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A B S T R A C T

Transcranial magnetic stimulation (TMS) protocols often include a manual search of an optimal location and
orientation of the coil or peak stimulating electric � eld to elicit motor responses in a target muscle. This target
search is laborious, and the result is user-dependent. Here, we present a closed-loop search method that utilize
automatic electronic adjustment of the stimulation based on the previous responses. The electronic adjustment is
achieved by multi-locus TMS, and the adaptive guiding of the stimulation is based on the principles of Bayesian
optimization to minimize the number of stimuli (and time) needed in the search. We compared our target-search
method with other methods, such as systematic sampling in a prede� ned cortical grid. Validation experiments on
� ve healthy volunteers and further of � ine simulations showed that our adaptively guided search method needs
only a relatively small number of stimuli to provide outcomes with good accuracy and precision. The automated
method enables fast and user-independent optimization of stimulation parameters in research and clinical ap-
plications of TMS.
,

1. Introduction

Neurons in the brain can be excited by transcranial magnetic stimu-
lation (TMS). In TMS, a strong current pulse is fed into a coil placed on
the scalp to induce an electric � eld (E-� eld) in the cortex ( Barker et al.,
1985). In addition to its use in neuroscience (Lisanby et al., 2000;
Valero-Cabr�e et al., 2017), TMS is increasingly used in clinical applica-
tions ranging from preoperative mapping of motor and speech areas to
treatment of various brain disorders such as depression and pain (see
e.g., Lefaucheur and Picht, 2016; Lefaucheur et al., 2014).

A typical TMS session starts with searching for the optimal stimula-
tion parameters, such as location and orientation of the coil or the E-� eld
maximum, to activate a muscle under investigation most effectively.
These optimal stimulation parameters are often referred to as the motor
hotspot and de� ned as the stimulation location and orientation that elicit
the largest motor evoked potentials (MEP) measured by electromyog-
raphy (EMG) (Rossini et al., 2015), but the shortest MEP latency or the
lowest motor threshold can also be used in the de� nition ( Rossini et al.,
1994). The motor threshold (MT) is often de � ned as the stimulation
nce and Biomedical Engineering
ieminen).
intensity that produces an MEP exceeding a prede� ned amplitude with a
probability of 50%. The E-� eld at the cortical motor hotspot due to
stimulation with MT intensity may serve as a reference when adjusting
the stimulation intensity at any cortical site. Therefore, the target search
in the motor cortex is often performed even when the actual stimulation
site is outside the primary motor cortex.

Optimal stimulation parameters are often searched for by measuring a
collection of MEPs when stimulating the cortex around the expected
motor representation area, with manually varied stimulation parameters:
the location, intensity, and direction of the maximum E- � eld. The chal-
lenge is that, even with � xed stimulation parameters, the MEP amplitude
is a random variable, i.e., it varies signi� cantly from stimulation to
stimulation due to, for example, excitability � uctuations along the cor-
ticospinal tract ( Kiers et al., 1993). Therefore, target search is laborious
and time-consuming. The target search involves also subjective decision
making based on the operator’s experience, which makes its accuracy
and repeatability (over operators) questionable. Sometimes, the target
may reside in an unexpected location (Ahdab et al., 2016; Bulubas et al.,
2016), in which case the operator’s expert opinion may lead to biased
, Aalto University School of Science, P.O. Box 12200, FI-00076 AALTO, Finland.







e

s

-

t

A.E. Tervo et al. NeuroImage 220 (2020) 117082
the posterior mean estimate, respectively (see an example of the credible
interval in Fig. 1B). We de� ne the smoothness parameter asa1 ¼ k2� 2=
ð2L2Þ, where k tells how many times f is expected to cross its mean value
within the search space (seeRasmussen and Williams, 2006, page 81).
Here, we assume thatk ¼2. The MEP variance� 2

n is chosen to be constant

everywhere. In the � rst iteration, � 2
n ¼ � 2 ¼ 1=2

P 2
n¼1

�
�
�
�yn � yj2, which is

the variance of the elements in y. In the following iterations, � 2
n ¼ � 2 ¼

1=N
P N

n¼1

�
�
�
�yn � � NðxnÞj2, i.e., the variance of the differences between the

measured MEPs and the posterior mean curve. In each iteration, the es-
timate of the optimal stimulation target is where the posterior mean
reaches its maximum.

