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Targeted stimulation can be used to modulate the activity of brain networks. Previously we demonstrated that direct electrical stimulation produces predictable poststimulation changes in brain excitability. However, understanding the neural dynamics during stimulation and its relationship to poststimulation effects is limited but critical for treatment optimization. Here, we applied 10 Hz direct
electrical stimulation across several cortical regions in 14 human subjects (6 males) implanted with intracranial electrodes for seizure
monitoring. The stimulation train was characterized by a consistent increase in high gamma (70 –170 Hz) power. Immediately post-train,
low-frequency (1– 8 Hz) power increased, resulting in an evoked response that was highly correlated with the neural response during
stimulation. Using two measures of network connectivity, corticocortical evoked potentials (indexing effective connectivity), and theta
coherence (indexing functional connectivity), we found a stronger response to stimulation in regions that were highly connected to the
stimulation site. In these regions, repeated cycles of stimulation trains and rest progressively altered the stimulation response. Finally,
after just 2 min (⬃10%) of repetitive stimulation, we were able to predict poststimulation connectivity changes with high discriminability. Together, this work reveals a relationship between stimulation dynamics and poststimulation connectivity changes in humans. Thus,
measuring neural activity during stimulation can inform future plasticity-inducing protocols.
Key words: cortico-cortical evoked potentials; electrical stimulation; electrocorticography; neuromodulation; plasticity; repetitive
stimulation

Significance Statement
Brain stimulation tools have the potential to revolutionize the treatment of neuropsychiatric disorders. Despite the widespread
use of brain stimulation techniques such as transcranial magnetic stimulation, the therapeutic efficacy of these technologies
remains suboptimal. This is in part because of a lack of understanding of the dynamic neural changes that occur during stimulation. In this study, we provide the first detailed characterization of neural activity during plasticity induction through intracranial
electrode stimulation and recording in 14 medication-resistant epilepsy patients. These results fill a missing gap in our understanding of stimulation-induced plasticity in humans. In the longer-term, these data will also guide our translational efforts
toward non-invasive, personalized, closed-loop neuromodulation therapy for neurological and psychiatric disorders in humans.

Brain stimulation treatments including repetitive transcranial
magnetic stimulation (rTMS) have recently emerged as clinically-

effective alternatives to medications for neuropsychiatric disorders. Although rTMS is FDA-approved for certain disorders (major depression, obsessive-compulsive disorder) and there are
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multiple ongoing clinical trials for other disorders (posttraumatic stress disorder, substance use, epilepsy), the mechanism of how rTMS induces neural plasticity remains poorly
understood. Studying brain dynamics during stimulation could
provide a crucial set of principles to optimize rTMS and other
neuromodulation treatments (e.g., deep-brain stimulation and
vagus nerve stimulation).
The dynamics of neuronal plasticity are typically separated
into the induction phase (changes during stimulation) and the
maintenance phase (changes lasting minutes to hours after stimulation). The maintenance phase is characterized by a large
change in synaptic response that persists for hours and involves
modifications in gene expression, protein synthesis and synaptic
function (Bliss and Lomo, 1973; Huang et al., 1992; Mulkey and
Malenka, 1992; Bliss and Collingridge, 1993, Liu et al., 1999;
Miyamoto, 2006). The induction period has been less well characterized, but in animal models changes observed during stimulation (induction phase) appear to relate to poststimulation
maintenance effects. During tetanic stimulation in rat hippocampal slices, synaptic responses dynamically changed as more pulses
were applied (Wójtowicz and Mozrzymas, 2014), and the magnitude of maintenance effects correlated with changes during stimulation. In nonhuman primates, ⬎5 Hz optogenetic stimulation
to the sensorimotor cortices progressively increased functional
connectivity during stimulation and predicted changes in poststimulation connectivity (Yazdan-Shahmorad et al., 2018). Furthermore, 10 Hz magnetic stimulation (rTMS) to cat visual
cortices elicited a pulse-wise increase in neural activity, resulting
in significantly increased poststimulation evoked and spontaneous activity (Kozyrev et al., 2014). These findings in animal models suggest discrete neural changes occur during induction that
relate to poststimulation changes.
Few studies have examined the induction phase in humans.
Two studies have recorded scalp electroencephalogram (EEG)
while applying noninvasive rTMS and reported changes in the
evoked potential during stimulation (Hamidi et al., 2010; Veniero et al., 2010). However, because of the short latency of these
evoked potentials and the possibility of residual stimulationrelated artifacts, the interpretation of these findings is limited
(Rosanova et al., 2012; Wu et al., 2018). In contrast, invasive
recordings provide high spatiotemporal resolution with temporally defined artifact, allowing precise measurement of neural
activity after each pulse. Recent studies using direct electrical
stimulation coupled with invasive EEG demonstrated evidence of
entrainment to the stimulation frequency (Amengual et al.,
2017), decrease in low-frequency power during high-frequency
stimulation (100 Hz; Rao et al., 2018), and increased theta activity
directly after a stimulation train (Solomon et al., 2018). We recently demonstrated that repeated 10 Hz electrical stimulation
resulted in poststimulation excitability changes in regions functionally connected to the stimulation site (Keller et al., 2018).
Furthermore, tracking the first pulse across stimulation trains
was useful in predicting these poststimulation changes, suggesting a potential link between the induction period and maintenance effects. Overall, human studies have begun to explore the
complex dynamics of the induction phase of plasticity, but a detailed characterization is still lacking.
In this investigation, we sought to better understand (1) the
neural response to a stimulation train and (2) how brain activity
during stimulation relates to poststimulation connectivity
changes. We hypothesized that a stimulation train would increase
neural responses in regions functionally connected to the stimu-

J. Neurosci., July 31, 2019 • 39(31):6122– 6135 • 6123

lation site, and the strength of response during stimulation could
be used to predict poststimulation connectivity changes. We
found that prestimulation connectivity predicted the stimulation
response, which involves an increase in high-frequency (70 –170
Hz) power, followed by a low-frequency (1– 8 Hz) power evoked
response. In regions highly connected to the stimulation site,
progressive change of the stimulation response was observed during the course of stimulation. Using features from the stimulation
period, we were able to predict poststimulation connectivity
changes with high discriminability. This work demonstrates the
feasibility of measuring neural activity during repetitive stimulation and serves to inform stimulation-based therapies for neuropsychiatric disorders.

