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Abstract

Objective: We aimed to use measured input-output (IO) data to identify
the best fitting model for motor evoked potentials.

Methods: We analyzed existing IO data before and after intermittent and
continuous theta-burst stimulation (iTBS & cTBS) from a small group of
subjects (18 for each). We fitted individual synaptic couplings and sensitivity
parameters using variations of a biophysical model. A best performing model
was selected and analyzed.

Results: cTBS gives a broad reduction in MEPs for amplitudes larger than
resting motor threshold (RMT). Close to threshold, iTBS gives strong poten-
tiation. The model captures individual IO curves. There is no change to the
population average synaptic weights post TBS but the change in excitatory-
to-excitatory synaptic coupling is strongly correlated with the experimental
post-TBS response relative to baseline.
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Conclusions: The model describes population-averaged and individual IO
curves, and their post-TBS change. Variation among individuals is accounted
for with variation in synaptic couplings, and variation in sensitivity of neural
response to stimulation.

Significance: The best fitting model could be applied more broadly and
validation studies could elucidate underlying biophysical meaning of param-
eters.

Keywords:
Motor Evoked Potential, Transcranial Magnetic Stimulation, cortical
plasticity, modeling, neural field theory, theta burst stimulation
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1. Introduction

Transcranial Magnetic Stimulation (TMS) is now a commonly-used non-
invasive form of brain stimulation (Hallett, 2007; Ziemann et al., 2008; Pascual-
Leone et al., 2000; Lefaucheur et al., 2014). In addition to clinical applica-
tions, for example for treatment of major depression, TMS is increasingly
used to study the human nervous system. A single pulse applied at suffi-
cient intensity can give rise to a descending volley of activity (Hallett, 2007;
Di Lazzaro et al., 2012) and ultimately to a measurable electrical response on
the skin above the target muscle, known as a motor-evoked potential (MEP)
(Hallett, 2000). MEPs are well-used in the study of the corticomotor sys-
tem. They have been used to study changes in cortical excitability following
repetitive TMS (rTMS), which may relate to plasticity changes in cortical
circuits similar to long-term potentiation (LTP) and long-term depression
(LTD) (Cooke and Bliss, 2006). It is often assumed, explicitly or implicitly,
that changes in cortical response post-repetitive stimulation are a result of
plastic changes in synaptic coupling strengths (Ziemann et al., 2008; Lenz
et al., 2016; Barry et al., 2014; Wilson et al., 2014; Fung and Robinson,
2013; Wilson et al., 2018). However, the relationship between underlying mi-
croscale mechanisms and macroscopic measurements such as TMS-induced
MEPs remains unclear (Matheson et al., 2016).

Biophysical models have provided a mathematical description, typically
using equations, of many TMS processes and phenomena (Wilson et al.,
2018). The primary aims of such models are 1. to elucidate the effects
of the microscale processes on measurable outputs such as the electroen-
cephalogram (Rogasch and Fitzgerald, 2013) or MEP; and 2. to make useful
predictions about how a person or population group might respond to a par-
ticular intervention. They can include modelling of neurons at various levels
of detail, for example large networks of neurons (Esser et al., 2005), small
detailed networks of neurons (Traub et al., 2003; Rusu et al., 2014; Moezzi
et al., 2017) and population-based descriptions of neural firing rates (Deco
et al., 2008; Pinotsis et al., 2014).

Recently, Wilson et al. (2021) have developed a MEP model, drawing
from the small network model of Moezzi et al. (2017) and the neural field
model NFTsim (Sanz-Leon et al., 2017). This approach allows the predic-
tion of input-output (IO) response curves for MEPs as a result of single-pulse
TMS over the motor-cortex. The model has successfully reproduced the ex-
perimental effects of short-interval intracortical inhibition (SICI), interval in-
tracortical facilitation (ICF), and long-interval intracortical inhibition (LICI)
(Valls-Solé et al., 1992; Kujirai et al., 1993), and also the cortical silent pe-
riod following a TMS pulse with voluntary contraction. The model has also
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shown that variable results can be obtained for continuous and intermittent
theta burst stimulation (cTBS and iTBS respectively) (Huang et al., 2005),
depending on individual cases, in accordance with common experimental
findings (Ozdemir et al., 2021). This model allows the fitting of parameters
to measured IO curves, thus allowing parameters such as synaptic coupling
strengths to be found for individual responses.

Recently, interest has grown in individualized treatment protocols — that
is, protocols that have been tailored to a particular individual based upon
measurements made on that individual (Klimesch et al., 2003; Bikson et al.,
2012; Brownjohn et al., 2014; Wilson et al., 2018; Saturnino et al., 2019). For
example, protocols using different theta-burst frequencies might be consid-
ered. Validated physical models might assist such a tailoring of approach —
for example model parameters might be found for a baseline IO curve from
which the effects of various treatment protocols could be calculated.

Experimental IO curves for different subjects have been measured by
Goldsworthy et al. (2016) before and after application of iTBS or cTBS.
In the current work, we fit the model of Wilson et al. (2021) to these ex-
perimental data and to explore variation in synaptic weights and excitation
thresholds for individuals before and after iTBS or cTBS. Specifically, we
aimed to be able to predict how an individual will respond following iTBS or
cTBS, based on their baseline IO curve. Goldsworthy et al. (2016) recorded
IO curves measured as MEP against stimulus intensity as a percentage of
resting motor threshold (RMT) for different subjects (n=18) before and for
three time periods (0–7 minutes, 15–22 minutes and 30–37 minutes) after
iTBS or cTBS. In the case of cTBS, the experiment was repeated over three
sessions (Vallence et al., 2015). We acknowledge that the number of subjects
is now considered small for a study on cTBS and iTBS modulatory effects,
due to the known high variability between subjects. However, it is sufficient
to demonstrate the application of our methodology. The IO curves and their
changes post-stimulation have been extensively detailed and statistically an-
alyzed in Goldsworthy et al. (2016) and Vallence et al. (2015). However, for
the purposes of clarity, we present the key findings below.

Figure 1 shows MEPs against TMS amplitude (measured as a percent-
age of RMT) for (a) iTBS and (b) cTBS, averaged over all subjects and
time periods, and, for the case of cTBS, sessions. The baseline (dashed
line) responses are slightly different for the iTBS and cTBS experiments of
Goldsworthy et al. (2016) and Vallence et al. (2015) respectively. The data
is also shown in a relative form in parts (c) and (d). Here we have calcu-
lated the ratio of the post-TBS response to the baseline response for each
subject, and then averaged over all subjects. In order to show the full range
of variability of the data, Fig. 2 shows the IO curves for each individual, in
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addition to the mean response. From these plots it is clear that iTBS gives
rise to a strong increase in MEPs at intensities close to threshold, but a weak
decrease in MEPs for higher intensities. cTBS leads to a general but small
reduction in MEP across all intensities.

