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ARTICLE INFO ABSTRACT

Keywords: Background: Transcranial magnetic stimulation (TMS) combined with electroencephalography (EEG) can provide
TMS-EEG insight on cortical excitability and brain circuits. TMS-evoked potentials (TEPs) are phase-locked waveforms
Reliability

reflecting neural activity, with potential applications in psychiatry and neurology. However, the reliability of
TEPs remains underexplored, hindering clinical standardization. This systematic review evaluates TEP reliability,
focusing on commonly used measures and assessments.

Methods: A systematic review was conducted on PubMed for studies from 2002 to October 10, 2024, using
keywords combining TMS, EEG, and reliability terms. Systematic reviews and non-English articles were
excluded.

Results: Eighteen studies met inclusion criteria, mostly assessing young, healthy populations. Late TEP compo-
nents demonstrated high relative reliability, while early components exhibited lower reliability and variability
across sessions. Analytical methods like the intraclass and concordance correlation coefficients, and Pearson’s
correlations consistently favored late TEPs.

Discussion: Late TEPs exhibit higher reliability, while early components require further research. TMS artifacts
complicate interpretation, in both late and early responses. Formal reliability assessments, standardized pro-
tocols, and diverse populations are essential for advancing TEP reliability for clinical application.

Conclusions: A more comprehensive reliability assessments is needed before the implementation of clinical
applications.

TEPs
SDC
ICC

1. Introduction electromyography (EMG). In this case, TMS elicits motor-evoked po-
tentials (MEPs) in contralateral muscles to investigate the excitability,

Transcranial magnetic stimulation (TMS) can be combined with conduction, and integrity of the cortico-spinal tract (Barker et al., 1985;
neurophysiological and/or neuroimaging techniques to measure the Chen et al., 2008; Kobayashi and Pascual-Leone, 2003; Rossini et al.,
state of the nervous system. The most common combination is with 2015). TMS-induced MEPs are an established measure used in clinical
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practice to examine the functional state of corticospinal pathways in
diseases involving motor dysfunction (Groppa et al., 2012).

TMS can also be combined with electroencephalography (EEG) to
measure the direct cortical response to the TMS pulse (Ilmoniemi et al.,
1997) and assess cortical excitability and effective connectivity,
including in non-motor brain regions. The former refers to the strength
at which the cortex responds to TMS (Bonato et al., 2006; Casula et al.,
2022; Kahkonen et al., 2004), the latter refers to the activation of re-
gions distant from the stimulation site and connected through structural
and functional connections (Bortoletto et al., 2015, 2021; Momi et al.,
2021a; Ozdemir et al., 2020; Zazio et al., 2022). Compared to other
neuroimaging methods, the combination of TMS-EEG may offer a
unique window into the study of the brain, as it possesses both the high
temporal resolution of the EEG and the causal link to a specific region of
cortex targeted by the TMS (Bortoletto et al., 2015).

Specifically, TMS-evoked potentials (TEPs) are complex phase-
locked waveforms that reflect the cortical spreading of neural activity
after TMS. TEPs capture the brain’s complex response to stimulation and
offer a range of analysis approaches, including examining peak ampli-
tudes and latencies, decomposing and studying the signal in the time-
—frequency domain, and assessing intrinsic signal complexity. Many
studies have shown the potential application of these TEPs to investigate
alterations in cortical activity for psychiatric conditions such as major
depressive disorder, bipolar disorder and schizophrenia (Canali et al.,
2015; D’Agati et al., 2014; Kirkovski et al., 2016; Levit-Binnun et al.,
2009; Naim-Feil et al., 2016; Noda et al., 2018b, Noda et al., 2018a),
neurological conditions such as Alzheimer’s disease (Bagattini et al.,
2019; Casarotto et al., 2011; Ferreri et al., 2021, 2016; Julkunen et al.,
2008; Koch et al., 2018; Kumar et al., 2017), disorders of consciousness
(e.g., Arai et al., 2021; Bai et al., 2016; Bodart et al., 2017; Casarotto
et al., 2016; Ferrarelli et al., 2010; Formaggio et al., 2016; Gosseries
et al., 2014; Massimini et al., 2012; Ragazzoni et al., 2017, 2013;
Rosanova et al., 2012, Rosanova et al., 2009; Sarasso et al., 2014; for
review see Ragazzoni et al. 2017) and stroke (Bodart et al., 2017; Borich
et al., 2016; Cipollari et al., 2015; Manganotti et al., 2015; Pellicciari
et al., 2018).

Despite these studies prospect a clinical application of TMS-EEG, this
technique is still far from achieving clinical standards. A systematic
quantification of reliability of TEPs is needed to plan their exploitation
in clinical contexts, e.g. in clinical trials (Julkunen et al., 2022). Here,
we aim to (1) provide a working definition of reliability in the context of
TMS-EEG, specifically focusing on types of test-retest reliability as-
sessments and their specific meaning; (2) review the current literature
on TEP reliability and (3) assess if TEPs can be considered reliable
indices to be used for clinical applications.

Understanding the reliability of TEPs is crucial for their application
in clinical contexts; however, a significant limitation in the field has
been the lack of consistency and consensus regarding how reliability is
defined. The following section aims to clarify these concepts to facilitate
a more unified approach.

1.1. Consensus terminology and definition of reliability

When discussing the reliability of a biomarker or biological measures
more generally, there are often inconsistent ideas of what reliability is.
This is due to the use of different terminology to convey overlapping
meaning, for example, reproducibility, validity, stability, and consis-
tency. Moreover, some of these terms relate to different statistical con-
cepts, leading to further misinterpretations (Mokkink et al., 2010; de Vet
et al., 2006).

Adopting consensus terminology from Mokkink et al. (2010), the
usefulness of a neurophysiological measure as a clinical or diagnostic
tool depends on its validity, responsiveness, and reliability. In the context
of neurophysiology, these domains cover the ability of a measure to (1)
assess a neurophysiological process of interest (validity), (2) detect
neurophysiological changes when they occur (responsiveness), and (3)
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remain stable in unchanging conditions (reliability) (see Table A2 in
Mokkink et al. 2010).

Over the years, most of the debate on TMS-EEG has focused on its
validity (Farzan and Bortoletto, 2022; Hernandez-Pavon et al., 2023;
Parmigiani et al., 2023) and responsiveness (Julkunen et al., 2022;
Napolitani et al., 2014; Tremblay et al., 2019), while TEPs reliability has
been only partially established.

