publisher: IOP Publishing 

All outputs in CentAUR are protected by Intellectual Property Rights law, 
including copyright law. Copyright and IPR is retained by the creators or other 
copyright holders. Terms and conditions for use of this material are defined in 
the End User Agreement  . 

www.reading.ac.uk/centaur   

http://centaur.reading.ac.uk/71187/10/CentAUR%20citing%20guide.pdf
http://www.reading.ac.uk/centaur
http://centaur.reading.ac.uk/licence


CentAUR 

Central Archive at the University of Reading 
Reading’s research outputs online



Journal of Neural
Engineering      

PAPER • OPEN ACCESS

TMS-evoked potential propagation reflects
effective brain connectivity
To cite this article: Ian Daly et al 2024 J. Neural Eng. 21 066038

 

View the article online for updates and enhancements.

You may also like
Combining electrodermal activity analysis
and dynamic causal modeling to
investigate the visual-odor multimodal
integration during face perception
Gianluca Rho, Alejandro Luis Callara,
Francesco Bossi et al.

-

Spatiotemporal dynamics of working
memory under the influence of emotions
based on EEG
Yuanyuan Zhang, Baolin Liu and Xiaorong
Gao

-

Revealing networks from dynamics: an
introduction
Marc Timme and Jose Casadiego

-

This content was downloaded from IP address 134.225.110.31 on 03/02/2025 at 12:28

https://doi.org/10.1088/1741-2552/ad9ee0
/article/10.1088/1741-2552/ad2403
/article/10.1088/1741-2552/ad2403
/article/10.1088/1741-2552/ad2403
/article/10.1088/1741-2552/ad2403
/article/10.1088/1741-2552/ab7f50
/article/10.1088/1741-2552/ab7f50
/article/10.1088/1741-2552/ab7f50
/article/10.1088/1751-8113/47/34/343001
/article/10.1088/1751-8113/47/34/343001


J. Neural Eng. 21 (2024) 066038 https://doi.org/10.1088/1741-2552/ad9ee0

Journal of Neural Engineering

OPEN ACCESS

RECEIVED

12 January 2024

REVISED

19 November 2024

ACCEPTED FOR PUBLICATION

13 December 2024

PUBLISHED

27 December 2024

Original Content from
this work may be used
under the terms of the
Creative Commons
Attribution 4.0 licence.

Any further distribution
of this work must
maintain attribution to
the author(s) and the title
of the work, journal
citation and DOI.

PAPER

TMS-evoked potential propagation reflects effective brain
connectivity
Ian Daly1,∗, Nitin Williams2,3 and Slawomir J Nasuto4,∗

1 Brain-Computer Interfacing and Neural Engineering Laboratory, School of Computer Science and Electronic Engineering, University
of Essex, Colchester, United Kingdom

2 Department of Neuroscience & Biomedical Engineering, Aalto University, Espoo, Finland
3 Department of Computer Science, University of Helsinki, Helsinki, Finland
4 Biomedical Sciences and Biomedical Engineering Division, School of Biological Sciences, University of Reading, Reading, United
Kingdom

∗ Authors to whom any correspondence should be addressed.

E-mail: i.daly@essex.ac.uk and s.j.nasuto@reading.ac.uk

Keywords: brain connectivity, TMS, TEP, MVAR, EEG

Abstract
Objective. Cognition is achieved through communication between brain regions. Consequently,
there is considerable interest in measuring effective connectivity. A promising effective connectivity
metric is transcranial magnetic stimulation (TMS) evoked potentials (TEPs), an inflection in
amplitude of the electroencephalogram recorded from one brain region as a result of TMS applied
to another region. However, the TEP is confounded by multiple factors and there is a need for
further investigation of the TEP as a measure of effective connectivity and to compare it to existing
statistical measures of effective connectivity. Approach. To this end, we used a pre-existing
experimental dataset to compare TEPs between a motor control task with and without visual
feedback. We then used the results to compare our TEP-based measures of effective connectivity to
established statistical measures of effective connectivity provided by multivariate auto-regressive
modelling.Main results. Our results reveal significantly more negative TEPs when feedback is not
presented from 40 ms to 100ms post-TMS over frontal and central channels. We also see
significantly more positive later TEPs from 280–400ms on the contra-lateral hemisphere motor
and parietal channels when no feedback is presented. These results suggest differences in effective
connectivity are induced by visual feedback of movement. We further find that the variation in one
of these early TEPs (the N40) is reliably related to directed coherence. Significance. Taken together,
these results indicate components of the TEPs serve as a measure of effective connectivity.
Furthermore, our results also support the idea that effective connectivity is a dynamic process and,
importantly, support the further use of TEPs in delineating region-to-region maps of changes in
effective connectivity as a result of motor control feedback.

1. Introduction

Cognition is achieved through communica-
tion between specialised brain regions (Sporns
2007). Hence, a considerable portion of Cognitive
Neuroscience research is devoted to mapping these
patterns of communication (referred to as brain con-
nectivity), and relating them to different cognitive
tasks (Murre and Sturdy 1995, Rubinov and Sporns
2009, Raichle 2011).

Brain connectivity is typically measured via func-
tional connectivity or effective connectivity (Sporns
2007). While functional connectivity refers to purely
statistical relationships between neural activity in dif-
ferent brain regions (Raichle 2011), effective con-
nectivity refers to measures of causal relationships
between brain regions (Murre and Sturdy 1995,
Sporns 2007, Arai et al 2012). For example, if changes
in neural activity in region A of the brain produce
a change in activity in region B of the brain, we can
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infer a causal relationship from region A to region B.
In other words, brain region A is exhibiting effective
connectivity with brain region B. These relationships
are most typically measured via statistical metrics
of connectivity such as multivariate auto-regressive
(MVAR) modelling.

Perturbation-based methods are an alternative
promising approach to estimating effective con-
nectivity between brain regions (Lepage et al 2013,
Kafashan et al 2014). Perturbation-based measure-
ments of causality are achieved by perturbing process
A and observing process B, to see if the perturbation
of process A produces a change in process B.Due to its
fine spatial resolution, transcranial magnetic stimula-
tion (TMS) (Hallett 2000, 2007) has been proposed to
apply a focusedmagnetic field as a perturbation, with
electroencephalogram (EEG) being used to meas-
ure resulting changes in brain activity (Ilmoniemi
et al 1997). Consequently, it has been suggested that
effective connectivity between the stimulated brain
region and other brain regions can be estimated by
measuring motor evoked potential (MEP) relation-
ships to brain states (Ferreri et al 2011, Rothwell
2011, Daly et al 2018, Schaworonkow et al 2019)
and that this depends on ongoing changes in the
phase of neural activity (Keil et al 2014). For example,
paired pulse TMS is widely used to probe connectiv-
ity between the motor site M1 and other areas of
the brain by first stimulating the area of interest, fol-
lowed by stimulatingM1 and thenmeasuring the res-
ulting MEP, which serves as a correlate of the con-
nectivity between the area of interest and M1 (Ziluk
et al 2010, Breveglieri et al 2021). Additionally, it has
been suggested that effective connectivity may also be
estimated by measuring transcranial evoked poten-
tials (TEPs) in the EEG (Ilmoniemi et al 1997, Granö
et al 2022). Specifically, TEPs have been proposed to
measure effective connectivity between brain region
A (the site of the stimulation) and all other brain
regions positioned underneath the EEG electrodes
(Hallett et al 2017).