The responses to iTBS were significantly higher than baseline for low
amplitude stimulations (specifically 110% RMT), and the response to cTBS
was significantly lower than baseline for the higher amplitude responses (140
– 180% RMT), as well as at 120%RMT. In particular, the response at 110%
RMT was higher than baseline for iTBS, and lower for cTBS. It is also
noteworthy that there was large variation in MEPs across subjects. In Fig. 1
the error bars denote the standard error in the mean; the full spread across
subjects (as shown in Fig. 2) is much larger.

In the current manuscript, we consider two questions. First, what vari-
ation is present in the baseline data, and can this variation be described in
a biophysical manner using the Wilson et al. (2021) model? Secondly, what
biophysical changes occur post-TBS, and can the model be used to make in-
ferences about how parameters might change after TBS; for example whether
modulation of MEP response is due to a change in excitatory-to-excitatory
synaptic coupling?

To investigate the first question, we fitted the model to individual baseline
IO curves, allowing different combinations of parameters to vary. We assessed
the goodness of fit using the Akaike Information Criterion, to correct for
overfitting. We thus identifed that all three of our considered parameters
were important to provide a good fit and describe variation across subjects:
a scaling on the TMS input amplitude (equivalent to a variation in threshold
and width of the TMS-to-excitatory coupling); the excitatory-to-excitatory
synaptic coupling wee; and the excitatory-to-inhibitory synaptic coupling wie.

The second question is addressed in a similar way fitting parameters to the
post-iTBS and -cTBS data allowing only certain combinations of parameters
to vary. We demonstrated that reasonable relative responses are obtained
by considering scaling of the threshold and width of the TMS-to-excitatory
coupling, and the excitatory-to-excitatory coupling and the excitatory-to-
inhibitory coupling. We found that changes in excitation (defined as wee,post−
wee,pre) are correlated with an individual’s experimentally-measured response
to TBS. In other words the modeling is able to represent changes occuring
to synaptic couplings on an individual basis.

We emphasize that in the following work we use a model of MEPs in order
to fit existing experimental data by varying specific biophysical parameters.
The goal is to identify a model that could be applied generally to TMS
studies involving MEPs, and elucidate the neurophysiological meaning of the
parameters within the model. Ultimately this modeling could help identify
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Figure 1: A plot of input-output and relative response curves for the data of Goldsworthy
et al. (2016) and Vallence et al. (2015). (a) iTBS input-output. The mean baseline
(dashed) and mean time-averaged MEP amplitude response following iTBS (solid) are
plotted against input intensity (as a percentage RMT), averaged across all subjects. The
vertical lines show the standard error in the mean across all subjects. (b) cTBS input-
output. The mean baseline response (dashed) and mean time-averaged response following
cTBS (solid) are plotted against input intensity (%RMT), averaged across all subjects and
sessions. The vertical lines show the standard error in the mean across all subjects. (c)
iTBS relative. The post-iTBS response is plotted as a fraction of the baseline response (i.e.
the IO curve before iTBS stimulation). The bars are the standard error in the mean. (d)
cTBS relative. The post-cTBS response is plotted as a fraction of the baseline response.
The bars are the standard error in the mean.
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Figure 2: The IO curves for each individual for the case of (a) iTBS (dashed – pre, solid –
post) and (b) cTBS (dashed – pre, solid – post). In both parts (a) and (b) the thick lines
are the means across all individuals.
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biophysical changes that might occur following interventions such as iTBS
and cTBS.

2. Methods

2.1. Modeling of IO curves

The model is presented in full in Wilson et al. (2021), and summarized
in Fig. 3(a). It consists of coupled populations of layer 2/3 excitatory neu-
rons, layer 2/3 inhibitory neurons, and a population of layer 5 corticospinal
output neurons. These feed motoneurons, whose firings result in motounit
action potentials which are summed to create a MEP. Parameters, which are
constrained to a lesser or greater extent by physical arguments (Robinson
et al., 2004), have been optimized to fit experimental data (Fung and Robin-
son, 2013, 2014; Wilson et al., 2021). For this work the values for the large
majority of the parameters are as presented in Wilson et al. (2021), but we
have specifically looked at varying excitatory-to-excitatory and excitatory-
to-inhibitory synaptic couplings, wee and wie respectively.

We also need to consider the interaction between the electric field induced
by a TMS pulse and the neural populations in the cortex. We describe the in-
teractions phenomenologically via three coupling strengths: νex, the strength
of interaction between the applied field and the excitatory population; νix,
the strength of interaction between the applied field and the inhibitory pop-
ulation; and νvx, the strength of interaction between the applied field and
layer 5 population. Physically these couplings are proportional to the mean
strengths of the excitatory or inhibitory post-synaptic potentials produced
due to a stimulation event (Deco et al., 2008; Sanz-Leon et al., 2017). We
use equations that achieve a preferential stimulation of excitatory neurons
at high intensity, but a preferential stimulation of inhibitory neurons at low
intensity (Ziemann et al., 1996; Ilic et al., 2002). The phenomenological de-
scription of the interaction accounts for many biophysical processes that lead
to stimulation of cells under an applied field. Specifically, the coupling νix is
constant, whereas the coupling νex is described through a sigmoidal function
of stimulation intensity φx

νex =
νmax
ex

e(A−φx)/B+1
, (1)

where νmax
ex is the maximum coupling (at high intensities), A is the threshold

of the sigmoid and B is its width. In this work we scale the effect of the
TMS amplitude in this equation, in effect introducing a new parameter µ
that scales together the threshold and width of the sigmoid:

νex =
νmax
ex

e(µA−φx)/µB+1
. (2)
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This can be considered as scaling the take-off point and rate-of-take-off of
the interaction between external stimulus and excitatory population.