Given the ambiguity surrounding the definition of reliability, it is
essential to clarify how reliability is operationalized, to ensure mean-
ingful assessments.

1.2. Operationalization of reliability

Reliability is operationalized by breaking it down into two equally
important parts, relative and absolute (Atkinson and Nevill, 1998;
Beaulieu et al., 2017; McManus IC, 2012; Schambra et al., 2015; Weir,
2005).

Relative reliability refers to the degree to which unchanging in-
dividuals maintain their position relative to each other across repeated
measures (Streiner and Norman, 2016; Terwee et al., 2007; de Vet et al.,
2006; Weir, 2005). In other words, if we take the same measure is taken
at two time points (e.g., TO and T1) or by two raters in the same cohort of
individuals, relative reliability refers to the degree to which the ranking
of individuals is the same between the two time points or raters.
Therefore, relative reliability depends both on within-subject variance
and between-subject. This kind of reliability can be assessed with the
intraclass correlation coefficient (ICC)

between subject variance

Relative Reliability = ICC = - : :
between subject variance -+ residual error

0.2

: (€8]

= 2 2
o5 + 0%

where the between-subject variance and the residual error are estimated
using mean square values. Based on the design of the experiment and the
desired reliability outcome, the terms of the above equation can be
estimated in different ways depending on the specific ICC model chosen.
Each model accounts for different sources of variance, such as whether
measurements are made by the same or different raters or whether raters
are considered random or fixed effects. The choice of model impacts how
the between-subject variance and residual error are calculated. How-
ever, a detailed discussion of these models is beyond the scope of this
review (see Shrout and Fleiss, 1979; Weir, 2005 for details). The closer
the ICC value is to 1, the higher the relative reliability. Values near
0 indicate poor to null relative reliability, while negative values are not
theoretically meaningful but are possible in some cases (Giraudeau,
1996). When interpreting ICC values, many studies refer to Shrout
(1998), who defined ranges of relative reliability with 0.00-0.10 as
“virtually none”, 0.11-0.40 as “slight”, 0.41-0.60 as “fair”, 0.61-0.80 as
“moderate” and 0.81-1.00 as “substantial” (Shrout, 1998).

Absolute reliability, in contrast, captures the degree to which repeated
measures for the same unchanged individual at different time points (e.
g., TO and T1) remain the same. Absolute reliability can thus be
considered the absolute difference between measures taken at two
different time points. If the absolute difference is small, the absolute
reliability is high, while if the difference is high, the absolute reliability
is low. Absolute reliability is often operationalized with the standard
error of a measurement. To avoid confusion with the standard error of
the mean, the abbreviation SEMeas is adopted here as in Schambra et al.,
2015 (Beaulieu et al., 2017; Mokkink et al., 2010; Schambra et al., 2015;
Terwee et al., 2007; de Vet et al., 2006). SEMeas typically captures the
residual error (but in one of its variants, it can capture both residual and
systematic errors) of a repeated measure (Hopkins, 2000). The smaller
the SEMeas, the lower the measurement error across sessions and the
more consistent the measure is:
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Absolute reliability = SEMeas = V'residual error = \/é 2

An important feature that differentiates the SEMeas from the ICC is that
the SEMeas does not depend on the variability of the population in
exam; hence, it is not influenced by between-subject variability. Rather,
it captures the “typical error” of a measure, which mostly depends on the
technique and is independent to the population (Hopkins, 2000).
SEMeas is often used to derive a more immediate index, the smallest
detectable change (SDC, also called minimal difference) (Beaulieu et al.,
2017; Schambra et al., 2015; Terwee et al., 2007; Weir, 2005), which
indicates the smallest change needed in a measure that can be consid-
ered a “true” change. For example, the smallest change in uV of a TEP
component in a test-retest paradigm is considered a real effect of the
manipulation rather than a random fluctuation.

In addition to the ICC, SEMeas, or SDC, other indices can be
computed to assess reliability. It is worth mentioning the concordance
correlation coefficient (CCC), which has often been used in the
TMS-EEG literature. The CCC (Lin, 1989) evaluates the agreement be-
tween two variables, considering both the correlation and the accuracy
of the data, making it a more comprehensive measure of agreement.
Unlike the ICC, which focuses on variance components, the CCC takes
into account both the precision (how well the data points follow a linear
relationship) and accuracy (how closely they follow the line of perfect
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agreement) between measurements (Barnhart et al., 2007; Carrasco and
Jover, 2003). While in some cases the CCC can yield results similar to the
ICC, the inclusion of accuracy assessment makes it a useful comple-
mentary metric, particularly in clinical contexts where both the
magnitude of differences and the direction of deviations between
repeated measures matter. A high CCC indicates not only that the data
points are correlated, but also that they align closely with the line of
perfect agreement, providing a clearer picture of test-retest reliability.
As a result, CCC has become a preferred choice in some TMS-EEG studies
when precision and accuracy are equally important for assessing the
reliability of derived measures across time. However, CCC should not be
seen as a replacement for the combination of ICC and SEMeas. While
CCC incorporates both precision and accuracy, SEMeas remains crucial
for isolating measurement error independent of population variability
(see Appendix 1 for an example of why the combination of relative and
absolute reliability is crucial for reliability assessment).

2. Methods

In light of the abovementioned consensus terminology, here we re-
view the current literature on TMS-EEG reliability. We included studies
that used TMS and EEG as the primary research technique. Additionally,
the studies had to focus on reliability of any TEP measure. We excluded
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Fig. 1. PRISMA flowchart of studies selection.
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systematic reviews and any articles written in a language other than
English. The article search was conducted on the PubMed database and
was concluded on October 10th, 2024. We applied restrictions on pub-
lication dates, considering only articles published from 2002 to the
present, and sorted them by publication date from oldest to most recent.
The keywords used to filter the search were ((TMS[Title/Abstract] AND
EEG[Title/Abstract]) AND (reliability[Title/Abstract] OR reproduc-
ibility[Title/Abstract] OR replicability[Title/Abstract])) OR ((TEP
[Title/Abstract]) AND (reliability[Title/Abstract] OR reproducibility
[Title/Abstract] OR replicability[Title/Abstract])) OR ((TMS-evoked
potentials[Title/Abstract]) AND (reliability[Title/Abstract] OR repro-
ducibility[Title/Abstract] OR replicability[Title/Abstract])).