TEPs have been used to investigate brain con-
nectivity in several recent studies (Bortoletto et al
2015). The use of single pulse TMS coupled with EEG
measures of the resulting TEPs was first proposed
to measure brain connectivity in work by Ilmoniemi
and colleagues (Ilmoniemi et al 1997). More recently
several authors have proposed using TEPs to meas-
ure brain connectivity between a variety of differ-
ent brain regions including the motor cortex (Bonato
et al 2006), sensorimotor cortex (Komssi et al 2002),
and specific Brodmann areas (Rosanova et al 2009).
For example, TEPs have been used in a study by
Nikulin et.al. to investigate how cortical excitability
changes when participants begin cued movements
(Nikulin et al 2003). Specifically, the N100 TEP was
reported to decrease as a result of switching from rest
to performing a cued movement.

TEPs have also been used to investigate other
effects such as the effect of rTMS or cortical inhibition
(Casula et al 2014), as a neurophysiological indicator
of neuropsychiatric disorders (Noda 2020), and to
investigate pharmocophysiolgical effects on the brain
Darmani and Ziemann (2019).

However, the relationship between TEP-based
perturbation measures of effective connectivity and
widely used statistical measures of effective con-
nectivity is unclear. TEPs reflect cortical excitability
between regions of the brain and can be used to study
effective connectivity. However, it is unclear how the
information they provide about effective connectivity
relates to other widely used metrics of effective con-
nectivity, such as commonly used statistical measures
of connectivity.

Additionally, there are several known confounds
that arise when generating and measuring TEPs,
which can limit their interpretation. TMS produces a
very short, loud acoustic noise when activated, which
can produce involuntary participant movements and
changes in neural activity such as auditory evoked
potentials (AEPs) (ter Braack et al 2015, Kerwin et al
2018). In addition, the TMS coil is placed in close
proximity to the scalp and, when activated, can cause
vibro-tactile stimulation of the scalp. This can lead to
movement artifacts caused by movement of the EEG
electrodes, as well as vibrotactile evoked potentials
(VTEPs) (Biabani et al 2019). TMS can also induce
muscle movement artifacts (Hernandez-Pavon et al
2022). The TMS can also induce activity within peri-
pheral nerves in the head and neck. This can lead
to peripheral nerve evoked potentials (PEPs) in the
EEG (Conde et al 2019). Finally, brain responses to
the TMS depend on the current spontaneous oscillat-
ory brain states (Desideri et al 2019, Janssens and Sack
2021) and these brain state dependent responses are
known to effect measures of connectivity in the brain
Granö et al (2022).

Several researchers have suggested methods to
first characterise (Bonato et al 2006), and then
to minimise and remove these confounds, such
as masking (Rocchi et al 2021), filtering (Biabani
et al 2019), and the use of de-noising methods
such as independent component analysis (ICA) (see
Hernandez-Pavon et al 2022, Rogasch et al 2022for
a review). However, these efforts are not always
able to remove all confounds and this has even led
some researchers to suggest that TEPs are inher-
ently ambiguous (Belardinelli et al 2019, Conde
et al 2019, Siebner et al 2019). Indeed, although
brain-state dependent responses to TMS may be
removed by averaging across repeated trails with care-
ful experiment design, many of the other effects—
induced noise in the EEG and evoked potentials
(AEPs, VTEPs, and PEPs)—are causally linked to the
TMS. Therefore, it is very difficult to differentiate
them from TEPs. Various efforts have been made to
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develop signal processing pipelines to separate these
different effects in the EEG, however they are not
able to remove all artifacts and confounds optimally
(Rogasch et al 2014, Biabani et al 2019).

To further explore how TEPs relate to other meas-
ures of effective connectivity, while also mitigating
the effects of confounds to the TEP, we compare TEP-
based measures of connectivity from a motor con-
trol visual feedback experiment to established stat-
istical measures of effective connectivity provided by
MVAR models from the same experimental dataset.
These MVAR-based estimates have been widely used
to infer effective connectivity from EEG data (Astolfi
et al 2007, Cheung et al 2010, Haufe et al 2010). We
expect the TEP-basedmeasures of effective connectiv-
ity to be closely related to MVAR-based measures of
effective connectivity.

There is a need for careful experimental design
to mitigate the effect of confounds on TEP-based
measures of effective connectivity. In this study, we
use a carefully chosen experimental design to allow
us to separate the TEPs from confounding factors.
Specifically, we use an experimental design in which
delivery of the TMS is kept identical across trials
and conditions throughout the study, while the par-
ticipants are asked to perform different actions or
observe different stimuli. Consequently, in this study
design any observed significant differences in TEPs
between the conditions are likely to relate to changes
in effective connectivity that arise from the parti-
cipant actions or stimuli, rather than noise, spontan-
eous oscillatory brain state dependent responses to
TMS (Desideri et al 2019, Janssens and Sack 2021),
or other types of confounding factors such as AEPs,
VTEPs, PEPs, or TMS-induced noise. Hence, this
approach allows us to investigate changes in effective
connectivity between conditions.

We use our approach to investigate how TEPs
measure effective connectivity between brain regions.
Specifically, we measure TEPs under two different
conditions during a movement control task. In one
condition we provide participants with visual feed-
back about the strength of their neural activity related
tomovement control, while in the other condition no
feedback is provided. We expect that, in line with res-
ults reported by Nikulin et al (2003), this will mod-
ulate the level of instantaneous effective connectivity
between the motor cortex and other areas of the cor-
tex (Noble et al 2013), which will in turn be manifes-
ted as differences in TEP amplitudes between the two
conditions.

2. Methods

2.1. Outline
We make use of a previously recorded joint TMS-
EEG dataset to address our research questions. We

first investigate TEPs in this dataset to determine
whether they differ as a function of visual feedback
of movement control. We then identify relationships
between TEP- andMVAR-derived measures of effect-
ive connectivity by adopting an approach of selecting
analysis parameters, e.g. measures of effective con-
nectivity, on an independent subset of the dataset
before then applying these selected parameters when
processing the remainder of the dataset. This analysis
procedure circumvents problems of ‘double-dipping’,
which happen when selection of analysis parameters
and data processing are done on the same set of data
(Kriegeskorte et al 2009).

2.2. Data
We use a previously recorded dataset that was collec-
ted for the purpose of evaluating corticospinal excit-
ability during motor control. The results of this study
and a detailed description of how the data was recor-
ded are provided elsewhere (Daly et al 2018). We
describe the key details of this dataset below.

2.2.1. Ethical statement
The data used in this study was originally recorded as
part of the work reported in a previous paper (Daly
et al 2018). In this paper we stated ‘ethical approval
for the study was granted by theUniversity of Reading
research ethics committee, where the research was
conducted by the authors, who were based in this
institution at the time of the research’.