The three parameters (wee, wie and µ) have been singled-out because (i)
they significantly affect MEP amplitudes, as demonstrated by Wilson et al.
(2021) who analyzed the effect of varying all parameters in the model; (ii)
there is considerable literature that considers changes in synaptic couplings
as a cause for changes in MEPs seen post-TBS (Thickbroom, 2007; Del-
vendahl et al., 2012; Lenz et al., 2016); and (iii) experimental data shows
that different subjects require different stimulation amplitudes to produce
the same response. In addition to the scaling of the interaction between the
external stimulus and excitatory population, there is a commensurate scaling
of the interaction between the external stimulus and the Layer 5 population,
as described in Wilson et al. (2021), where the layer 5 population receives
one tenth the input of the layer 2/3 excitatory neurons. The interactions
that we vary in this work are indicated in Fig. 3(a) by the bold blue arrows.
A summary of the method and analyses is given in Fig. 3(b).

The scaling of the interaction curve through the parameter µ does not
model directly an explicit biophysical process. However, it does indirectly
consider biophysical interactions that result in the coupling of electromag-
netic field with cortical neurons. Moreover, recent analysis of MEPs by Goetz
et al. (2019) has shown that the variation in input currents to cortical cells
need be considered to account for the full range of variation in MEPs seen
experimentally.

2.2. Fitting parameters to individual response curves

For each individual’s baseline IO curves we have obtained the best fits
to the experimental data by considering variation in wee, wie and µ. Specifi-
cally, we have looked at the following options, in which one, two or all three
parameters are varied. 1. Varying solely µ, which we denote by ‘S’, for
‘Scale’; 2. Varying solely wee, (‘ee’); 3. Varying solely wie, (‘ie’); 4. Varying
µ and wee, (‘S+ee’); 5. Varying µ and wie, (‘S+ie’); 6. Varying wee and wie,
(‘ee+ie’); 7. Varying µ, wee and wie, (‘S+ee+ie’). Numerical values for the
other parameters described in Wilson et al. (2021) are the ‘standard’ values
used in that reference. We have chosen to look specifically at the full range of
these options rather than simply fitting S+ee+ie in order to ascertain what
is the minimum fitting that we require in order to successfully represent the
data.

To perform the fitting, we have generated a look-up table of modeled IO
curves for the different wee and wie parameter combinations. This enables us
to quickly calculate a goodness-of-fit value for each parameter combination,
and select the best curve. Specifically, our look-up table has wee ranging from
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Figure 3: (a) A diagram of the interactions between the cellular populations of the model.
The strength of the interactions shown with bold blue arrows are those that are modified in
this work. Adapted from Wilson et al. (2021), Figure 1. e – excitatory neural population,
i – inhibitory neural population.(b) A summary of the model analyses performed, and the
figures where results are shown. S, ee and ie denote scaling of the parameters µ, wee and
wie respectively, where wee is the excitatory-to-excitatory synaptic coupling strength, wie

is the excitatory-to-inhibitory synaptic coupling strength, and µ controls the interaction
between the external stimulus and excitatory population via Eq. (2).
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0.75 to 1.05 times the standard value of 1.92×10−4 V s, in increments of 0.01
times its standard value; wie has the same range as wee. Since µ represents
simply a scaling of the input amplitude (the x-axis) we only need look-up
one curve for each wee and wie combination — then curves for various µ
values from 0.5 to 2.0 in steps of 0.01 are quickly generated by interpolation.
To describe the goodness of fit of a set of parameters, we use the Akaike
Information Criterion (AIC) (Akaike, 1974) . The approach assesses relative
quality of fitting of different models on a least-squares measure, but penalizes
models with greater numbers of parameters. An alternative approach is
provided by the Bayesian Information Criterion (BIC) which penalizes higher
numbers of parameters more strongly than the AIC. Specifically, we construct
a least-squares metric lnL as:

lnL({p}) = −1

2

18∑
j=1

10∑
i=1

(mij({p})− m̃ij)
2

σ2
ij

(3)

where mij({p}) is the mean modeled MEP at the i-th intensity (90%, 100%,
110%, · · · 180%RMT) for the j-th person for the parameter set {p}, m̃ij is the
mean measured MEP at the i-th intensity for the j-th person, and σij is the
standard error in the mean measured MEP at the i-th intensity for the j-th
person. The weighted sum-of-squares deviation, χ2, is simply χ2 = −2lnL.
The values of χ2 should be interpreted in terms of the number of data points
fitted. In Eq. (3) the sums are over 18 subjects and 10 intensities per subject,
meaning χ2 is a result of the fitting the model to 180 points. The AIC is
then calculated as:

AIC = 2k − 2 lnL, (4)

where k is the number of fitted parameters. The value of k is 18, 36 or
54, for the cases of fitting one, two or three respectively of µ, wee and wie
(being the number of parameters fitted per person times 18 people). Of
importance is the difference between AIC for two different models; the lower
score indicates that a model is more likely. We note that while we fit the
model to each subject’s IO curve individually, we assess the performance of
the model across all subjects through a single value of χ2 and AIC.

2.3. Changes in IO response post-TBS

We next assess how well the model captures changes in MEPs post-TBS.
First, we consider the population as a whole; how well can the post-TBS
changes be captured by the model? To do this, we look at responses relative
to baseline across the different intensities since the relative response is how
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such data are normally presented. For each individual j, we construct the
relative measured IO response across TMS input intensities i, R̃j(i), as:

R̃j(i) =
m̃TBS
ij

m̃base
ij

, (5)

where m̃TBS
ij is the measured MEP for person j at intensity i post-TBS,

averaged across all time periods and sessions, and m̃base
ij is the measured

MEP for person j at intensity i at baseline, averaged across sessions. We
have then fit the various combinations of the model parameters µ, wee and
wie for each individual to best describe the relative response, as opposed to
the IO curve itself. Thus the least-squares metric becomes:

lnL({p}) = −1

2

18∑
j=1

10∑
i=1

(
Rj(i)− R̃j(i)

)2
Σ2
ij

(6)

where Rj(i) is the modeled relative response for the j-th individual at the
i-th intensity, given by

Rj(i) =
mTBS
ij

mbase
ij

(7)

where mTBS
ij is the modeled MEP for person j at intensity i post-TBS, aver-

aged across all time periods and sessions, and mbase
ij is the modeled MEP for

person j at intensity i at baseline, averaged across sessions. In Eq. (6) Σ2
ij is

the standard error in the mean of the relative MEP at the i-th intensity for
the j-th person.