Of all the articles identified through the search (Fig. 1), two authors,
GB and ED, independently reviewed the title of each, excluding articles
that were not relevant to the topic of this review and any duplicates. The
authors then proceeded to review the abstracts of the remaining articles,
excluding studies that did not meet the inclusion criteria, that had any
exclusion criteria, or whose main topic was not related to the topic of
this review. Finally, the remaining articles were assessed for eligibility,
and 18 articles were found to be eligible (Table 1).

3. Results

In order to assess the reliability of TEPs, two main approaches have
been adopted: extracting TEP peak amplitude and latency or testing the
continuous wave point-by-point.

Repeated measures of TEP peaks were first assessed by Lioumis et al.,
(2009), who applied TMS to the primary motor cortex (M1) and
dorsolateral prefrontal cortex (DLPFC) at various intensities across two
sessions one week apart. Pearson’s correlation coefficients demonstrated
high correlations between the amplitudes and latencies of the peaks
across time points, generally exceeding 0.80. Paired t-tests revealed no
significant differences in most peak amplitudes and latencies across
sessions, supporting the reproducibility of TEPs. However, some dif-
ferences were observed for specific peaks and intensities, particularly in
DLPFC stimulation, indicating that reproducibility was high but not
absolute.

Similarly, Kerwin et al., (2018) assessed the relative and absolute
reliability of DLPFC TEP peaks across different time intervals and trial
combinations using the CCC and SDC, respectively. They reported high
relative and absolute reliability for the late peaks, N100 and P200,
particularly in central and centroparietal regions. In contrast, mixed
results were observed for the earlier peaks, N40 and P60.

de Goede et al., (2020) explored the relative reliability of M1 TEPs
using the ICC. They found poor (0.37-0.49) to moderate (0.60-0.75)
reliability for the N100 and P180 components, with variability
depending on the stimulation protocol (single-pulse vs. paired-pulse
TMS). The N100 and P180 showed higher reliability for single-pulse
TMS, while paired-pulse TMS led to greater variability in these
components.

Bertazzoli et al., (2021) tested the relative reliability of TEP peak
amplitude and latency for the DLPFC and inferior parietal lobule (IPL)
using the CCC. The results aligned with previous studies, showing
increasing relative reliability from early to late TEP peaks in both re-
gions. Late components, particularly the N100 and P200 peaks, showed
higher reliability compared to earlier components, reflecting the typical
robustness of late TEP peaks.

Guidali et al., (2023) evaluated the reliability of TEP measures,
focusing on the M1-P15 component’s amplitude and latency under
different conditions. The study found good reliability (ICC > 0.75) for
M1-P15 amplitude only in the condition using biphasic posterior-
anterior stimulation when comparing blocks where participants con-
tracted the hand ipsilateral to stimulation with blocks where the hand
was relaxed (ICC = 0.768). However, for all other conditions—whether
for amplitude or latency—poor reliability was observed, with ICC values
below 0.5. Similar results were found for the CCC, which closely
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Table 1
Literature review on TMS-EEG measures’ reliability.
Publication N Target Interval TMS-EEG Reliability
between measure test
tests
Lioumis 7 M1 (APB) 1 week TEPs peaks T tests and
et al. 2009 — DLPFC amplitude Pearson’s R
and latency
Casarotto 10 Left same day or TEPs DI and ROC
etal. 2010 occipital, 1 week
parietal,
and
frontal
lobes
Farzan et al. 36 M1 (APB) 1 week LICI Cronbach’s
2010 — DLPFC alpha
Kerwinetal. 16  DLPFC 2 recordings TEPs peaks CCC - sDC
2018 5 min apart amplitude
in the first and latency
session.
Repeated 1
week after
ter Braack 18 r-1 M1 5 recordings Continuous T tests
etal. 2019 in a day to TEPs and (cluster-
assess effect TEPs based)
of daytime on  amplitude/
TEP. Same latency
protocol
repeated 1
week later for
3 subjs
Ye et al., 12 Oz Subesquent VAR and Spearman’s
2020 sessions STE R
Casula et al., 50 r-1 M1 3 weeks IHB and ISP ICC
2021 (FDI)
de Goede 25 r1Ml 1 week Continuous T tests/ICC
etal. 2020 (ADM) TEPs and (3,1)
TEPs
amplitude/
latency
Momi et al., 21 DMN and 4 weeks TEPs Pearson’s R
2021b DAN
Ozdemir 21 DMN and 4 weeks TEPs Pearson’s R
et al. DAN
2021a
Mancuso 8 1M1 — r- 1 week TEPs T tests — CCC
etal. 2021 mPFC
Ozdemir 24 1-IPL, I-M1 1 month TEPs SI
et al. (FDI) and
2021b 1-DLPFC)
Bertazzoli 16 1-DLFPC — 72.3 £ 35.8 TEPs CCC —
etal. 2021 1-IPL days ANOVA —
Spearman’s
R
Guidalietal. 28 1-M1 single session ~ M1-P15 and rm-ANOVA,
2023 (APB) MEP CCC, ICC
amplitude &
latency
24 m-PFC, 1- 3 weeks TEPs, PEPs CCC
Song AG, SMA
etal.,
2024
15  I-DLFPC single session ~ TEPs CcC
Gogulski
etal.,
2024
18 rl1Ml 6 days TEPs CCC
She et al., (APB/
2024 ABP)
20 1-DLFPC Subesquent TEPs CCG, SI
Noda sessions
etal.,
2024

r = right; 1 = left; ADM: Abductor Digiti Minimi; AG: Angular Gyrus; ANOVA:
Analysis of Variance; APB: Abductor Pollicis Brevis; CCC: Concordance Corre-
lation Coefficient; DAN: Dorsal Attention Network; DMN: Default Mode
Network; DLPFC: Dorsolateral Prefrontal Cortex; EEG: Electroencephalography;
IHB: Interhemispheric Balance; ICC: Intraclass Correlation Coefficient; ISP:
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Interhemispheric Signal Propagation; LICL: Long-Interval Cortical Inhibition;
M1: Primary Motor Cortex; MEP: Motor Evoked Potential; m-PFC: Medial Pre-
frontal Cortex; P15: P15 component; PEPs: Peripheral evoked potentials; rm-
ANOVA: Repeated Measures Analysis of Variance; SDC: Smallest Detectable
Change; SI: Sensitivity Index; SMA: Supplementary Motor Area; STE: Symbolic
Transfer Entropy; TEPs: TMS-evoked Potentials; TMS: Transcranial Magnetic
Stimulation; VAR: Vector AutoRegression.

mirrored the ICC values.