In Step 5, the algorithm checks the stopping criteria. If they are not
met, the next sampling point is determined (Step 6). The KG-BOOST al-
gorithm stops if at least 14 responses have been collected and if, during
the past eight iterations, the estimate of the optimal stimulation target
has changed no more than 2 mm or 12� for the location and orientation
search, respectively, or when 30 responses have been collected. Thes
stopping criteria were formed based on preliminary convergence evalu-
ations on test data. If the stopping criteria are not met, the next sampling
point is chosen by evaluating the knowledge-gradient function (Eq. (8))
and by � nding its maximum. If the knowledge gradient has the same
value for all sampling points, we randomly pick the next stimulation
parameter from 2 to 5 mm or 12–30� distance from the current estimate
of the optimal stimulation target. We repeat Steps 2–6 until the stopping
criteria are met. In Grid-BOOST, we take one sample in each point of an
equally spaced grid in random order with no adaptive stopping criteria,
sampling until the whole search space is covered systematically.
n

2.2. Data acquisition

Five healthy subjects volunteered for the study (aged 26–35 years,
two males). All subjects were right-handed according to the Edinburgh
inventory ( Old� eld, 1971). Prior to the measurements, each subject
signed an informed consent. The study was approved by the Coordinating
Ethics Committee of the Helsinki University Hospital and was carried out
in accordance with the Declaration of Helsinki.

TMS was administered with two different transducers connected to
our in-house-developed mTMS system (Koponen et al., 2018). One of the
transducers comprises a� gure-of-eight coil and an overlapping oval coil
(Fig. 1C; Koponen et al., 2018). With this translation transducer, we
could electronically shift the location of the calculated E- � eld maximum
along a 30-mm-long line segment in the cortex. The E-� eld in the cortex
was calculated using a spherical head model with an 85-mm radius, the
cortex assumed to be at 15-mm depth from the head surface. We had 31
possible locations (symmetrically around the reference origin with 1-mm
spacing) of the E-� eld maximum along this line segment. The other
transducer, with two overlapping � gure-of-eight coils (Fig. 1D), allows
electronic adjustment of the orientation of the maximum E- � eld (de
Oliveira e Souza, 2018). We restricted the possible stimulation orienta-
tions in the spherical head model to be within a 180 � interval centered
around the reference origin, with neighboring orientations separated by
1� . Here, the reference origin (0 mm/0 � ) means the location or orienta-
tion of the maximum E-� eld resulting from the stimulation with only the
lower of the two overlapping coils ( Figs. 1C and D). Thus, the reference
origin moves together with the transducer. The applied pulse waveforms
were monophasic (60-� s rise time, 30-� s hold period; Koponen et al.,
2018b) and the interstimulus interval (ISI) was randomized between 4
and 6 s.

The position of the mTMS transducers and the head of the subject
were tracked with a neuronavigation system (eXimia 3.2, Nexstim Plc,
Finland). For image-based guiding, we had T1-weighted magnetic reso-
nance images of each subject. When needed, the position of the trans-
ducer with respect to the subject’s head was kept� xed with the help of
4

the neuronavigation system, which allowed stimulation only when the
transducer location was within 2 mm and all rotation angles less than 2�

from their target values.
The motor responses were measured with surface EMG integrated in

the eXimia 3.2 system (500-Hz low-pass� ltering, 3-kHz sampling fre-
quency). The silver/silver-chloride surface electrodes (Ambu Neuroline
720, Ambu A/S, Denmark) were in a bipolar arrangement with the active
electrode placed over the muscle belly of the right � rst dorsal interosseu
(FDI) and the reference electrode on the second proximal phalange. The
ground electrode was placed on the back of the hand. The eXimia system
analyzed the evoked responses and displayed the peak-to-peak ampli
tudes and latencies of the MEPs in real time. To get the MEP data into our
algorithms programmed with Matlab (The MathWorks, Inc., USA), we
imported the video stream of the eXimia system to our control computer
in real time with a USB video grabber (DVI2USB 3.0, Epiphan Systems
Inc., Canada). From the video stream, we extracted the MEP-amplitude
and MEP-latency values as reported by the eXimia system. We also
analyzed the baseline EMG signal 5–200 ms before the TMS pulse for
real-time rejection of responses with muscle preactivation. We accepted
an MEP if its onset latency was 15–30 ms and if the baseline EMG signal
was within � 10 � V (when determining the MT) or � 15 � V (when
running the KG-BOOST or Grid-BOOST algorithms). If these conditions
were not met, we repeated the stimulation with the same parameters
until the MEP response was acceptable. Since the automatic MEP
analyzer of the eXimia system sometimes missed small responses, giving
just 0 � V as their amplitude, we replaced for data analysis each 0-� V MEP
amplitude with a random amplitude drawn from a uniform distribution
with an interval of 5 –15 � V.