Here we take mbase
ij as being the modeled MEP for the case of the S+ee+ie

model since, as demonstrated in the results, this model provides the best
overall fit to the baseline IO curves. When we fit the parameters to the post-
TBS curves, we assess the model possibilities based on varying combinations
of µ, wee and wie: S, ee, ie, S+ee, S+ie, ee+ie, and S+ee+ie. We emphasize
that for post-TBS curves, we keep non-optimized parameters at their values
that have resulted from the S+ee+ie fit to each individual’s baseline IO curve.
For example, for the ‘ee’ model, we fix µ and wie to be the values obtained
after fitting S+ee+ie to the baseline IO curve, but allow wee to be further
varied. This allows us to assess changes in parameters post-TBS compared to
their pre-TBS values. For completeness, we also consider the model ‘change
nothing’, that is, we do not vary µ, wee or wie from their baseline values. We
do not expect this to give a good fit but it provides a control comparison for
other models.

It is important to note that we have fitted model parameters to the
post-TBS IO-curves. We have not predicted the post-TBS IO-curves using,
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for example, calcium dependent plasticity equations implemented through
NFTsim. This latter approach has been implemented in Fung and Robin-
son (2014) and Wilson et al. (2016, 2018). We are aiming to identify the
best fitting model from the ones selected and more broadly to identify the
biophysical role of the various parameters in controlling MEPs.

2.4. Principle Component Analysis to facilitate comparison between model
and experiment

The first question we asked was ”how well can the post-TBS changes be
captured by the model?” The second question is ”how well can changes for
individual subjects be successfully reproduced?” That is, how well do mod-
eled and measured MEPs align on an individual basis. For each individual j,
we have ten data points (for the ten intensities 90% to 180% RMT) for R̃j(i)
and Rj(i). Comparison of the modeled and measured data for an individual
involves consideration of these ten intensity values. Rather than working with
ten values, we reduce the R̃j(i) and Rj(i) responses to a single value using
principal component analysis (PCA). We first find the ten principal compo-
nents of the data R̃j(i). We then express, for each person j, their measured
and modeled responses in terms of these principal components and extract
the coefficient of the first, most significant, principal component, which we
denote P̃j and Pj for the measured and modeled cases respectively. Thus we
reduce the relative change in MEP across all intensities (i.e. the individual
response curves making up Fig. 1(c) and (d) to a single-valued measure.)
We then correlate Pj with P̃j to ascertain how well the model fitting deals
with individual as opposed to populations of responses. Finally, we correlate
changes in wee, wie and µ with P̃j to look at how changes in MEP relate to
a change in parameters, for each individual j.

A summary of the method and analyses is given in Fig. 3(b). A table
of the parameters used in this study, their meanings and range of values, is
given in Table 1.

2.5. Code availability

The code to implement this study has been written in Matlab and is avail-
able at https://github.com/mtwilson1970/Fitting_weights_to_meps. The
code draws from a look-up table which was created by running the MEP
model described in Wilson et al. (2021), available at https://github.com/
mtwilson1970/MEP_modeling_2020. The MEP model itself draws from the
NFTsim model for modeling neural field equations; NFTsim is available
at https://github.com/BrainDynamicsUSYD/nftsim (version 1.1.0) (Sanz-
Leon et al., 2017).
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Table 1: The model parameters and their values, and other symbols used in this
manuscript.

Description Value or Range Unit
Model parameters (from Wilson et al. (2021))

νmaxex Maximum coupling between external field
and excitatory population 1.92 × 10−4 V s

νex Coupling between external field
and excitatory population As in Eq. (2) V s

νix Coupling between external field
inhibitory population −1.92× 10−4 V s

νvx Coupling between external field
layer 5 population 0.1νex V s

A Threshold of field-to-excitatory coupling curve 500 s−1

B Width of field-to-excitatory coupling curve 100 s−1

φx Stimulation intensity 400 – 1600 s−1

Model parameters (fitted)
µ Scaling of threshold and amplitude of coupling 0.5 – 2 —
wee Excitatory-to-excitatory coupling (0.75 – 1.05)×1.92× 10−4 V s
wie Excitatory-to-inhibitory coupling (0.75 – 1.05)×1.92× 10−4 V s

Experimental data descriptors
m̃base
ij Mean measured MEP at i-th intensity

for j-th person pre-TBS See results V
m̃TBS
ij Mean measured MEP at i-th intensity

for j-th person post-TBS See results V
mbase
ij Mean modeled MEP at i-th intensity

for j-th person pre-TBS See results V
mTBS
ij Mean modeled MEP at i-th intensity

for j-th person post-TBS See results V

R̃j(i) Relative measured IO response
at i-th intensity for j-th person See results —

Rj(i) Relative modeled IO response
at i-th intensity for j-th person See results —

σij Standard error in mean measured MEP
i-th person, j-th intensity See results V

Σij Standard error in measured relative MEP
i-th person, j-th intensity See results V
Analysis parameters

k Total number of fitted parameters 0, 18, 36, 54 —
χ2 Weighted-sum-of-squares measure As in Tab. 2 —
AIC Akaike Information Criterion As in Tab. 2 —
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Table 2: Values of AIC and χ2 for different models fitted to the baseline IO curves and
the post-TBS relative response curves. Each model has been fitted to 180 data points (18
subjects times 10 intensities). k gives the total number of parameters fitted (number of
parameters per subject, times 18 subjects). S – Scaling of input axis; ee – fitting only wee;
ie – fitting only wie; ee+ie – fitting wee and wie; S+ee – Scaling of input axis and fitting
wee synaptic couplings; S+ie – Scaling of input axis and fitting of wie synaptic coupling;
S+ee+ie – Scaling of input axis and fitting of both wee and wie synaptic couplings.

iTBS cTBS
baseline post-i baseline post-c

Model k χ2 AIC χ2 AIC χ2 AIC χ2 AIC
nothing 0 718 718 236 236 2043 2043 341 341
S 18 198 234 181 217 423 459 226 262
ee 18 358 394 184 220 768 804 216 252
ie 18 331 367 172 208 659 695 228 264
ee+ie 36 213 285 160 232 341 413 191 263
S+ee 36 66 138 122 194 140 212 168 240
S+ie 36 66 138 117 189 127 199 185 257
S+ee+ie 54 27 135 104 212 58 166 155 263

3. Results

3.1. Fitting parameters to baseline input-output curves

In Table 2 for iTBS and cTBS we show the AIC and χ2 scores, along
with values of k, for the different sets of parameters fitted. We also show
AIC scores in graphical form in Fig. 4. The χ2 values obtained for baseline
fits are substantially lower (around half) for the S+ee+ie model than for
any other model. The lowest AIC scores obtained for the baseline iTBS
curves are for the S+ee, S+ie and S+ee+ie models, which all are similar
and significantly lower than other models. For the baseline cTBS curves,
these three are again lower than other possibilities, with the S+ee+ie model
being lowest. In all cases, adding the ‘S’ option into the model improves
the fit. E.g. the S+ee model outperforms the ee model; the S+ie model
outperforms the ie model; the S+ee+ie model outperforms the ee+ie model.
We conclude that the coupling between the amplitude of the stimulation and
the neural response, modulated through the parameter µ in Eq. (2), is a key
consideration in modeling of MEPs (Capaday, 2021). This is also suggested
experimentally by Tang et al. (2016). The low scores for the S+ee+ie model
justifies the choice of using this model to fit the baseline data prior to fitting
post-TBS, Section 2.3.