Gogulski et al., (2024) assessed the reliability of early-latency TEPs
in different subregions of the DLPFC. The study found that the medial
DLPFC target produced the most reliable early-latency TEPs, with a CCC
of 0.78, while the anterior DLPFC target had poor reliability, with a CCC
of 0.24. The study also tested different analytical parameters including
time window, quantification method, region of interest, sensor- vs.
source-space, and number of trials and found that wider time windows
(20-60 ms, CCC = 0.62) and later time windows (30-60 ms, CCC = 0.61)
resulted in higher reliability than earlier and shorter windows. Notably,
reliable early-latency TEPs (CCC up to 0.86) were achieved with as few
as 25 to 50.

Similarly, Noda et al., (2024) investigated the optimal number of
TMS pulses required to obtain reliable TEPs in the lateral DLPFC. The
study compared four conditions using different numbers of TMS
pulses—40, 80, 160, and 240—and evaluated their reliability using the
CCC. The results indicated that both the 80-pulse and 160-pulse condi-
tions showed high reliability, comparable to the 240-pulse condition.
Specifically, CCC values for the 80- and 160-pulse conditions demon-
strated strong agreement with the 240-pulse condition, while the 40-
pulse condition showed only weak to moderate reliability, with signif-
icantly lower CCC values.

She et al., (2024) examined the stability of TEPs in pediatric epilepsy
patients, specifically assessing the minimum number of pulses required
to achieve stable TEPs in the motor cortex. The span between the test
and retest sessions was two days. The study found that stable TEPs could
be derived with fewer than 100 pulses, which is typically used in adult
studies. The early segment of the TEP (15-80 ms) was less stable than
the later segment (80-350 ms), and global mean field power (GMFP)
showed less stability compared to local TEPs over the stimulated site.

Song et al., (2024) assessed the test-retest reliability of TEPs in
spatial and temporal domains across repeated sessions for TMS targets
(angular gyrus — AG, supplementary motor area — SMA, and medial
prefrontal cortex — mPFC). High spatial CCCs (>0.8) were observed from
90 ms onward in both active and sham conditions. After removing pe-
ripheral evoked potentials (PEPs), the reliability of “cleaned” TEPs
decreased. For AG, spatial CCCs remained fair to moderate (0.4-0.67)
until 190 ms, with significant temporal CCCs up to 150 ms. SMA showed
reliable spatial CCCs until 80 ms (0.2-0.6), while mPFC had lower CCCs,
with spatial reliability until 80 ms and generally low temporal
reliability.

Some studies, including Bertazzoli et al., (2021), ter Braack et al.,
(2019), de Goede et al., (2020), Mancuso et al., (2021), have used
cluster-derived permutation t-tests to investigate differences in whole
TEP responses across repeated sessions. These studies consistently re-
ported no significant differences in TEPs across time points.

Other studies have explored the similarity of the TMS-EEG response
across time points by testing correlations in both time and space di-
mensions. Correlation analyses were performed either spatially, by
comparing responses across electrodes at each time point between ses-
sions (spatial correlation), or temporally, by assessing the correlation of
the signal at each electrode over time between sessions, sometimes
divided into temporal segments (temporal correlation). These studies
consistently found stronger correlations for late TEP components
compared to early components, indicating the increased stability of late
TEP peaks. For example, Bertazzoli et al., (2021) and Kerwin et al.,
(2018) reported higher correlations for late peaks (such as the N100 and
P200) compared to early components. Similarly, Momi et al., 2021b and
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Ozdemir et al., (2021a) found that late latencies in the TMS-EEG
response were more reliable across repeated sessions, further support-
ing the stability of late components over time.

Another strategy employed to assess the reliability of TEP responses
is to synthesize the full waveform into a single index and test its reli-
ability across multiple time points. For example, Casarotto et al., (2010)
developed a nonparametric permutation-based Divergence Index (DI) to
quantify the degree of divergence between two TEPs at different time
points. The DI captures the percentage of significantly different samples
across time and scalp locations, resulting in a single value. The receiver
operating characteristic (ROC) analysis of this index allowed for the
evaluation of TEP sensitivity and specificity. Casarotto et al. reported a
96.7 % accuracy, with 95.1 % sensitivity (true positive rate, akin to
responsiveness in the Mokkink et al. 2010 framework) and 100 %
specificity (true negative rate, akin to reliability). Their results led to
two conclusions: first, that TEPs are highly sensitive to changes in
stimulation site, coil angle, or intensity; and second, that TEPs are
nonrandom and remain stable over time when stimulation parameters
are held constant.

Ozdemir et al., (2021b) investigated the similarity of TEP responses
at parietal, motor, and frontal sites by calculating the cosine similarity
index between TEP matrices across different populations and time in-
tervals. They generated a similarity matrix containing the cosine simi-
larity values between participants’ two separate visits. This matrix was
used to compute several similarity metrics to assess reliability. The au-
thors concluded that TEPs exhibit high within-subject reliability over
time, but they also found substantial heterogeneity in TEPs between
individuals, emphasizing the individual-specific nature of these
responses.

Other studies have tested the reliability of TEP-derived measures
such as TMS-EEG long-interval cortical inhibition (LICI), symbolic
transfer entropy (STE), vector autoregression (VAR), and interhemi-
spheric signal propagation (ISP) and balance (IHB). Farzan et al., (2010)
demonstrated that LICI, when indexed using TMS-EEG, exhibits high
test-retest reliability in both motor cortex and DLPFC, supporting its
utility as a reliable measure of GABA-B-mediated cortical inhibition over
time (Farzan et al., 2010). Ye et al., (2019) compared STE and VAR as
methods to assess effective connectivity from TMS-EEG data. They found
that STE consistently produced robust and reliable results across ses-
sions, whereas VAR showed weaker reliability between sessions, high-
lighting STE as a more reliable method for detecting directional
information flow in EEG signals induced by TMS (Ye et al., 2019). Casula
et al., (2020) investigated the reliability of novel TMS-EEG indexes to
assess interhemispheric signal propagation and balance. They reported
high intra- and inter-subject reliability of these measures and their
correlation with traditional measures of interhemispheric inhibition
(IHI) using MEPs (Casula et al., 2020).