Each subject had two measurement sessions, conducted on differen
days. At the beginning of the � rst session, we manually located the
optimal stimulation target of the FDI muscle with the � gure-of-eight coil
of the translation transducer. For this, we delivered TMS pulses to the left
primary motor cortex, varying the target location with millimeter-level
steps around the hand-knob area. The stimulation intensity was � rst
about 70 V/m, then adjusted so that the maximal MEP amplitude would
be approximately 1 mV. The ISI was about 5 s. After delivering several
tens of pulses around the hand-knob region to outline the MEP-positive
area, we visually evaluated the distribution of the MEP responses and
selected one target approximately from the center of the area showing
the largest MEPs. During the manual search, the estimated orientation of
the peak E-� eld was kept perpendicular to the overall orientation of the
precentral gyrus. Next, we determined the resting MT (rMT) for the FDI
muscle with a maximum-likelihood method ( Awiszus, 2003), applying
20 pulses with different intensities while having 50 � V as a threshold for
MEP acceptance. For the rest of the two sessions, the stimulation in-
tensity was set to 110% rMT.

In the � rst session, we performed the automated search for the
optimal stimulation location with the KG-BOOST and Grid-BOOST al-
gorithms described in Section 2.1.2. We positioned the transducer in
three different locations to test whether the algorithm can locate the
optimal stimulation site regardless of its placement within the search
space. The� rst placement corresponded to the manually found FDI target
(placement L1), the second was ~5 mm to the medial (placement L2) and
the third ~8 mm to the lateral direction (placement L3) from L1 (see
Fig. 1C). The transducer was kept� xed at L1–L3 and the peak E-� eld was
electronically adjusted to one of the 31 possible locations according to
the algorithm. We repeated both KG-BOOST and Grid-BOOST seve
times for each transducer placement (L1–L3), resulting in 21 repetitions
per subject. The transducer placements and the utilized version of the
algorithm were applied in a pseudorandom order. The experimenters
were aware of the transducer placement as well as the applied algorithm
version during the experiments. With both KG-BOOST and Grid-BOOST,
the estimated posterior mean curve computed with Gaussian process
regression (Eq.(6)) was calculated on the 30-mm line segment with a
grid spacing of 0.25 mm.

In the second session, we conducted the automated search for the
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optimal stimulation orientation. We set three transducer placements as
follows: the placement O1 corresponded to L1, the placement O2 was
oriented ~30 � counterclockwise, and the placement O3 ~45� clockwise
with respect to O1 (seeFig. 1D). The sampling in Grid-BOOST consisted
of 31 pulses with 6� steps ranging from� 90� to 90� around the reference
origin. In KG-BOOST, we had the same 180� -wide search space with the
possible stimulation orientations separated by 1� steps. We repeated both
KG-BOOST and Grid-BOOST seven times with transducer placement
O1–O3, resulting in 21 repetitions for each subject. The posterior mean
curve was computed with a grid spacing of 0.5� .

2.3. Data analysis

In this Section, we � rst explain how we simulated other search
methods using the measured data. Then, we show how we evaluated the
accuracy of different search methods by comparing the optimization
results with the ground truth and how we determined the precision as the
deviation in the search outcomes. In addition, we present details of the
statistical testing comparing the performance of KG-BOOST with the
other methods. The investigators were not blinded when analyzing the
data.

2.3.1. Other search methods
To complement the results obtained directly from our experiments,

we simulated the performance of three other sampling methods using the
MEPs collected in the KG-BOOST and Grid-BOOST searches, samplin
from these data without replacement.

First, we conducted sparser grid sampling (sparse Grid-BOOST) with
the data collected in the original Grid-BOOST searches (that we call
dense Grid-BOOST from now on). In sparse Grid-BOOST, the number o
samples collected was equal to that of the corresponding KG-BOOST
search repetition (14–30 samples per search). We selected every other
sample from the denser grid and sampled from this subset of the data in
random order until the total number of samples was the same as in the
KG-BOOST search. If needed, we took extra samples from the unused ha
of the data. Since the two data subsets could be constructed in two ways,
with the � rst one including either even or odd indices, we randomized
the order in which the two subsets were used. The posterior mean curve
corresponding to the sparse Grid-BOOST sampling was computed in the
same way as with KG-BOOST and dense Grid-BOOST,i.e., with the pa-
rameters presented in Section2.1.2.

To mimic the target search without any modeling of the MEP re-
sponses, we also evaluated a search strategy in which the estimate of the
optimal stimulation target coincided with the location of the maximum
MEP response. For this, we used the data sampled in the sparse Grid
BOOST searches. We refer to this search strategy as the maximum-ME
method.