Example fits to individuals are shown in Fig. 5. Here we show the fitted
IO curves for all subjects for the baseline cTBS experiments, for the case of
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Figure 4: The AIC scores for (a) fitting to the pre-iTBS baseline IO curve; (b) fitting
to the pre-cTBS baseline IO curve; (c) fitting to the post-iTBS relative MEP curve; (d)
fitting to the post-cTBS relative MEP curve. Lower values show that a model is more
likely. The symbol ‘–’ denotes the ‘change nothing’ model.
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scaling the input (i.e. allowing µ to vary), and fitting wee and wie. While the
model fits well in most cases, there are some occasions (e.g. person 6) for
which it does not.

Figure 6 gives fitted input-output curves for the case of person 6, for the
baseline cTBS data. This example has been chosen because when either wee
alone (pink dot-dash curve) or wee and wie together (thin pink-dash curve)
are fitted, the model shows a particularly poor fit to the measured data.
Specifically, this particular subject shows a very rapid increase in MEP with
changing amplitude above 110% RMT, and a falling MEP at the highest
amplitudes, which the model is unable to reproduce with scaling of synaptic
couplings wee and wie alone. Fitting purely wee, shown by the pink dot-dash
line, produces a fitted curve that vastly overestimates the MEP at low ampli-
tudes. Fitting both wee and wie, shown by the thin pink-dash line, gives only
a marginal improvement; the model now underestimates MEPs at mid-range
amplitudes. Scaling of the input is additionally required (thick pink-dash) in
order for the model to reasonably fit the data (although the fit is still poor).
Capaday (2021) has analyzed the variance in MEP against MEP intensity.
Variation in MEP intensity is largest near threshold and accurate modeling
of the MEP is highly dependent on accurate identification of the threshold.
In terms of our work, scaling of the input intensity directly addresses where
the threshold of the sigmoid in Eq. (2) arises, without altering the MEP at
very high or low stimulation amplitudes.

3.2. Fitting to post-TBS curves

We now discuss the fitting of the model to the post-iTBS and -cTBS
IO curves. We start by considering the model fits across the population,
and then look specifically at how well the model describes the responses of
individuals.

3.2.1. Responses across the population

We first describe the fitting of the model to the population as a whole.
In Table 2 and Fig. 4(c) and (d) for iTBS and cTBS respectively we give
the AIC values resulting from fitting the model to all 18 individual time-
averaged and session-averaged post-TBS response curves. For the iTBS case,
the best performing models are S+ee and S+ie, with AIC scores of 194 and
189 respectively. These are lower than the next best performing models.
For the cTBS case, the S+ee model is the lowest scoring, with an AIC of
240, although S+ie is close with a score of 257. Overall, variation in µ,
that is, an ‘S’ part of the model, appears to be necessary post-TBS in order
to fit the relative MEP data. In addition, varying wee or wie, i.e. a synaptic
coupling term, improves the fit. However, on this basis we cannot definitively
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Figure 5: The fitted IO curves for all subjects (denoted ‘SJ’ for ‘subject’) for the case
of the baseline of the cTBS experiment. In each subplot, black dashed line shows the
measured MEP response, with the vertical black bars denoting the standard error in the
mean. The fitted line (pink dash) is the output of the model when wee, wieand µ have

been fitted. The value of the sum-of-squares deviation, Sj =
∑10

i=1 (mij − m̃ij)
2
/σ2

ij , is
also shown, where mij is the modeled MEP at the i-th intensity for the j-th person, m̃ij is
the measured MEP at the i-th intensity for the j-th person, and σij is the standard error
in the mean of the MEP at the i-th intensity for the j-th person. The final plot ‘average
pn’ is the model fit to the data averaged over all subjects.
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Figure 6: An example of the fit of the model to an individual’s input-output curve (person
6, baseline for cTBS experiments) that shows an unusually rapid take-off in response post
RMT. Vertical black bars show the measured pre-TBS data, as mean ± standard error in
the mean, for a given amplitude (%RMT). The dot-dashed, dashed and thick-dashed lines
show the model’s fit to the experimental data for the cases of fitting wee, wee & wie, and
wee, wie & input scaling respectively.
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distinguish between the fitting of wee or wie. In other words the results do
not allow us to conclude that, for example, wee changes in preference to wie,
as has often been assumed in modeling work (Wilson et al., 2014; Sorkhabi
et al., 2021; Fung et al., 2013; Fung and Robinson, 2013). Since the favored
post-TBS models are S+ee and S+ie for iTBS, and S+ee for cTBS, we have
concentrated on the S+ee model for post-TBS analysis in what follows.

Results are shown graphically in Figs. 7 and 8, for the case of iTBS and
cTBS respectively. Here we show fits to the baseline IO curves using the
S+ee+ie model, and the fits to the post-TBS relative MEP curves using the
S+ee model. In these plots, we have used black to represent experimental
data, pink to represent modeled data, a dashed line to represent pre-TBS
data and a solid line to represent post-TBS data. Figure 7(a) shows the
measured MEP data as bars (mean±s.e.m. across all subjects) for the pre-
iTBS (black dashed) and post-iTBS (black solid) cases. The smooth pink
lines show the mean across the population of the modeled results both pre-
iTBS (pink dashed) and post-iTBS (pink solid) stimulation. Values of R2

are indicated for fitting of the pre-iTBS and post-iTBS curves, where

R2 = 1−
∑

i(yi − fi)2∑
i(yi − ȳ)2

, (8)

where yi is the mean experimentally-measured MEP at the i-th intensity,
ȳ is the mean of yi across intensities and fi is the mean fitted MEP at
the i-th intensity. Part (c) shows the experimental and modeled data in
terms of relative change, i.e. the experimental R̃j(i) averaged over all people
j (mean±s.e.m., black) and the modeled Rj(i) averaged over all people j
(mean±s.e.m., pink). Figure 8(a) and (c) show the similar result for the
cTBS case.