2.2.2. Participants
A group of 12 healthy adults participated in the study
(7 female, 4 left-handed, aged between 21 to 36 years
old, with a median age of 25). The participants were
each paid £20.00 (GBP) and were screened to ensure
they were safe to participate in a joint TMS-EEG
experiment following the recommended screening
procedures presented by Rossi et al (2009).

2.2.3. Experiment
The original experiment was intended to explore how
corticospinal excitability differs over the course of a
period of movement control and as a result of the
presentation of visual feedback to participants. To
address these questions participants were asked to sit
and, in response to a visual cue, either make move-
ments (repeated flexion and relaxation of all four fin-
gers) with their right hand for a short (5 s) trial or
rest for the same length of time. In some trials par-
ticipants were presented with visual feedback indicat-
ing the strength of the event-related desynchronisa-
tion (ERD) recorded from their EEG (Stancak and
Pfurtscheller 1996), while in other trials they were not
given any feedback. TMS was delivered at a range of
different time points in the trial. These time points
were drawn from a distribution of different possible
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time points withmany of them determined relative to
the strength of the ERD as it changed over time.

The distribution of trials was such that for 90%
of the trials participants were asked to move and for
10% of the trials they were asked to rest. For 45%
of the trials (half the movement trials) participants
were given visual feedback of their ERD strength and
for 45% of the trials (the other half of the movement
trials) they were not given any feedback. TMS was
also delivered in two different ways. For half the tri-
als real TMS was delivered at a pre-identified hotspot
location in the brain (as measured by visual inspec-
tion of the EMG following the procedure proposed by
Rossini et al 2015), while for the other half of the tri-
als a sham TMS was delivered by a different TMS coil
orientated away from the head and placed at approx-
imately 10 cm distance from the head.

The timing of the TMS was determined by meas-
uring the strength of the ERD recorded via EEG.
Specifically, ERD was measured as the percentage
decrease in EEG bandpower within the combined
alpha and lower beta frequency band (8–20Hz) rel-
ative to the pre-movement cue baseline period via

ERD=
(Base− ERD)

Base
× 100, (1)

where Base denotes the median EEG bandpower in
the 2 s pre-cue baseline period and ERD denotes the
EEG bandpower within a 2 s long sliding window that
is slid along the 5 s movement period in steps of 0.1 s.

TMS was then delivered at one of the following
pseudo-randomly selected time points in each trial:
10%, 20%, 30%, or 40% of ERD strength, or at a fixed
time point of 33ms after the movement cue.

In total we recorded 90 trials with real TMS, 90
sham trials, and 20 rest trials from each participant.
Of the real TMS trials 45 were with feedback and 45
without, the same ratio was true for the sham trials.
The TMS was delivered at each of the ERD strengths
listed above (and the fixed time point of 33ms) for 36
trials per ERD strength threshold (18 during the real
TMS condition and 18 during the sham condition).

The experiment design is described with further
details in Daly et al (2018). The distribution of trial
types and timing of events within a trial is illustrated
in figure 1.

2.2.4. TMS
Single pulse monophasic TMS was delivered once per
trial at a range of time points in the trial. These time
points were determined by online measurement of
the ERD strength fromparticipants (see section 2.2.3)
and were delivered via a MagStim 200 stimulator
(MagStim, USA). The coil used to deliver the TMS
was a 10mm figure 8 coil placed over area M1 of
the left motor cortex and orientated at approxim-
ately 150◦. This coil was stimulated at 120% of the
resting motor threshold. Resting motor thresholds

were identified for each participant before the start of
the experiment following the procedure proposed by
Rossini et al (2015).

An identical coil positioned 10 cm from the head
and orientated away from the head (rotated 180◦

along the axis of the coil handle) was used to deliver
the sham TMS. This sham TMS was delivered with
the same strength and timing distribution as the real
TMS.

2.2.5. Recording
Both EEG and EMGwere recorded from participants.
EEG was recorded from 32 electrodes placed using a
modified version of the international 10/20 system for
electrode placement that clustered the majority of the
electrodes over the left motor cortex. Specifically, the
following electrodes were used: FP1, FP2, F7, F5, F3,
F1, Fz, F4, F8, FC5, FC3, FC1, T7, C5, C3, C1, Cz, C4,
T8, CP5, CP3, CP1, CPz, P7, P5, P3, P1, Pz, P4, P8,
O1, and O2. The ground electrode was positioned at
AFz and the reference electrode at FCz.

A BrainProducts MR TMS compatible EEG amp-
lifier (BrainProducts, Germany) was used to record
the EEG at a sampling rate of 500Hz. This amp-
lifier has previously being shown to record transi-
ent TMS artifacts lasting only 10–20ms in the EEG
(Veniero et al 2009). Together with appropriate ear
protection this recording setup follows recommen-
ded good practice tominimise the TMS artifact in the
EEG (Mancuso et al 2021, Varone et al 2021, Farzan
and Bortoletto 2022, Hernandez-Pavon et al 2023).
The impedance’s of all the electrodes were kept below
10 kΩ for all participants.

EMGwas also recorded from all participants from
electrodes placed over the flexor digitorum superfi-
cialis muscle. A ground electrode for the EMG was
placed on the styloid process of the ulna near the wrist
of the right hand. EMG was recorded via a PowerLab
data recording system (ADI instruments, USA) at a
sampling rate of 4000Hz.

2.3. Pre-processing
For our study we processed the EEG to remove both
physiological and TMS artifacts. We first visually
inspected the EEG for artifacts. Specifically, author
ID inspected the EEG recorded during each trial,
while being blinded to the associated task in the trial,
and labelled any artifacts that were identified in the
trial. Trials were then rejected if they contained either
any visible EMG or movement artifacts on one or
more EEG channel (see section 3.1 for the number of
removed trials).

Blinks and other eye movement related arti-
facts were then removed from the EEG via ICA.
Specifically, the second-order blind identification
implementation of ICA was used to separate EEG
within each block into independent components
(Belouchrani et al 1993). These components were
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Figure 1. The distribution of trial types within the experiment (left; note the trials were presented in random order to
participants) and the timing of events within a single trial (right).

then inspected by author ID in the time, frequency,
and spatial domains, and components containing
blinks or other eye movement related artifacts were
removed before reconstruction of the cleaned EEG.
Note, it was not necessary to interpolate any indi-
vidual channels in our dataset because we did not
need to remove any channels from the data for any
participants.

Slow drift artifacts were then removed from the
EEG via subtraction of a fitted polynomial function.
Specifically, a second order polynomial was estimated
for each trial of EEG and then subtracted from the
trial in order to remove slow drifts and baseline shifts
in the EEG.

The TMS artifact was removed from the tri-
als via a process of piece-wise cubic interpolation.
Specifically, following the approach proposed in
Conde et al (2019), EEG within a 16ms time window
−0.002 to 0.014 s relative to the time of theTMSdeliv-
ery was replacedwith a piece-wise cubic interpolation
estimated from the EEG in the remainder of the trial.