4. Discussion

The present review aimed to evaluate the current state TEPs’ reli-
ability. Our findings indicate that TEPs possess high relative reliability
for late components (~>80 ms) and low relative reliability for early
components. Absolute reliability, however, is not yet fully established
for TEPs.

4.1. Reliability in early and late TEP latencies

Most studies report higher reliability for late TEP components (e.g.,
N100, P200) compared to earlier components (e.g., P15, N40), which
suggests that later responses may offer more consistent response.
Nevertheless, this estimate of reliability may be heavily dependent on
TMS-related sensory activations. In fact, late TEPs are influenced by the
superposition of sensory evoked-potentials induced by TMS (Farzan and
Bortoletto, 2022; Rogasch et al., 2017). A strategy to address sensory
artefacts is to include multiple control conditions in the experimental
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design. Subtracting these control signals from the TEPs can help to
minimize the contribution of unwanted signals and improve the SNR
(Conde et al., 2019; Rocchi et al., 2021; Song et al., 2024). However,
achieving a perfect control condition in TMS-EEG has been proven
difficult due to the complex interplay of very different sources of noise.
For example, for late-latency components, common artefacts are spon-
taneous blink, TMS-induced blinks, somatosensory evoked potentials,
and auditory evoked potentials. All these artefacts are site- and
intensity-dependent and contribute to masking the signal-of-interest, i.
e., the direct cortical response to the TMS pulse. These artefacts
complicate the validity of the results. However, their contribution to the
reliability of TEPs is not straightforward as highly reliable artifacts would
bias toward high reliability estimations while unstable artifact would
have the opposite effect.

Early-latency TEP components tend to show lower reliability, likely
due to their high frequency and focality but also for their superposition
with high-amplitude TMS-induced artefacts such as TMS-muscular and
decay artefacts (Farzan and Bortoletto, 2022; Hernandez-Pavon et al.,
2022; Mutanen et al., 2016; Rogasch et al., 2017; Salo et al., 2020).
These artefacts are removed or attenuated with sophisticated offline
mathematical techniques. Most common methodologies employ inde-
pendent component analysis (ICA) (Atluri et al., 2016; Rogasch et al.,
2017; Wu et al., 2018). This technique divides the signal into indepen-
dent components, allowing the researcher to separate those that capture
artefacts from those that capture the signal of interest. However, ICA
needs subjective choices to determine what part of the signal should
remain and what part is an artefact to be removed. This operation is
often not straightforward and may introduce experimenter variability
(Hernandez-Pavon et al., 2022). In addition, many TMS-related artefacts
are time-locked to the TMS pulse, similar to the genuine cortical
response. This may disrupt the assumption of independence between the
signal of interest and artefacts when using ICA to clean the EEG signal
(Metsomaa et al., 2014). Other algorithms that require fewer subjective
choices have recently been published (see the source-estimate-utilizing
noise-discarding algorithm — SOUND (Mutanen et al., 2018) and sig-
nal-space projection-source-informed reconstruction SSP-SIR
(Mutanen et al., 2016)) to remove those artefacts and are a promising
alternative to the more subjective ICA approach (Brancaccio et al.,
2024). The variability in preprocessing strategies and in their effec-
tiveness in removing these artefacts contribute to the difficulty of
achieving high reliability and interpreting reliability measurements
(Bertazzoli et al., 2021). Given the highly problematic nature of artefacts
in TMS-EEG signals and the outlined limitations of preprocessing pro-
cedures, one strategy to reduce the impact of artefacts on TEP reliability
may be to increase the signal-to-noise ratio (SNR) in the recording
phase. A high SNR will reduce signal fluctuation due to noise, potentially
increasing both relative and absolute reliability (Hammerer et al.,
2013). With this aim, Casarotto et al. (2022) suggested that visually
checking the signal online and moving the coil based on a graphic-user
interface allow stimulation parameters (e.g., site, coil orientation, in-
tensity) to be identified that minimize artefacts and maximize the signal.
This approach may reduce the impact of preprocessing on the final
signal, but it is unclear whether it may introduce additional variability
when measuring TEP components.

4.2. Relative and absolute reliability in TEP measures: Relevance for
clinical applications

Most of the TMS-EEG reliability research focuses on relative reli-
ability, such as the ICC and CCC. However, relying predominantly on
relative reliability measures can introduce potential pitfalls, as these
measures are highly influenced by between-subject variability within
the studied population. Even if individuals’ TEP values vary significantly
between time points, the relative ranking of individuals may remain
stable, resulting in a high ICC, which can falsely suggest high reliability.
This is problematic in clinical contexts, where beyond ranking
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individuals, it is essential to detect within-subject changes over time —
particularly for prognostic biomarkers, which track disease progression
or treatment effects. Absolute reliability, assessed through metrics like
the SEMeas or SDC, becomes critical for ensuring that TEP-derived
measures can reliably capture subtle within-subject changes. Poor ab-
solute reliability could result in clinically irrelevant fluctuations being
interpreted as meaningful.

Relative and absolute reliability are particularly important in clinical
research, depending on the type of biomarker being developed. High
relative reliability is essential for diagnostic biomarkers, which distin-
guish between the presence and absence of pathology. Even with high
validity and responsiveness, a diagnostic biomarker must consistently
differentiate individuals across measurements i.e., high relative reli-
ability. Without this, diagnoses would be unstable as the relative ranking
of individuals would shift, undermining the accuracy of the diagnosis.
Absolute reliability, on the other hand, is less critical for diagnostic
purposes: as long as there is significant between-subject variability and
high relative reliability, even large errors within the same subject do not
affect the ability to distinguish individuals (Schambra et al., 2015).

For prognostic biomarkers, which assess disease progression within
individuals, absolute reliability becomes the priority. These biomarkers
must capture subtle changes within subjects over time to track disease
progression accurately. If a measure has high ICC but poor SEMeas or
SDC, it would struggle to detect small, meaningful changes due to high
measurement error. In contrast, low ICC with optimal SEMeas or SDC
might still be useful as a prognostic biomarker. Ideally, a biomarker with
both high absolute and relative reliability could serve both diagnostic
and prognostic purposes, detecting small changes while maintaining
stable individual rankings.