Figures 9 and 10 show histograms of the residual MEPs after fitting with
the S+ee model (baseline) and S+ee+ie (post-TBS) model for the cases of
iTBS and cTBS respectively. The plots show the cases for two stimulation
intensities, 110%RMT and 180%RMT. These two intensities have been cho-
sen because the 110%RMT case is where a significant potentiation effect is
seen in the relative MEP for iTBS, and 180%RMT represents the maximum
intensity used. The histograms have been tested for normality (Anderson-
Darling test), zero mean (unpaired t-test) and skewness (Trujillo-Ortiz and
Hernandez-Walls, 2003). Where the Anderson-Darling test for normality
shows a p-value of less than 0.05, the test of whether the mean of the popu-
lation is zero (t-test) is dubious. Results are shown in Tab. 3. It is evident
that, for iTBS, the null hypothesis of a normal distribution cannot be dis-
counted. For 110% RMT, both for baseline and post-iTBS, the residuals
the population shows a mean that is statistically less than zero, that is the
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Figure 7: Measured data, and modeled fits, for iTBS. (a) Experimental IO data (dashed
black bar, pre-iTBS, mean±s.e.m.; solid black bar, post-iTBS, mean±s.e.m.) and the
population mean of the model fits to the pre-iTBS IO curve with the S+ee+ie model
(pink dash) and the post-iTBS relative MEP curve with the S+ee model (pink solid). (b)
The first principal component of the modeled relative response curve Pj , against the first

principal component of the experimental relative response curve P̃j , for all individuals j.
(c) The relative change in MEP post-stimulation for the various intensities for the exper-
imental data (black cross, mean±s.e.m) and the modeled fits (pink circle, mean±s.e.m.).
(d) The change in modeled excitatory weight wee after iTBS, against the first principal
component of the experimental relative response curve P̃j , for all individuals j. (e) The
pre- and post-iTBS values for wee for all individuals. (f) The distribution of the change
in synaptic couplings wee across all individuals.(g) The pre- and post-iTBS values for µ
for all individuals. (h) The distribution of the change in µ across all individuals.
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Figure 8: Measured data, and modeled fits, for cTBS. (a) Experimental IO data (dashed
black bar, pre-cTBS, mean±s.e.m.; solid black bar, post-cTBS, mean±s.e.m.) and the
population mean of the model fits to the pre-cTBS IO curve with the S+ee+ie model
(pink dash) and the post-cTBS relative MEP curve with the S+ee model (pink solid). (b)
The first principal component of the modeled relative response curve Pj , against the first

principal component of the experimental relative response curve P̃j , for all individuals j.
(c) The relative change in MEP post-stimulation for the various intensities for the exper-
imental data (black cross, mean±s.e.m) and the modeled fits (pink circle, mean±s.e.m.).
(d) The change in modeled excitatory weight wee after cTBS, against the first principal
component of the experimental relative response curve P̃j , for all individuals j. (e) The
pre- and post-cTBS values for wee for all individuals. (f) The distribution of the change
in synaptic couplings wee across all individuals. (g) The pre- and post-iTBS values for µ
for all individuals. (h) The distribution of the change in µ across all individuals.
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Figure 9: Histograms of the residual MEPs (in millivolts), defined as the experimental
MEP minus the modeled MEP, for the iTBS experiments and modeling. (a) Baseline
(pre-iTBS), 110% RMT. (b) Baseline, 180% RMT. (c) Post-iTBS, 110%RMT. (d) Post-
iTBS, 180% RMT. The p-values for tests of normality (pn) and zero-mean (pm) are shown.

model overpredicts the MEP. For cTBS, the null hypothesis of a normal dis-
tribution can be discounted for the case of the baseline measurements at
180% RMT. For all cases the model shows a mean statistically lower than
the experimental measurements, although not by as much as for the iTBS
cases.

3.3. Responses for individuals

We now consider individual responses. Figure 7 parts (b) and (d) show
this in detail for iTBS stimulation modeled with S+ee. Part (b) shows the
correlation between measured and modeled first principal components, P̃j
and Pj respectively, for all individuals j, as described in section 2.4. The data
show significant correlation, indicating that, broadly speaking, the model can
reproduce relative response curves on an individual basis. Part (d) shows how
the change in excitation, defined as (wee,j)post− (wee,j)pre, correlates with the
experimental relative response P̃j for all individuals j. A positive correlation
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Figure 10: Histograms of the residual MEPs (in millivolts), defined as the experimental
MEP minus the modeled MEP, for the cTBS experiments and modeling. (a) Baseline (pre-
cTBS), 110% RMT. (b) Baseline, 180% RMT. (c) Post-cTBS, 110%RMT. (d) Post-cTBS,
180% RMT. The p-values for tests of normality (pn) and zero-mean (pm) are shown.

Table 3: Statistical tests on the histograms of the residuals after fitting IO curves to each
subject. The table shows test statistics and their p-values. Where the Anderson-Darling
test for normality shows a p-value of less than 0.05, the test of whether the mean of
the population is zero (t-test) is dubious. Skewness has been tested with the method of
Trujillo-Ortiz and Hernandez-Walls (2003).

iTBS cTBS
baseline post baseline post

110% 180% 110% 180% 110% 180% 110% 180%
test statistic
Anderson-Darling 0.37 0.31 0.41 0.39 0.26 1.03 0.58 0.67
t-test −4.12 −1.19 −3.68 0.16 −3.13 −3.05 −3.12 −3.76
Skewness 0.72 0.78 1.40 1.76 0.32 1.79 0.26 2.21
p-value for test
Anderson-Darling 0.41 0.54 0.32 0.35 0.69 0.0075 0.11 0.065
t-test 0.00072 0.25 0.0019 0.88 0.0062 0.0072 0.0063 0.0016
Skewness 0.47 0.44 0.16 0.079 0.75 0.073 0.80 0.027
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shows that strong experimental relative response can be related to a change
in net excitatory synaptic coupling in the modeling. The changes in wee
from pre- to post stimulation for the various individuals are shown in parts
(e) and (f). There is no reduction in wee as assessed by a paired t-test
(p = 0.065). The changes in µ from their values pre-stimulation to their
values post-stimulation for the various individuals are shown in parts (g)
and (h); changes are not statistically significant (p = 0.092). Figure 8 shows
similar plots for the case of cTBS. Part (e) and (f) show changes in wee; a
paired t-test shows a statistically-significant reduction (p = 0.035). Parts (g)
and (h) show changes in µ; these are not statistically significant (p = 0.77).