The data was then further pre-processed slightly
differently for the TEPs and the MVAR models.

2.3.1. TEP pre-processing
The EEG was segmented into a set of trials for which
real TMS was delivered in order to characterise the
TEPs. These trials are denoted TTEP.

Additionally, a second subset of trials for char-
acterising the TEPs during the sham condition were
extracted from the EEG. This sham subset of trials
(denoted TSHAM) was used to verify that any observed
TEPs were the result of TMS and not potential con-
founds caused by interactions between the visual and
auditory systems as a result of feedback presentation
(see section 2.9).

We hypothesise that TEPs (which occur after
delivery of TMS) reflect the effective connectivity
within the brain at the time point when TMS is
delivered to the brain. Therefore, TEP-based meas-
ures of effective connectivity are most likely to reflect
the instantaneous effective connectivity at that time
point.

The trials which are used to characterise the TEPs
(TTEP and TSHAM) are defined as the epoch of EEG
from−2.0 s to 2.5 s relative to the time point at which
the TMS was delivered to the participants.

A 20th order notch filter at 50Hz was applied to
both theTTEP andTSHAM trials in order to first remove
50Hz power-line noise. This was followed by a 4th
order low-pass filter, which was used to filter the TTEP

and TSHAM trials to a frequency range below 100Hz.
The TTEP and TSHAM trials were than baseline cor-

rected by subtracting the median amplitude of the
EEG on each channel from the pre-TMS baseline
period (−2 to −0.002 s relative to the TMS time
point) from the remainder of the EEG in the trial.

2.3.2. MVAR pre-processing
The EEG was also separately processed and segmen-
ted into a set of trials for extracting MVAR paramet-
ers. First, the unsegmented EEG was z-scored across
channels following recommendations by Ding et al
(2000) to set the variance of each channel to the same
amount in preparation for later fitting of an MVAR
model to the data (see section 2.5).

The set of z-scored EEG was then segmented into
a set of trials, denoted T conn, which were used to fit
the MVAR models.

MVAR-based estimates of effective connectivity
measure connectivity within an epoch of EEG that
needs to be of sufficient length to estimate the MVAR
parameters. Furthermore, this time window cannot
include the time at which TMS is delivered as the TMS
artifact in the EEG (or the interpolated EEG used to
replace it, see above) will bias the MVAR parameter
estimation. Therefore, to estimate effective connectiv-
ity at approximately the same time point via MVAR
models as the TEP based measures, a slightly differ-
ent time window is needed for the T conn trials.

The T conn trials were defined as the epoch of EEG
from −0.5 s to 0.2 s relative to the TMS time point.
After processing these trials the MVAR model para-
meters are then estimated from the 0.5 s EEG epoch
immediately before the TMS delivery (−0.5 s–0 s).
Note, a longer time window is needed to estimated
TEPs because of the need for baseline correction,
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Table 1. Trial set types.

Trial type Description

TTEP Trials containing real TMS events
used for estimating TEPs

TSHAM Trials containing sham TMS events
used for estimating TEPs

TMVAR Trials containing real TMS events
used for estimating MVAR
parameters.

while theMVAR trials include 0.2 s after the TMS arti-
fact to allow accurate removal of this artifact before
focusing on the time window up to the TMS delivery
time.

The T conn trials were not narrow-band filtered in
order to fulfil the model assumption that the MVAR
coefficients transform white Gaussian noise into the
observed data (Schlögl, A. (personal communica-
tion)). When the MVAR model is fit to narrow-band
data, the noise term is also narrow-band, i.e. it is
not white, which in turn produces inaccuracies in the
estimated MVAR coefficients.

Following recommendations from Ding et al
(2000), and as used inWilliams et al (2018), the T conn

trials were also z-scored across trials to remove ERP
components from the EEG prior to fitting the MVAR
models (see section 2.5).

2.3.3. Pre-processed trials
In summary, we extract three sets of trials from the
EEG. These are summarised in table 1.

All three types of trial were re-referenced to a
common average reference montage.

2.4. TEPmeasurement
The TEPs were characterised from the pre-processed
TTEP trials by inspecting the grand average TEPs of the
trials on each channel under each of the feedback con-
ditions (with ERD feedback and without ERD feed-
back provided to participants).

Based upon our inspection of the TEP grand aver-
ages we then identify time points of key TEPs. These
time points are reported in section 3. The mean amp-
litude of the TEP at these time points on each channel
within each trial are then extracted and used to meas-
ure effective connectivity between the location of the
TMS coil and all other EEG channels.

We measure the differences in mean TEP amp-
litudes within these time points between the feedback
and no feedback conditions to determine if the pro-
vision of visual feedback to participants influences
effective connectivity. We hypothesise that provid-
ing visual feedback to participants about their ERD
strength as they perform a movement task will influ-
ence effective connectivity between the motor cortex
and other brain regions. As TMS was delivered to the
left motor cortex in our experiments we expect that
TEPs will allow us to measure effective connectivity

between this brain region and other brain regions at
which EEG electrodes are placed.

2.5. MVARmeasurement
To measure effective connectivity using statistical
analysis of the EEG, MVAR models were fitted to the
EEG in the T conn trials.

For a given set of measurements of neural activity
S(t) at time t,∈ [1, . . . ,T] (where T denotes the length
of the T conn trial), the MVAR model is defined as

S(t) =

p∑
k=1

A(k)S(t− k)+ E(t). (2)

according to which the current value of S is expressed
as the sum of a linear weighted combination of the
past values of S up to a givenmodel order p, and white
Gaussian noise E.A(k) denotes anM×Mmatrix that
contains the model coefficients at lag k, defined as

A(k) =

A11 (k) · · · A1M (k)
...

. . .
...

AM1 (k) · · · AMM (k)

 , (3)

whereM is the number of EEG channels. The coeffi-
cient Ai,j(k) denotes the linear weight relating Sj(t−
k) to Si(t) at lag k, thus furnishing a measure of causal
influence from channel j to channel i at lag k. In
our analysis, we identified the model order p via the
Bayesian information criterion (BIC) (Nicolaou and
Georgiou 2013) from the training data.

We use the MVAR model to extract the following
measures of effective connectivity from the EEG.

(i) Directed coherence
(ii) Directed transfer function
(iii) Partial directed coherence
(iv) Generalised partial directed coherence
(v) Coherence
(vi) Partial coherence

Directed coherence is a bivariate, frequency-
specificmeasure of effective connectivity while Partial
directed coherence is a multivariate extension of
Directed coherence (Baccala and Sameshima 2001).
Generalised partial directed coherence adjusts the
partial directed coherence measure for severe imbal-
ances in the variance of innovations (Baccala et al
2007). Finally, the Directed transfer function is a
multivariate measure of information flow between
sources (Kaminski and Blinowska 2014). Thesemeas-
ures can be derived from the MVAR parameters.

2.6. TMS coil estimation
While recording our dataset we used a wall moun-
ted clamp to hold the TMS coil in place, with manual
guidance of the coil location and without the use of
neuronavigation to adjust to participant head move-
ment during the experiment. This means we do not
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have a completely accurate recording of the location
for the TMS coil relative to the EEG channels.