For comparison, we simulated the previously reported AutoHS
method by Harquel et al. (2017) to � nd the optimal stimulation site. We
made three adjustments to the AutoHS method due to differences in the
MEP-sampling schemes: (1) Our sampling grid spacing was 1-mm
(cortical grid) as opposed to 7 mm (grid of coil locations on the scalp)
used in the original study. (2) Our search space was one-dimensional
instead of two-dimensional. (3) We allowed sampling at each stimula-
tion site at most once, whereas inHarquel et al. (2017) the same location
was targeted at most twice. Because AutoHS gathers� ve MEPs at each
iteration at the selected stimulation target and because for some targets
we had collected only seven MEPs, we ran the method only once for each
subject and transducer placement. When searching for the optimal
stimulation location with AutoHS, the possible values for the maximum
MEP amplitude, the Gaussian width, and the center point of the Gaussian
were {100 � V, 300 � V, …, 3900 � V}, {2 mm, 4 mm, …, 20 mm}, and
{ � 15 mm, � 14.75 mm, …, 15 mm}, respectively. For de� ning the next
stimulation target in each iteration, the grid spacing was 1 mm. The � rst
stimulation target and the center point of the prior distribution were
always set in the middle of the search space (the reference origin).
5

We also performed the search for the optimal stimulation orientation
with AutoHS although such an application was not described in the
original article. Indeed, the shape of the Gaussian function could be ex-
pected to model the MEP distribution as a function of the stimulation
orientation, too. Here, the possible values for the maximum MEP
amplitude, the Gaussian width, and the center point of the Gaussian were
{100 � V, 300 � V, …, 3900 � V}, {12 � , 24� , …, 120� }, and { � 90� , � 89.5� ,
…, 90� }, respectively. The spacing of the sampling grid was 6� . The prior
for the optimal angle was centered around the reference origin as in the
location search. The width of the prior distribution was 30 � .

2.3.2. Estimation of accuracy and precision
To estimate the bias in the results (i.e., the accuracy) obtained with

different search strategies, we � rst de� ned the best estimate for the
optimal stimulation target (hereafter, the ground truth) for each trans-
ducer placement and subject. This was done by� rst pooling the data from
the seven repetitions of the KG-BOOST and Grid-BOOST searches. Ea
data pool included at least 315 MEP responses from the same spatial/
angular distribution. For each of the 30 cases (5 subjects� 2 trans-
ducers� 3 transducer placements), we computed a median curve in a grid
with a 1-mm/1 � spacing using a sliding window that took into account
the responses that were closer than 5 mm (location search) or 30�

(orientation search) from the computation point. We de � ned the ground
truth as the location of the maximum of the median curve. If several
points of this curve had the same maximum value, we de� ned the ground
truth as their mean location. When calculating the ground truth, we
replaced the amplitudes of those MEPs that the eXimia system had
originally identi � ed as 0-� V MEPs with the peak-to-peak amplitude of the
EMG signal in the time interval of 15 –45 ms after the TMS pulse.

We computed the average location/orientation of the search results
over the seven repetitions, separately for each search strategy (KG
BOOST, dense and sparse Grid-BOOST, the maximum-MEP method), an
compared it with the corresponding ground truth. To determine the
group-level accuracy, we computed the mean of these differences in 15
cases (3 transducer placements� 5 subjects). This accuracy measure tells
us how close the average result was to the ground truth. With AutoHS, we
had in each case only one simulated search result and used its difference
from the ground truth when computing the mean accuracy.

To assess the precision (degree of scatter) of each search method, w
computed the standard deviation of the corresponding seven� nal search
results and averaged these standard deviations over the transducer
placements and subjects. This precision measure describes the repea
ability of the outcome of each search method.

2.3.3. Statistical analysis
The difference between the precision/accuracy of KG-BOOST and the

other search methods with the same number of search repetitions (i.e.,
dense and sparse Grid-BOOST, the maximum-MEP method) was tested b
permutation statistics as follows. Altogether, 30 test values (5 subjects�
3 transducer placements� 2 search methods under comparison) were
randomly divided into two groups 1,000,000 times. The accuracy and
precision for both the location and the orientation search were treated
separately. For each permutation, we computed the mean value for both
groups. We obtained a two-tailed p-value as the proportion of permuta-
tions for which the absolute value of the difference of means of the
permuted groups exceeded the absolute value of the corresponding
original difference of means between the sampling methods. The level of
statistical signi� cance was set at 0.01. After Bonferroni correction for
multiple comparisons (12 comparisons), the corrected signi� cance level
was 0.00083.

3. Results

Results of the location and orientation searches are visualized in
Fig. 2. Figure 2A shows how the search results for a representative subject
with the three different transducer placements L1–L3 are distributed