4.3. Using t tests and correlations to assess reliability

Using ANOVAs and t tests to test for differences between measures
taken from the same subjects in different sessions can be the first step in
reliability assessment (Bertazzoli et al., 2021; ter Braack et al., 2019;
Corneal et al., 2005; de Goede et al., 2020; Lioumis et al., 2009; Mancuso
et al., 2021; Wolf et al., 2004). However, nonsignificant results do not
imply good relative or absolute reliability because the underlying hy-
pothesis of these analyses refers to the mean of a distribution rather than
to the subject’s relative ranking or residual error of a measure. As
defined above, reliability (both absolute and relative) involves the
ability of a measure to remain stable in unchanging individuals. A test
for differences using a t test or an ANOVA is blind to the proportion to
which a subject’s measure changes with respect to other subjects after
repeated measures. Moreover, high variance, resulting from substantial
inter- or intra-individual variability, can raise the threshold for signifi-
cance. This leads to the erroneous interpretation that a measure is stable
and not changing when, in fact, the amount of change may be smaller
than the variance present in the samples.

A demonstration of this case is provided in Table A2 (Panel B) and
visualized in Fig. A2 (bottom right panel). In this situation, the responses
change quite drastically within subjects between time points TO and T1.
In fact, the ICC, SEMeas and SDC suggest low reliability. However, the
result of the ANOVA shows a p value of 0.08. Assuming a p threshold of
0.05 for statistical significance, we cannot conclude that the data are
significantly different, nor can we assume that the measurement is
reliable.

Another common strategy used to assess the reliability of
TEP-derived measures is through the calculation of Pearson’s or
Spearman’s R (Balslev et al., 2007) after repeated measurements of the
same index (Bertazzoli et al., 2021; Lioumis et al., 2009; Momi et al.,
2021b; Ozdemir et al., 2020; Ye et al., 2019). A common example is
estimating the correlation of the latency of TEPs peaks to establish their
reliability or the use of correlations to determine the topographical
similarity in the same cohort in a test-retest fashion. Pearson’s and
Spearman’s R test whether a linear relationship exists between two sets
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of scores and can in some cases be used as measures of relative reli-
ability, as they can mimick the behavior of the ICC (Portney and Wat-
kins, 2015). However, Spearman’s or Person’s R mainly measures the
linear relationship between test-retest scores without accounting for
systematic errors or the agreement level between these scores (Bland
and Altman, 2003, 1996; Lexell and Downham, 2005). It means that
even a high Spearman’s or Person’s R value, doesn’t guarantee that the
scores agree closely (see Fig. A3 and Table A3 for a demonstration); it
only indicates a strong linear relationship. This limitation can mislead
into overestimating the agreement between measurements. ICC not only
evaluates the consistency of individual performances over two or more
tests but also considers changes in the group’s average performance over
time (Lexell and Downham, 2005). This makes it a more comprehensive
measure for assessing relative reliability, especially in situations
involving more than two sets of measurements or when systemic
changes are expected (Atkinson and Nevill, 1998; Bland and Altman,
2003; Vaz et al., 2013). While Spearman’s or Person’s R is useful for
assessing the strength of linear relationships, ICC provides a better un-
derstanding of test-retest reliability by accounting for both consistency
and systematic changes, making it often a better choice for estimating
relative reliability.

Note that correlations remain a valuable tool to infer similarity in the
TMS-EEG field. Common is the use of topographic and spatial similarity
assessment, to test the extent to which two topographies or time in-
tervals are similar at a given instant in time or at given set of electrodes
of the TEP wave. However, caution should be taken when interpreting
high correlation as high relative reliability (Biabani et al., 2019).

4.4. Improving TMS-EEG reliability assessments

To fully comprehend the potential of TEPs for clinical implementa-
tion, an extensive assessment of the relative and absolute reliability of
these measures is needed. For this, future studies should collect repeated
measurements of TMS-EEG data in different target populations to test
the relative (ICC) and absolute (SEMeas or SDC) reliability of the signal.
Expanding our knowledge of TMS-EEG relative reliability in different
populations, that is, the reliability measure that is mostly affected by
intrinsic population variability, is fundamental for determining the
diagnostic utility of TEP-derived measures. At the same time, more data
on absolute reliability in different TMS-EEG experimental setups should
be collected to establish the potential of TMS-EEG-driven measures as
prognostic biomarkers. More data on TMS-EEG absolute reliability
would also allow us to assess which TMS-EEG setup, recording pro-
cedure, apparatus and preprocessing method is able to yield the highest
absolute reliability, helping the field move towards a standardization of
TMS-EEG data collection.

ICC and SEMeas or SDC have usually been calculated when a single
numeric value is extracted in each individual (e.g., peak latency),
possibly due to high computational demands. However, reducing the
TEPs to a series of peak amplitudes and latencies may add a further layer
of variability since the process of peak extraction itself is not straight-
forward and the methodologies are not standardized (Luck, 2014). To
address this issue, future studies could report the ICC and SEMeas or SDC
computed at each time point and electrode. This strategy would allow us
to follow the changes in reliability across time and electrodes, enabling a
continuous evaluation of the most reliable intervals of the TMS-EEG
response in both time and space.

In parallel, the establishment of normative values, akin to those used
in conventional evoked potentials (EPs) and event-related potentials
(ERPs) (Celesia et al., 1993; Duncan et al., 2009; Kappenman and Luck,
2011), would enable the reliable detection of neurophysiological
changes, critical for both diagnostic and prognostic applications in
clinical settings. Multicentric collaborations and data sharing initiatives,
like the T4TE project (Bortoletto et al., 2022), are essential for
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improving reliability assessments, facilitating the collection of larger
datasets, and promoting consistency across different labs (Pavlov et al.,
2021; Weiner et al., 2017). Moreover, data sharing should follow FAIR
principles (Gorgolewski et al., 2016; Pernet et al., 2019) to ensure
transparency and enable the evaluation of the impact of preprocessing
choices, which remains a major challenge for TMS-EEG reliability
(Bertazzoli et al., 2021; Brancaccio et al., 2024; Rogasch et al., 2022). To
support such efforts, the BIDS-extension proposal for noninvasive brain
stimulation experiments (bids.neuroimaging.io/get involved.html)
aims at providing guidelines for harmonizing data structures across labs
with the aim of facilitating data sharing. As in other neuroimaging
modalities, harmonized preprocessing and analysis standards are
needed to establish the clinical utility of TEP-derived measures.