To more accurately estimate of the TMS coil loc-
ation we used a source localisation method (Grech
et al 2008). Specifically, we use a finite element model
of the head (generated from an averaged anatomical
MRI available from the SPM toolbox) (Awada et al
1997, Hallez et al 2007, Wolters et al 2007). We split
thisMRI into 3 elements (scalp, skull, and brain), and
specified conductivity of each layer using the follow-
ing standardised values: brain= 0.75 sm−1, skull=
0.0042 sm−1, and scalp= 0.33 sm−1. These values
were chosen based on recommendations in Geddes
and Baker (1967), Baumann et al (1997), Hallez et al
(2007). Note, most modern source localisationmeth-
ods will seek to further segment the brain into cortical
spinal fluid, white matter, and gray matter (Hallez
et al 2007), but as the source we are interested in (the
TMS coil) is outside the head we do not need such a
precisemodel for our purposes.Weused dipole fitting
to estimate the mean location over participants and
trials of the dipole related to the TMS.We usedmeth-
ods from the Fieldtrip toolbox (version 20190819
(Oostenveld et al 2011)) in Matlab (version 2019a).

2.7. Parameter search
Each of the MVAR-derived estimates of effective con-
nectivity is extracted from a single frequency band
of width 1Hz. Specifically, the 6 different MVAR-
based estimates of effective connectivity described in
section 2.5 were extracted from frequency bands from
1 to 50Hz. This resulted in a set of 6 different MVAR-
derived estimates of effective connectivity in 50 dif-
ferent frequency bands, giving a set of 300 candidate
MVAR estimates of effective connectivity.

MVAR-based estimates of effective connectivity
provide an estimate of the connectivity between all
available pairs of channels. However, TEP-based per-
turbation measures of connectivity can only provide
a measure of the connectivity between the subset of
channels positioned directly underneath the TMS coil
and all other channels. Therefore, to meaningfully
compare MVAR-based estimates of connectivity with
TEP-based measures of connectivity it is necessary to
just extract the subset of MVAR-based estimates of
effective connectivity between the subsets of channels
in the neighbourhood of the TMS coil and all other
EEG channels. This subset of connectivity values is
then compared to the TEP-based measure of effective
connectivity.

In order to identify the optimal set of parameters
we randomly divided our dataset of 12 participants
into subsets using a 2 × 2 cross-fold train and test
scheme. The resulting training and a testing sets each
contained 6 participants. We then use the training set
to identify which combination ofMVAR-based estim-
ates of effective connectivity and analysis parameters

most closely reflects the TEP-based measure of effect-
ive connectivity, before verifying this measure in the
held-out test set.

It is first necessary to identify the subset of EEG
channels closest to the site of the TMS coil.Within the
training set we first estimated the location of the TMS
coil via source localisation (see section 2.6). Within
this same training set we then search for the subset
of channels that most accurately captures EEG activ-
ity from the region of the brain directly stimulated by
TMS.

To do this we search for a subset of channels loc-
ated near the estimated position of the TMS coil by
progressively adding EEG channels to the set of chan-
nels in the neighbourhood of the TMS coil in order
of increasing Euclidean distance from the estimated
location of the coil.

We then performed an exhaustive parameter
search to identify which combination of these para-
meters (number of proximal EEG channels, fre-
quency band of interest, and candidate MVAR-
derived statistical estimates of effective connectivity)
most accurately reflects the perturbation basedmeas-
ure of effective connectivity provided by the TEPs.

Within the training set we analysed the differ-
ences in effective connectivity patterns between the
feedback and no feedback conditions on a per parti-
cipant basis for the TEP-based measure of connectiv-
ity and for each of the candidate MVAR-based estim-
ates of connectivity over each of our search paramet-
ers. For a given set of parameter values we measure
the difference in connectivity patterns between the
feedback condition and the no feedback condition via
Bhattacharyya distance (a measure of the statistical
similarity between two distributions (Theodoridis
and Koutroumbas 2006)).

Thus, for each participant and each measure
of connectivity (TEP or MVAR) we form relative
adjacency matrices that indicate the differences in
connectivity—between the feedback vs. no feedback
conditions—between the EEG channels located in the
neighbourhood of the TMS coil and all other EEG
channels. This is defined asCi,j = {x ∈ R [0⩽ x⩽ 1]}
where i indicates the EEG channel in the neighbour-
hood of the TMS coil and j indicates one of the other
EEG channels.

The set of TEP-based adjacency matrices is
denoted CT and the set of MVAR-based adjacency
matrices is denoted CM. These adjacency matrices
denote the topology of connectivity over the head.
For each participant, we determine if this topo-
logy is similar between TEP and MVAR measures
by measuring the Pearson’s correlation coefficients
between the topographicmaps of connectivity (Wang
et al 2004). This provides a measure of how similar
the connectivity patterns are between the TEP and
MVAR measures. The parameter set that results in
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an MVAR-based estimate of connectivity that is most
similar to the TEP basedmeasure of connectivity over
all participants in the training set is then chosen and
evaluated within the held out test set.

2.8. Statistics
To verify that the MVAR-based estimate of effective
connectivity with the selected parameter set is more
similar to the TEP-based measure of effective con-
nectivity than could have occurred by chance, a boot-
strapping significance test is adopted. In the test set,
the pattern of distances between EEG channels in the
neighbourhood of the TMS coil and all EEG chan-
nels, are measured for each participant by both the
TEP-based measure of connectivity and the MVAR-
based estimate of connectivity. The distance between
the network topologies over the scalp of these two
connectivity estimates is then measured via Pearson’s
correlation coefficient.

A null distribution is then generated by generat-
ing a new null connectivity matrix Cb of the same
dimensions as the matrix CM but with edge weights
randomly drawn from the range 0 to 1. The correla-
tion between CT and Cb is then measured over 4000
re-generations of Cb to estimate the null distribu-
tion. The probability that the measured correlation
between CT and CM was drawn from this distribution
is then estimated in order to evaluate the significance
of the measured correlation between CT and CM in
the test set.

2.9. Confounds
TEPs arise from magnetic stimulation of one brain
region by TMS. However, the TMS device is also cap-
able of producing other effects in the EEG that need to
be considered as possible confounds when perform-
ing analysis of the TEP (Conde et al 2019).

The TMS device produces a loud, short dura-
tion, acoustic click noise when activated. This acous-
tic effect can result in AEPs, which are time locked to
TMS activation and, therefore, can be very difficult to
differentiate from TEPs. Furthermore, these acoustic
effects can differ between real TMS and a sham con-
dition due to conduction through the bone as a result
of direct contact between the coil used to deliver real
TMS and the scalp. TMS also produces vibro-tactile
stimulation of the scalp when stimulated and peri-
pheral nerve stimulation of nerve fibres in the scalp.
Both these forms of stimulation can produce evoked
potentials that also act as confounds in the analysis of
the TEP (Conde et al 2019).