4. Discussion

In this work, we asked two questions. First, we asked what phenomono-
logical changes were evident in the IO curves of Goldsworthy et al. (2016).
Secondly, we asked whether a biophysical model, specifically that of Wilson
et al. (2021) could be used to identify biophysical changes that underly the
changes in MEPs.

4.1. Changes in IO curves

First, analysis of the IO curves pre- and post- iTBS and -cTBS shows that
there is considerable variation for different individuals. Not only does the
MEP amplitude vary considerably, but the rate at which the MEP rises as
stimulation amplitude (%RMT) is increased is highly variable, as exemplified
in Fig. 5. Changes in IO curves post-iTBS or -cTBS are small for most
individuals, and are highly variable depending on the person. This is in
agreement with existing literature on variability of TBS results (Gamboa
et al., 2010; Hinder et al., 2014; Sasaki et al., 2018; Ozdemir et al., 2021;
Capaday, 2021). In particular, there is high variability in MEP around motor
threshold. The post-TBS data presented in terms of the response relative to
baseline, highlights the sensitivity around threshold, and it is important to
identify that the two forms of presenting the same data (IO curves as in
Fig. 1(a) and (b) and the relative response as in Fig. 1(c) and (d)) lead to
different emphases in the analysis.

4.2. Fitting of models

We now address the second question: Can we use a model to identify
biophysical changes post-TBS? To do this, we fitted different combinations
of three parameters to each person’s baseline and post-TBS IO curves: (i)
a scaling of the input amplitude and TMS-to-excitatory coupling threshold
with a parameter µ, as in Eq. (2), which we have denoted by ‘S’; (ii) the
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excitatory-to-excitatory synaptic coupling, wee which we have denoted by
‘ee’; and (iii) the excitatory-to-inhibitory synaptic coupling, wie which we
have denoted by ‘ie’. We have assessed how each model performs across all
subjects as a whole, for the two cases of iTBS and cTBS. Each combination of
parameters has been assessed in terms of how well it can model the individual
IO curves across the whole population of subjects, using the AIC as described
in Eq. (4). The scores for each model are shown in Table 2.

It is clear from these results that no single parameter is sufficient to
provide a good fit to the pre- or post-TBS curves. For iTBS, variation in wee
along with µ (i.e. the S+ee model), or wie along with µ (the S+ie model)
are sufficient to describe the baseline IO curves, although S+ee+ie is also a
possibility. With cTBS, the S+ee+ie model is most strongly favored. We
have therefore picked the S+ee+ie model as our starting point for considering
variations in parameters post-TBS, as in Fig. 3(b), second box. Post-TBS,
the favored models are S+ee or S+ie for the iTBS case, and S+ee for the
cTBS case. This leads us to concentrating on the S+ee case for analysis post
stimulation, Fig. 3(b), third box.

The necessity for scaling the input amplitude, ‘S’ in the models (equiva-
lent to scaling the threshold and width of the TMS-to-excitatory coupling, as
in Eq. (2)), is likely to be associated with the large range of TMS thresholds
seen across a population of individuals. For example, Goetz et al. (2019)
and Capaday (2021) highlight the wide variation in motor thresholds and
how the errors in determining motor threshold can result in a large error in
measured MEP at intensities close to threshold, as exemplified in Fig. 6.

On a population basis, the S+ee+ie model (pre-TBS) and the S+ee model
(post-TBS) fit the IO curves well, as shown in Fig. 7(a) and Fig 8(a) for the
cases of iTBS and cTBS respectively. Values of R2 are all greater than
0.95. We note that the χ2 values of Table 2 for the S+ee+ie fit to the
baseline data are around half of that for the next best fitting models (S+ee
or S+ie), showing that the three parameters are needed to produce a good fit.
However, post-TBS the χ2 values for S+ee+ie are of the same order as S+ee
and S+ie; in other words the addition of an extra parameter has not made
a substantial improvement in fit quality. Figures 7(a) and 9(a) & (c) show,
for iTBS, that the model overpredicts MEPs at 110%RMT for both baseline
and post-iTBS cases. For the case of cTBS, Figs. 8(a) and 10(a) & (c) show
a small overprediction of MEP at both 110%RMT and 180%RMT, although
it should also be noted that mean modeled MEP fits the mean experimental
MEP better for the cTBS experiments than for the iTBS experiments.

When one looks specifically at relative MEP response following TBS,
the situation is complicated further. Experimental results for iTBS show
a clear rise in MEPs close to threshold post-stimulation, compared to pre-
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stimulation. This is most pronounced at 110%RMT. However, the S+ee
model, which gives a favorable AIC score for fitting the IO-curve post-TBS,
does not adequately capture this high rise in MEP, as shown in Fig. 7(c). For
the cTBS case, the S+ee model is still able to broadly capture the overall
depression in MEP across all intensities above threshold, Fig. 8(c). However,
below threshold, where MEPs are small, the experimental results show an
increase in MEP which has not been captured by the model.

The S+ee+ie fit to the baseline IO curves describes IO curves on an indi-
vidual (rather than population average) basis. Figs. 7(b) and 8(b) for iTBS
and cTBS respectively show (for nearly all subjects) a strong correlation be-
tween the experimental first principal component values, P̃j, and the modeled
values, Pj, showing that the S+ee+ie model will give an IO curve that gives
a similar response as seen experimentally. We emphasize that each IO curve
consists of responses at ten intensities, and to fully analyze the situation we
will need to consider response for all these ten intensities. The use of the
first principal component allows us to describe each IO curve with just one
value, facilitating comparison between experiment and modeling across all
individuals.

Post-TBS, the change in wee correlates well with the experimental relative
response, on an individual basis, as shown in Fig. 7(d) and Fig. 8(d). This
allows us to identify a change in excitatory-to-excitatory weight post-TBS,
based on an individual’s response curve. However, changes in the best-fit
parameters from pre- to post-stimulation are subtle. Fig. 7(e) and (f) shows
how wee has changed for each individual for iTBS, and Fig. 8(e) and (f) shows
the same for cTBS. For the cTBS case, there is a small reduction in wee; for
the iTBS case, no statistically significant change is apparent. No changes in
the mean values of µ can be identified.