5. Conclusions

In summary, TMS-EEG holds significant potential as a tool for
assessing cortical excitability and connectivity, but its transition into
clinical practice depends on addressing key methodological and reli-
ability challenges. While existing studies have demonstrated high rela-
tive reliability for late latency TEP components, the overlapping sensory
activation hiders the validity of the TMS response at those latencies.
Early latencies of the TEP response show low relative reliability, prob-
ably due to their lower SNR and the overlap with big TMS-induced ar-
tifacts i.e., TMS-induced muscle and decay. Absolute reliability, which is
crucial for detecting subtle within-subject changes, has been largely
neglected in TMS-EEG.

To fully realize the potential of TMS-EEG as a clinical tool to develop
diagnostic and prognostic biomarkers, future research must prioritize
comprehensive reliability assessments that incorporate both relative and
absolute reliability. Additionally, the development of standardized
protocols and the inclusion of diverse demographic groups—beyond
young, healthy Caucasian individuals—are essential.

By addressing these gaps through multicentric studies and data-
sharing initiatives, TMS-EEG can progress from an experimental tool
to a robust clinical biomarker capable of diagnosing and tracking
neurological and psychiatric disorders with greater precision.

CRediT authorship contribution statement

Giacomo Bertazzoli: Conceptualization, Investigation, Writing —
original draft, Writing — review & editing, Visualization. Elisa Dognini:
Investigation, Writing — review & editing, Visualization. Peter J. Fried:
Writing — review & editing, Supervision. Carlo Miniussi: Writing — re-
view & editing, Supervision. Petro Julkunen: Writing — review &
editing. Marta Bortoletto: Conceptualization, Writing — review &
editing, Supervision, Project administration, Funding acquisition.

Declaration of competing interest

The authors declare the following financial interests/personal re-
lationships which may be considered as potential competing interests:
[Petro Julkunen shares an unrelated patent with and has received
consulting fees from Nexstim Plc, Helsinki, Finland, manufacturer of
navigated TMS systems. The other authors declare no competing
interests].

Acknowledgements

Marta Bortoletto acknowledges funding from the Italian Ministry of
Health (“Bando della ricerca finalizzata 2016 - Giovani Ricercatori”
grant no: GR-2016-02364132 and Ricerca Corrente). Petro Julkunen
acknowledges funding from the Academy of Finland (grant no: 322423).


http://bids.neuroimaging.io/get_involved.html

G. Bertazzoli et al. Clinical Neurophysiology 171 (2025) 133-145

Appendix A

Assessing relative or absolute reliability: an example of the relation
between the ICC and SEMeas or SDC

Suppose we want to assess the reliability of one TEP component’s latency in the same group of individuals across two time points (T0O and T1). Four

sets of fictional data are provided in Table A2. For each set, we depict the latency of a TEP component in eight subjects and their analysis of variance
(used to compute the ICC, SEMeas and SDC; example inspired by Weir, 2005).
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Fig. A2. Graphical representation of the test-retest fictional data presented in . Each red dot represents a fictional subject in a test (T0) and retest session (T1).The Y-

axis represents the latency (ms) of a TEP component. The X-axis represents the test and retest sessions. ICC: intraclass correlation coefficient; SEMeas: standard error
of the measurement.
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Fig. A3. Graphical representation of the test-retest fictional data presented in . Each red dot represents a fictional subject in a test (T0) and retest session (T1). The Y-
axis represents the latency (ms) of a TEP component. The X-axis represents the test and retest sessions. From , the left panel corresponds to the left graph, and the
right panel corresponds to the right graph. ICC: intraclass correlation coefficient; SEMeas: standard error of the measurement.

In Panel A, the ICC between the two sessions is ‘substantial” (0.85) according to Shrout (1998), which suggests that the latency of this component
has high relative reliability. However, the SEMeas and SDC are also high and thus suboptimal (4.42 ms and 12.25 ms, respectively). This SDC means
that the change in the latency of that component could begin to be considered a “true” change (i.e., caused by an experimental manipulation) only
when it exceeds 12.25 ms. In this example, this would be an average change in latency of more than 50 %, which reflects low absolute reliability. Why
do the relative and absolute reliability estimations conflict? One explanation for the discrepancy between relative and absolute reliability is visualized
in Fig. A2 panel A. The ICC is high because the relative position, i.e., the ranking, of the subjects between T0 and T1 remains the same for most subjects.
Since the ICC tracks the ability of a measure to stably rank individuals across repeated measurements, the ICC remains high even if the change in
absolute value between measures is high. Note also that the ICC is the proportion of between-subject variance to total variance, which, as reported in
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the ANOVA (Panel A in Table A2), favours the between-subject variance. High between-subject variance could be due to many reasons, such as the
measured phenomenon varying substantially between subjects in a specific population (e.g., when measuring a disease biomarker in a patient cohort).
Conversely, the SEMeas and the SDC are sensitive only to the change in absolute value within subjects and between time points rather than the relative
ranking of individuals between the two time points. Consequently, although the TEP component latency shows high relative reliability (high ICC), the
high SEMeas and SDC indicate that this measure is not stable within subjects across time and is thus suboptimal if the goal is to detect small but
meaningful changes within subjects when they occur.

Table A2
Fictional data for demonstrating the relation between ICC and SEMeas/SDC.
A
Example data ANOVA
Subject TO T1 Diff Source of variance SS df MS F Sig F crit
1 25 27 2 Between 1723.93 7 246.27 12.10 0.002 3.78
2 20 30 10 Within 156.5 8 19.56
3 7 10 3 Time 14.06 1 14.06 0.69 0.43 5.59
4 40 35 -5 Error 142.43 7 20.34
5 45 40 -5 Total 1880.43 15
6 30 35 5 ICC 0.85
7 15 25 10 SEMeas 4.42
8 20 15 -5 SDC 12.26
Mean 25.25 27.12 1.87
Std 11.85 9.63 6.38
B
Example data ANOVA
Subject TO T1 Diff Source of variance SS df MS F Sig F crit
1 25 26 1 Between 1948.43 7 278.34 163.21 <0.001 3.78
2 20 22 2 Within 13.5 8 1.68
3 7 10 3 Time 1.56 1 1.56 0.91 0.37 5.59
4 40 38 -2 Error 11.95 7 1.70
5 45 43 -2 Total 1961.93 15
6 30 30 0 ICC 0.98
7 15 16 1 SEMeas 1.30
8 20 22 2 SDC 3.60
Mean 25.25 25.87 0.63
Std 11.85 10.22 1.85
C
Example data ANOVA
Subject TO T1 Diff Source of variance SS df MsS F Sig F crit
1 25 27 2 Between 41 7 5.85 2.98 0.09 3.78
2 23 33 10 Within 16 8 2
3 19 22 3 Time 2.25 1 2.25 1.14 0.32 5.59
4 33 28 -5 Error 13.75 7 1.96
5 35 30 -5 Total 57 15
6 20 25 5 ICC 0.49
7 17 27 10 SEMeas 1.41
8 24 19 -5 SDC 3.92
Mean 24.5 26.37 1.88
Std 6.04 4.12 6.38
D
Example data ANOVA
Subject TO T1 Diff Source of variance SS df MS F Sig F crit
1 25 26 1 Between 41 7 5.85 2.98 0.086 41
2 24 27 3 Within 16 8 2 16
3 23 26 3 Time 2.25 1 2.25 1.14 0.32 2.25
4 26 24 -2 Error 13.75 7 1.96 13.75
5 25 23 -2 Total 57 15
6 23 23 0 ICC 0.49
7 22 23 1 SEMeas 1.41
8 27 29 2 SDC 3.92
Mean 24.37 25.12 0.75
Std 1.57 2.08 1.98