Our experimental design mitigates these known
confounds of the TEP by investigating how TEPs are
effected by visual feedback to the participant. In both
trial conditions in our experiment (feedback and no
feedback) the TMS is delivered at the same location
on the head and with the same timing and amount

of power. Thus, AEPs, bone conduction, vibro-tactile
ERPs, and peripheral nerve stimulation ERPs are
unlikely to be significantly different between the feed-
back and no feedback conditions, mitigating these
potential confounds.

However, presentation of visual feedback to par-
ticipants may act to effect auditory evoked poten-
tials (AEPs) through modulation of acoustic atten-
tion networks (Braga et al 2016). Put another way,
changes in visual stimuli can act to modulate parti-
cipants acoustic attention, which may in turn effect
AEP amplitudes.

To investigate this potential confound we also
repeat our analysis of the TEPs with the sham TMS
condition. Sham TMS produces approximately the
same amount of acoustic noise as real TMS (the sham
coil was only approximately 10 cm away from the real
coil and activated with the same level of power). We
hypothesis that, if the visual feedback to the parti-
cipants is significantlymodulating AEPs, there should
also be significant differences in evoked potentials
between the feedback and no feedback conditions
during the sham trials. On the other hand, if there
is no AEP confound in the TEPs there should not be
a significant difference in evoked potentials between
the feedback and no feedback conditions during the
sham TMS trials.

3. Results

3.1. Pre-processing
A mean of 4 trials (±3.19 standard deviation) were
removed from each participant due to excessive arti-
facts. ICA was used to remove physiological artifact
components during the pre-processing stage. This
resulted in an average of 1.98 (±1.44 standard devi-
ation) ICs being removed from each participants
data.

3.2. TMS coil location
The mean location of the TMS coil, estimated via
source localisation, is illustrated in figure 2.

It is not possible to verify the location of the coil
numerically as we did not record the exact location
of the TMS coil while recording the data. However, as
TMSwas applied over the left motor cortex the estim-
ated location of the coil appears to be approximately
correct.

3.3. TEPs
TEPs are characterised at each EEG channel location
on the head for each of the two conditions, visual
feedback and no visual feedback. Figure 3 illustrates
the TEPs at all channels on the head.

The TMS coil is located approximately over the
centre of the left motor cortex (area M1 of the left
motor cortex) and some TEPs are present over this
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Figure 2. Heatmap of estimated locations of the TMS coil. The location of the coil is illustrated in shades of blue with the size and
colour intensity indicating the approximate number of times the paddle was estiamted to be in a particular location. The red dots
illustrate the locations of the EEG channels.

Figure 3. Grand average TMS evoked potentials (TEPs) from all participants over all EEG channels for the two conditions, visual
feedback given to participants (blue) and no feedback given to participants (red). The dark lines represent the mean average
amplitudes of the TEPs, while the shaded areas represent the 95% confidence intervals.
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Figure 4. Examples of grand average TEPs from all participants on EEG channels Cz and CP3 for the two conditions, visual
feedback given to participants (blue time series) and no feedback given to participants (red time series). The dark lines represent
the mean average amplitudes of the TEPs, while the shaded areas represent the 95% confidence intervals. The topographic plots
illustrate channels at which significant differences are found (red locations, p < 0.05, t-test, corrected for multiple comparisons
via false discovery rate correction).

region of the brain. There are also TEPs at several
other locations in the brain including both the left
and right prefrontal cortex and the occipital cor-
tex. Furthermore, there are marked differences in the
amplitudes of the TEPs between the feedback vs. no
feedback conditions on several channels. This sug-
gests that the presentation of visual feedback to par-
ticipants during a motor control task effects the level
of effective connectivity.

This can be observed in detail by inspecting
the TEPs on individual channels. Channels Cz and
CP3 are selected as interesting examples of the TEPs
evoked during our experiment. These channels are
illustrated in figure 4.

There are TEPs present at a range of time points
with clear N40, P50, N90, P280, and P360 TEPs on
many channels. Clear TEPs may be observed under
both conditions, with negative peaks at approxim-
ately 40ms, and 90ms, as well as positive peaks at
50ms, 280ms, and 360ms. There are also clear dif-
ferences in the TEP amplitudes between the two con-
ditions. On channels located over the central cor-
tex, such as Cz, these differences are most promin-
ent from approximately 40ms to 90ms after the TMS
is delivered to the participant. A detailed illustration
of how these TEPs at 90ms differ between conditions
over all channels is illustrated in figure 5.

On channels located over the left central-parietal
cortex, such as CP3, the significant differences
between the feedback and no feedback conditions are
considerably later and peak at times of 280ms and
360ms. This suggests that the effective connectiv-
ity between the site of the TMS (approximately over
area M1 of the left motor cortex) and multiple brain
regions differs as a function of visual feedback of the
ERD strength to participants and results in changes
to both early and late TEPs.

We also investigated the possibility that interac-
tions between the change of visual stimuli (between
the feedback and no feedback conditions) and atten-
tion networks were producing confounding AEPs.
Specifically, we repeated our analysis with the sham
TMS condition. If there is an AEP confound effect
we would expect to see a similar pattern of significant
evoked potentials in the sham TMS condition com-
pared to the real TMS condition.

After correction for multiple comparisons we did
not find any significant differences in evoked poten-
tials between the feedback and no feedback con-
ditions during the sham TMS trials. This is illus-
trated in figure 6, which shows an example of the
TEPs produced during the sham condition along
with the topographic significance maps for the same
time points we previously identified during the real
TMS condition. There are no significant differences
observed between the feedback and no feedback con-
ditions at any time points or channels during the
sham TMS condition.

3.4. Connectivity measures
We investigate how MVAR-based measures of con-
nectivity compare to TEP-based measures of con-
nectivity. Within the training set, the BIC was used
to identify the optimal model order for the MVAR
model from the training set. This revealed that over
the 4 folds within our 2× 2 cross-fold validation
scheme, a model order of 4 was optimal for fitting
MVARmodels to our dataset. Additionally, our para-
meter search within the training set revealed that the
set of EEG channels that are in the neighbourhood of
the TMS coil consists of channels FC3, C5, C3, and
CP3. Channels C3 and C5 are selected in all folds,
while channels FC3 and CP3 are selected in 2 folds.
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Figure 5. The mean and confidence intervals of the TEP amplitudes at 90ms for the feedback (FB) and no feedback (No)
conditions over all channels and participants. Significant differences are indicated via ‘p’ values (t-test, corrected for multiple
comparisons via false discovery rate correction), while non-significant differences are indicated via ‘n.s’.

Figure 6. Grand average TEPs from all participants over example EEG channel CP3 for the two conditions, visual feedback given
to participants (blue time series) and no feedback given to participants (red time series) during the sham TMS condition. The
dark lines represent the mean average amplitudes of the TEPs, while the shaded areas represent the 95% confidence intervals. The
topographic plots indicate channels at which significant difference are found (note, no significant differences are observed during
the sham condition).

TheMVAR-based estimates of connectivity across
the available frequency bands are compared to the
TEP-based connectivity maps derived from the N40,
P50, N90, P280, and P360 TEPs within the training
set. For each of these evoked potentials we systematic-
ally search forMVAR parameters which result in con-
nectivity patterns that are similar to the TEP-based

connectivity patterns (as measured by Pearson cor-
relation coefficient). We then validate these identified
MVAR patterns in our held out test set.