Therefore, although we cannot distinguish changes in parameters on a
population basis (e.g. we cannot say that excitatory-to-excitatory weights
change on average post-iTBS or post-iTBS), we can say that individuals
who exhibit a greater change in response have a greater change in excitatory
weight than individuals with less change in response.

4.3. Limitations

This approach has limitations. First, we emphasize that the analysis has
been based on a limited range of previously-published experimental data.
Specifically, 18 subjects have been used for both the iTBS and cTBS exper-
iments, and IO curves have been recorded at 10 intensities, both before and
after TBS (Vallence et al., 2015; Goldsworthy et al., 2016). The cTBS ex-
periments were repeated over three sessions (Vallence et al., 2015). Overall,
this is low for modern studies in TBS.
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We assume that it is possible to attribute experimentally-measured changes
in MEPs to underlying biophysical changes through a model. Given that
much of the underlying biophysics is poorly understood (Moezzi et al., 2017;
Goetz et al., 2019), for example how a TMS pulse couples to cell populations
and the mechanisms of corticospinal activation, such biophysical models will
necessarily be limited. Extensive validation of a model will be required in
order for there to be real confidence in interpreting fitted values. Direct val-
idation is difficult since it would involve an independent measure of synaptic
couplings, which is not feasible except through in vivo animal experiments
(Barry et al., 2014; Lenz et al., 2016). We note that the neural field model
NFTsim, and similar neural field approaches, have been applied successfully
to numerous phenomena including anaesthesia, sleep and epilepsy by using
parameter values commensurate with the situation, that is, linking under-
lying biophysical descriptions directly to measured phenomena, usually the
electroencephalogram (Robinson et al., 1997; Roberts and Robinson, 2012;
Pinotsis et al., 2014; Breakspear, 2017). This gives some confidence that
biophysical parameters can be associated with measured outputs. However,
the process of MEP formation is more indirect, and this adds a layer of
complication to the modeling. The highly nonlinear shape of the IO curve
complicates fitting of models and their interpretation in terms of underlying
biophysics. A statistical approach to modeling MEPs, including underlying
nonlinear processes and noise, is discussed in Goetz et al. (2019). Moreover,
Goetz et al. (2022) demonstrated that using simple linear averages of MEPs
to quantify response is problematic since it does not adequately capture the
underlying processes. Notably, variability in response can be a result of dif-
ferent processes that lead to different statistical distributions.

We also emphasize that the approach taken, using AIC scores as a mea-
sure of performance of a model, implicitly will choose one of the candidate
models regardless of how good the fits actually are. Thus, while we have
focused on S+ee+ie to fit baseline data and S+ee for the post-TBS data,
these are not necessary good or the best models. Experimentally, one could
test the hypothesis that changes in excitatory circuits, but not inhibitory
circuits, explain changes in IO curves post-TBS. Paired-pulse TMS could be
used alongside IO curve measurements to measure intracortical facilitation
(ICF) and short-interval intracortical inhibition (SICI). The paired-pulse ap-
proach would provide an experimental measure of excitatory and inhibitory
changes on an individual basis, which could be correlated to the changes
predicted by fitting a MEP model to the IO curve.

The MEP model and underlying NFTsim model have many parameters.
It is not completely clear which parameters are most relevant for interpreting
underlying MEP changes. Wilson et al. (2021) demonstrated that MEPs are
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sensitive to several underlying variables. In particular, synaptic couplings
between populations have significant affect on MEP amplitudes, while the
TMS-to-excitatory population coupling parameters for threshold and width,
A andB respectively in Eq. (1) have significant effect on the rate of increase in
MEP with increasing stimulation intensity. Moreover, there is considerable
experimental and modeling literature that considers variation in synaptic
couplings as an underlying cause for measureable changes brain responses
(Thickbroom, 2007; Delvendahl et al., 2012; Lenz et al., 2016), and thus
synaptic couplings, along with the threshold and width characteristics, are a
reasonable choice for fitting to experimental MEP data.

Finally, we comment on the use of RMT as a normalizing feature on IO
curves. It is normal practice to identify a RMT based on an individual’s re-
sponse to single pulses of various amplitudes. This is required since different
individuals can have very different responses to stimuli. However, presenting
IO curves normalized by RMT, without concominant presentation of ampli-
tude data, as is common practice in publications, loses this information and
results in an apparent reduction in variability from person-to-person. We
suggest that publications of IO data also include absolute amplitude values.
Moreover, uncertainties in identifying motor threshold can have a significant
effect on the presented curve when normalized by RMT (Goetz et al., 2019).
Experimentally, we might be able to assess the impact of threshold identi-
fication by assessing model fits with thresholds identified in different ways,
such as relative frequency methods and adaptive threshold methods (Groppa
et al., 2012). Our work highlights the differences in model interpretation
that arise depending on whether one fits models using IO curves or rela-
tive responses; in our iTBS modeling the former is reasonably represented
(near-lowest AIC value) through the S+ee model, but this cannot capture
the significant response near threshold seen in the latter.

5. Conclusions

In this study we have fitted a MEP model (Wilson et al., 2021) to ex-
isting experimental data, specifically the input-output response curves mea-
sured in the experiments of Goldsworthy et al. (2016). This dataset, which
we acknowledge is limited in scope, includes IO curves at ten intensities for
18 subjects, both pre- and post-iTBS and cTBS. Our aim has been to use
the model to identify changes in biophysical parameters that occur following
iTBS or cTBS. In order to fit the IO curves for populations and individ-
uals well, three parameters have been used: a scaling on input amplitude,
equivalent to scaling the threshold and width of the TMS-to-excitatory cou-
pling response, Eq. (2); the excitatory-to-excitatory synaptic coupling; and
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the excitatory-to-inhibitory synaptic coupling. We have considered different
combinations of changes in these three parameters, meaning that one of these
combinations will be ‘selected’ as the most successful approach regardless of
how well it actually does. Changes in these three parameters allow fits both
experimental IO data and data presented as relative responses post-TBS,
although the fits are better for the former. We emphasize that the manner
of presentation of the experimental data, as IO curves or relative responses,
makes a difference in terms of analysis and interpretation. For the Goldswor-
thy et al. (2016) dataset, the model fits give no change in average synaptic
couplings or thresholds and widths across a population, but on an individ-
ual basis changes in excitatory synaptic coupling do strongly correlate with
changes in post-TBS response relative to pre-TBS response.
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