SS = sum of squares; df = degrees of freedom; MS = Mean sum of squares; F = F statistic; Sig = significance probability; F crit = threshold F value for significance; TO =
test session; T1 = retest session; Diff = difference in score; Std = standard deviation; ICC = intraclass correlation coefficient; SEMeas = standard error of the mea-

surement; SDC = smallest detectable change;
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Table A3
Fictional data for demonstrating the relation between ICC and SEMeas/SDC.

A — High Pearson R, Low ICC

Example data ANOVA

Subject TO T1 Diff Source of variance SS df MS F Sig F crit
1 25 29 4 Between 114.93 7 16.41 9.24 0.004 3.78
2 24 25 1 Within 72.5 8 9.06

3 27 31 4 Time 60.06 1 60.06 33.80 0.001 5.59
4 25 27 2 Error 12.43 7 1.77

5 28 33 5 Total 187.43 15

6 30 37 7 ICcC 0.28

7 28 33 5 SEMeas 3.01

8 27 30 3 Pearson’s R 0.97

Mean 26.75 30.62 3.88 SDC 8.34

Std 1.85 3.53 1.88

B — High Pearson R, Low ICC

Example data ANOVA

Subject TO T1 Diff Source of variance SS df MS F Sig F crit
1 25 15 -10 Between 503.93 7 71.99 13.11 0.002 3.78
2 30 19 -11 Within 511.5 8 63.93

3 41 28 -13 Time 473.06 1 473.06 86.15 <0.001 5.59
4 23 15 -8 Error 38.43 7 5.49

5 28 16 -12 Total 1961.93 15

6 30 24 -6 ICcC 0.05

7 28 11 -17 SEMeas 7.99

8 20 10 -10 Pearson’s R 0.85

Mean 28.12 17.25 —10.88 SDC 22.16

Std 5.86 5.78 3.31

SS = sum of squares; df = degrees of freedom; MS = Mean sum of squares; F = F statistic; Sig = significance probability; F crit = threshold F value for significance; TO =
test session; T1 = retest session; Diff = difference in score; Std = standard deviation; ICC = intraclass correlation coefficient; SEMeas = standard error of the mea-
surement; SDC = smallest detectable change;

Table A2 (Panel C) and Fig. A2 panel C describe an example similar to the one described above. The only difference is represented by the between-
subject variance that, in this case, is reduced. Note that the differences in scores within subjects are identical to those in Panel A (Table A2). However,
the shrinking of the between-subject variance caused the ICC to decrease to 0.35, which would be described as ‘virtually none’ by Shrout (1998), while
the SEMeas and SDC remain the same. This highlights the population dependency of the ICC: when using the same measure (i.e., the TEP component
latency) in another population with different between-subject variance, the ICC varies. However, the SEMeas and SDC remain the same because of
their dependency on the technique instead of the population.

As another example, Panel B of Table A2 depicts a scenario in which the between-subject variability is similar to that found in Panel A, but the
difference in measure scores between the two sessions is reduced. In this case, the high between-subject variance yields a high ICC of 0.98, and the low
residual error yields a low (optimal) SEMeas and SDC of 1.30 ms and 3.60 ms, respectively. This is visualized in Fig. A2 panel B, which shows how the
relative ranking of the subjects does not change (high ICC), while the change between time points within subjects remains low (low SEMeas and SDC).

Finally, we may face a scenario such as the one depicted in Panel D of Table A2, which is similar to Panel B but with reduced between-subject
variance. In this case, the lower between-subject variance prevents the relative ranking of the subjects from remaining stable across repeated mea-
sures, yielding a low ICC of 0.49. However, the low residual error between measures within subjects maintains a low (optimal) SEMeas and SDC of
1.41 ms and 3.92 ms, respectively (Fig. A2 panel D).

The ICC can only be interpreted as a reflection of the examined population because there are cases in which the ICC is low (suboptimal) even when
the absolute differences between repeated measures are low (Table A2 Panel D) or cases in which the ICC is high even when the differences between
repeated measures are high (Table A2 Panel A). On the other hand, the SEMeas and SDC show how reliable a measure remains across populations as
long as the same technique is employed (Beaulieu et al. 2017; Schambra et al. 2015; Weir 2005). Therefore, complementing the ICC with the SEMeas
or the SDC (i.e., complementing relative reliability with absolute reliability estimates) provides a more complete picture of a measure’s reliability. This
is useful not only for determining the clinical potential of measures (in this case, TEP-derived measures) but also for avoiding erroneous conclusions
based on one of the two reliability estimates.

A feature that distinguishes measures of relative reliability (e.g., the ICC) from measures of absolute reliability (here, the SEMeas and SDC) is also
their ease of interpretation. A high or low ICC is fairly easy to define, with 1 reflecting perfect relative reliability and O reflecting no relative reliability.
In addition, predefined interpretations and scales, such as those from Shrout (1998), can be used to standardize ICC interpretations and interpret
intermediate values. In contrast, the interpretation of absolute reliability indices such as SEMeas and SDC is less straightforward. For instance, whether
an SEMeas and SDC value should be considered high (suboptimal) or low (optimal) depends entirely on the technique employed and the phenomenon
studied.
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