Our results reveal that the N40 TEP is most sim-
ilar to the MVAR-derived measures of effective con-
nectivity, based on coherence, at 39Hz (±7.32Hz
over folds). Specifically, partial squared coherence is
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Table 2.MVAR parameters selected over folds.

Fold Causality measure Frequency (Hz)

1 Partial coherence 43
2 Partial squared coherence 35
3 Generalised directed partial coherence 46
4 Partial squared coherence 30

Figure 7. Topographic maps—over EEG channels—of Bhattacharyya distances between the feedback and no feedback conditions.
The left plot indicates Bhattacharyya distances between feedback and no feedback in N40 TEP amplitudes in the training set,
while the centre plot indicates Bhattacharyya distances between feedback and no feedback in directed coherence at 30Hz (derived
via the MVAR model) in the training set. The radius of the red highlighted circles indicate the Bhattacharyya distances comparing
the feedback vs no feedback conditions. The right plot illustrates the differences between the TEP and MVAR measures of
connectivity.

identified, from the training set, in 2 folds, partial
coherence in 1 fold, and generalised directed partial
coherence in 1 fold, as producing the connectivity
pattern that is most similar to the TEP connectivity
pattern in the test set. These findings are summarised
in table 2.We further verify this is statistically signific-
ant in the test set via a bootstrapping approach. This
reveals that the patterns of effective connectivity iden-
tified by directed coherence and TEPs are statistically
significantly similar to one another in the testing set
(correlation coefficient r = 0.282, p< 0.001).

The similarity of the TEP andMVAR connectivity
patterns in the training set are illustrated in figure 7,
while figure 8 illustrates the results in the testing
set. These results suggest that directed coherence in
the frequency range 30–46Hzmeasures effective con-
nectivity in a way that is most similar to the way
effective connectivity ismeasured by the perturbation
based measure provided by TEPs.

In summary, it can be seen that EEG electrodes
over the left pre-frontal cortex and EEG electrodes
over the central cortex differ significantly in effect-
ive connectivity strength with channels in the neigh-
bourhood of the TMS coil between the feedback and
no feedback conditions. Similar connectivity patterns
are found via TEPs and in directed coherence at 30–
46Hz.

4. Discussion

In this paper, we investigated how TEPs can be used
to measure effective connectivity. TEPs have been

described as a source of ambiguity in studying brain
connectivity (Belardinelli et al 2019, Conde et al 2019,
Siebner et al 2019) due to the difficulties in disen-
tangling the TEP from the multitude of potential
confounds caused by the TMS. However, our exper-
imental design allows us to mitigate many of these
confounds by exploring how TEPs change as a result
of visual stimuli. We also make use of a sham TMS
condition to account for any additional potential
confounds arising from interactions between visual
stimuli and auditory attention networks (Braga et al
2016).

Our results reveal a significant difference in TEP
amplitudes between the visual feedback and no feed-
back conditions when participants attempt motor
control of the right hand. This difference is observed
between the M1 region of the motor cortex and both
the prefrontal and central cortex, with significantly
higher amplitude TEPs observed in the no feedback
condition, suggesting increased effective connectiv-
ity from the motor cortex to multiple other cor-
tical areas when no visual feedback is presented. We
observed several TEP components including negative
components at between 0.04–0.09 s and later posit-
ive components at between 0.28 s to approximately
0.4 s. The early negative components are similar to
the N100 TEP, which has been previously reported to
be effected by performing cued movements (Nikulin
et al 2003).

These findings suggest that effective connectivity
(as measured by TEPs) changes dynamically during
motor execution. Furthermore, these changes in the
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Figure 8. Topographic maps—over EEG channels—of Bhattacharyya distances between the feedback and no feedback conditions.
The left plot indicates Bhattacharyya distances between feedback and no feedback in N40 TEP amplitudes in the testing set, while
the centre plot indicates Bhattacharyya distances between feedback and no feedback in directed coherence at 30Hz (derived via
the MVAR model) in the testing set. The radius of the red highlighted circles indicate the Bhattacharyya distances comparing the
feedback vs no feedback conditions. The right plot illustrates the differences between the TEP and MVAR measures of
connectivity.

dynamics of effective connectivity are modulated by
the provision of visual feedback of the ERD to parti-
cipants. This further supports the notion that effect-
ive connectivity should be considered as a dynamic
process, rather than a static fixed state.

Our results are supported by findings from pre-
vious studies that report significant connectivity
between M1 and the SMA during both motor plan-
ning and movement control (Yeom et al 2020). For
example, Nikulin et.al. reported that the N100 TEP
decreased as a result of switching from rest to a cued
movement (Nikulin et al 2003) and we see a signific-
ant change in N100 amplitude a result of switching
from feedback to no feedback during a cued move-
ment. Our results are also supported by a recent fMRI
study, which shows that connectivity between the pre-
motor cortex and the putamen is modulated by visual
feedback to the participant during movement control
(Noble et al 2013).Given this corroboration frompre-
vious studies, our results show how TEPs can be used
tomeasure changes in effective connectivity as a result
of visual feedback of motor control.

While TEPs have been previously proposed by a
number of authors as a measure of effective brain
connectivity (Ilmoniemi et al 1997, Hampson and
Hoffman 2010, Rogasch and Fitzgerald 2013, Vink
et al 2017) others have raised concerns about the
influence of confounds on interpretation of the TEPs
(Biabani et al 2019, Conde et al 2019, Siebner et al
2019, Freedberg et al 2020, Rocchi et al 2021). These
confounds include a number of evoked potentials that
arise directly fromdelivery of the TMS.Consequently,
they have proved challenging to separate from the
TEP and even lead some to conclude the TEPs are
inherently ambiguous (Belardinelli et al 2019, Conde
et al 2019, Siebner et al 2019).

Our study mitigates the effects of many of these
confounds on the TEP. By asking participants to
engage in some specific task we can use TEPs to
measure task-related changes in effective connectiv-
ity between brain regions. Specifically, factors that are
likely to confound the TEP are controlled between
conditions. For example, the acoustic noise of the
TMS is constant between conditions, as is the vibro-
tactile stimulation resulting from the TMS, and
induced electrical artifacts. Additionally, the orient-
ation of the TMS coil could produce changes in field
strength from trial to trial and this is known to effect
EEG responses to TMS (Casarotto et al 2010). Indeed,
as in our study, the coil was hand-held and no neuro-
navigation system was used coil orientation is likely
to change randomly from trial to trial. However, as
the content of the trials (feedback vs no feedback)
was randomly ordered and unpredictable to both the
participant and experimenter (who was holding the
coil) this is unlikely to differ systematically between
the feedback and no feedback conditions and hence
unlikely to confound the TEPs.

Consequently, our results support our hypothesis
that TEPs differ significantly between study condi-
tions in a way that could not have been caused by
many types of TMS-related confound. Additionally,
the confound that arises from interaction between
visual stimuli and auditory attention is controlled
for by use of a sham condition. However, it is
important to note that vibro-tactile stimuli may
also induce some changes in acoustic stimulation
and that this cannot be controlled by the use of
our sham condition as our sham TMS is too far
from the head to induce vibro-tactile stimulation.
Further investigation of this potential confound is
required.
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It may be argued that the presentation of visual
feedback to participants is likely to produce a visual
evoked potential (VEP) and that this VEP will dif-
fer between the feedback vs. no feedback conditions.
However, the timing of the delivery of our TMS is not
determined by, or temporally linked to, the presenta-
tion of visual feedback. Meaning that any VEPs that
arise from the presentation of visual feedback are
not synchronised over trials with the TMS and, con-
sequently, these VEPs will cancel out when averaged
across multiple trials. This can be further verified
by inspecting the ERPs in the sham condition. The
sham condition contains identical visual feedback,
delivered in an identical manner at times that are
unpredictable to participants (pseudo-randomised
across trials). Thus, if our observed TEPs contain VEP
elements wewould expect these to remain in the sham
condition. However, there are no apparent VEPs in
the sham condition, further verifying that VEPs are
not influencing our TEPs.

There are several additional types of artefact that
can arise in the EEG as a result of TMS and hence
confound the TEP. These artefact types are detailed by
Varone et al (2021) and, in addition to the artifacts we
have already considered above (pulse artifacts, evoked
potentials, movement artifacts etc) they include slow
capacitive discharge in EEG electrodes, movement
of the electrodes, polarisation of the elections, and
recharge artifacts. We followed recommendations in
Varone et al (2021) to remove these artifacts through
use of low impedance EEG recordings, the use of
Ag/AgCl electrodes, aligning the EEG wires ortho-
gonally to the coil handle, the use of a direct-coupled
amplifier, earplugs for participants, and by timing the
recharge of the TMS device to occur in between trials.

In addition to these measures several research-
ers recommend the use of relatively high EEG sample
rates to aid interpolation-based removal of the pulse
artifact and accurate reconstruction of the TEP.
However, a high sampling rate is just one method,
among many, that can be used to reduce the effect of
TMS artifacts and enable their effective removal. For
example, Farzan and Bortoletto (2022) note that spe-
cialised amplifiers (such as the one used in our study)
or electrodes can be used instead of high sample rates
to support effective interpolation to remove the TMS
artifact, while Varone et al (2021) note that instead
of relying exclusively on high sample rates a num-
ber of recording circuits, such as sample and hold cir-
cuits, have been proposed tominimise the effect of the
TMS artifact. Indeed, several TEP studies have shown
that sample rates of 500Hz or less can allow effective
removal of the TMS artifact and characterisation of
the TEP (Thut et al 2005, Yamanaka et al 2013, Sasaki
et al 2021).

To further investigate TEPs as measures of effect-
ive connectivity, we sought to verify if an established
statistical estimate of effective connectivity relates to

the perturbation-based measures of effective con-
nectivity provided by TEPs. To do this we usedMVAR
models to estimate effective connectivity between
EEG channels in the neighbourhood of the TMS
coil, and all EEG channels. We extracted 4 different
measures of effective connectivity at 50 different fre-
quency bands and split our data into training and test-
ing sets to first search for the statistical estimate of
effective connectivity that most closely matched the
perturbation measure of effective connectivity iden-
tified by TEPs and then verify it in the held out
test set.

Our results revealed that directed coherence
between 30–46Hz is most similar to the effective
connectivity measure provided by the early N40
TEP. The 30–46Hz frequency is within the upper
beta frequency band, which is widely reported to
be involved in motor planning and control (Chung
et al 2017). These results are similar to those repor-
ted in a recent study (Vink et al 2019) which demon-
strates a correspondence between TEPs and some
measures of functional connectivity. However, our
study is the first one to our knowledge demonstrat-
ing a correspondence between TEP-based and stat-
istical measures of effective connectivity. Aside from
giving insight into the nature of the relationship
between TEP-based and statistical measures of effect-
ive connectivity, our finding provides further support
for the use of TEPs to measure changes in effective
connectivity as a result of visual feedback of motor
control.

However, our results must be interpreted with
caution. Specifically, our MVAR parameters and our
TEP amplitudes are, by necessity, measured from
slightly different time windows. MVAR paramet-
ers are estimated from the 0.5 s window immedi-
ately before the TMS, while TEP based connectivity
provides a measure of cortical excitability between
brain regions and is measured at the time point of
the TMS. It is possible that effective connectivity pat-
terns are relatively stable over this short time period.
However, it is also possible that, during the course of
movement control, instantaneous connectivity pat-
terns are changing relatively rapidly and the different
methods are not able to capture this change in con-
nectivity dynamics perfectly. Further investigation is
required.

Additionally, the relatively small dataset of 12
participants used in our study prevents us from
drawing further conclusions from our results. We
took measures to guard against false positives, such
as FDR-based correction for multiple comparisons
(Benjamini and Hochberg 1995), when assessing
TEPs and using low p-value thresholds of p< 0.001
when comparing MVAR-based and TEP-based con-
nection patterns. Applying FDR-based correction
was, for example, shown to be effective in not allowing
any (false positive) statistically significant differences
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in TEP amplitudes between the feedback and no-
feedback trials, in the shamTMS condition. However,
we acknowledge the risk of false positive and false
negative findings due to the low small sample size.
Specifically, the small sample size might be reflec-
ted in exaggerated statistically significant effects (false
positives) or in missing statistically significant effects
due to the low statistical power (false negatives)
(Button et al 2013). Further, we note that we used
a valid and recommended approach to select the
optimal set of parameters (Kriegeskorte et al 2009)
for a given analyses, which promotes the robustness
of our conclusions. To provide additional evidence of
the robustness of our approach we report the para-
meters found via our approach over the different
folds within our study population. We found only
small differences in parameters identified over each
fold.

Additionally, the set of 32 EEG channels that we
recorded from are biased to the left hemisphere. This
is a result of the specific question that the prior
study (from which our dataset is taken) was attempt-
ing to address. However, it means that we have far
fewer electrodes available over the right hemisphere
than the left hemisphere. Consequently, connectiv-
ity patterns—identified via both TEPs and MVAR
models—that involve activity in the right hemisphere
should be interpreted with caution.

Nonetheless, our results clearly show a differ-
ence in TEP amplitudes as a function of visual feed-
back during movement control, which we inter-
pret to reflect differences in effective connectivity.
Furthermore, we have found a clear relationship
between directed coherence, measured by MVAR
models, and TEP-based measures of effective con-
nectivity. Taken together, these results support the
validity of using TEPs to measure changes in effect-
ive connectivity as a result of visual feedback of
motor control. This could further establish TEPs
as an accurate means of delineating region-region
maps of effective connectivity differences in a vari-
ety of cogntivie tasks, which can in turn be used
to identify network-based features relevant to cog-
nition (Rogasch and Fitzgerald 2013, Ozdemir et al
2020) and neuropsychiatric disorders (Hampson and
Hoffman 2010).
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