Materials and Methods
Participants. Fourteen patients (6 males) with medically-intractable epilepsy underwent surgical implantation of intracranial electrodes for seizure localization. Patient characteristics are described in Table 1. Patients
were enrolled at two hospitals: North Shore University Hospital
(Manhasset, New York) and National Institute of Clinical Neurosciences
(Budapest, Hungary). Eight patients from the current study was included
in a prior study on poststimulation effects of repetitive brain stimulation
(Keller et al., 2018). No analyses described in the current study were
performed in the prior study. All patients provided informed consent as
monitored by the local Institutional Review Board and in accordance
with the ethical standards of the Declaration of Helsinki. The decision to
implant, the electrode targets, and the duration of implantation were
made entirely on clinical grounds without reference to this investigation.
Patients were informed that participation in this study would not alter
their clinical treatment, and that they could withdraw at any time without
jeopardizing their clinical care.
Electrode registration. Our electrode registration method has been described in detail previously (Dykstra et al., 2012; Groppe et al., 2017).
Briefly, to localize each electrode anatomically, subdural electrodes were
identified on the post-implantation CT with BioImage Suite, (Duncan et
al., 2004) and were coregistered first with the post-implantation structural MRI and subsequently with the pre-implantation MRI to account
for possible brain shift caused by electrode implantation and surgery
(Mehta and Klein, 2010). Following automated coregistration, electrodes
were snapped to the closest point on the reconstructed pial surface (Dale
et al., 1999) of the pre-implantation MRI in MATLAB (Dykstra et al.,
2012). Intraoperative photographs were previously used to corroborate
this registration method based on the identification of major anatomical
features. Automated cortical parcellations were used to localize electrodes to anatomical regions (Fischl et al., 2004).
Electrophysiological recordings. Invasive electrocorticographic (ECoG)
recording from implanted intracranial subdural grids, strips, and/or
depth electrodes were sampled at 512 or 2048 Hz depending on clinical
parameters at the participating hospital (U.S. and Hungary, respectively). Data preprocessing and analysis was performed using the FieldTrip toolbox (Oostenveld et al., 2011). Line noise (60 and 50 Hz for
recordings in the U.S. and Hungary, respectively) was removed using a
notch filter. Direct electrical stimulation induced stereotyped stimulation artifacts that were ⬃30 ms in duration. We applied a fourth-order
bandpass filter (Butterworth, two-pass) in the 100 –150 Hz frequency
range, which sharply localizes the stimulation artifacts as these artifacts
comprise primarily high-frequency power (⬎40 Hz; Fig. 1D). Stimulation artifacts were subsequently detected by applying a value threshold.
This value threshold was chosen per subject to detect all stimulation
artifacts within the stimulation train. We replaced the stimulation artifact with stationary ECoG time series that represented similar amplitude
and spectral profile as the background signal. This procedure was detailed previously (Crowther et al., 2019) and is preferred over simple
spline interpolation given short intervals between pulses and the potential to introduce large spectral changes. To do this, we extracted ECoG
signal with equal length as the stimulation artifact (⬃30 ms, 15 or 61
samples depending on the sampling frequency) immediately preceding
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Table 1. Participant characteristics, implant type, and stimulation sites
ID

Age

Sex

Handedness

Medications

Seizure zone

Implant type

Stimulation location

S1

21

M

R

R mesial temporal

Grid/strips

R precentral gyrus

S2

57

F

L

R mesial temporal

sEEG

L precentral gyrus

S3

31

F

R

R STG/mesial temporal

sEEG

R precentral gyrus

S4

43

F

R

R posterior temporal

Grid/strips

L middle frontal gyrus

⫺44, 35, 29

S5
S6

30
32

F
M

R
L

L mesial temporal
R middle frontal gyrus

Grid/strips
Grid/strips

L middle temporal gyrus
R precentral gyrus

⫺35, 27, ⫺29
65, ⫺1, 19

S7

20

M

R

R frontal cortex

Grid/strips

R precentral gyrus

65, ⫺5, 23

S8

44

F

R

R premotor cortex

sEEG

R middle frontal gyrus

55, 28, 17

S9

28

F

R

R hippocampus

sEEG

R temporo-parieto-occipital junction

51, ⫺43, 21

S10

28

M

R

L middle frontal gyrus

sEEG

R inferior frontal gyrus

19, 37, ⫺21

S11

36

M

R

L temporo-polar-basal

sEEG

L mesial temporal

S12

50

F

R

R OFC/amygdala

sEEG

R cingulate gyrus

S13

48

F

R

R mesial temporal

sEEG

R middle frontal gyrus

S14

46

M

R

Levetiracetam
Lacosamide
Levetiracetam
Carbamazepine
Levetiracetam
Carbamazepine
Clonazepam
Carbamazepine
Zonisamide
Lamotrigine
Carbamazepine
Clobazam
Topiramate
Levetiracetam
Carbamazepine
Lamotrigine
Carbamazepine
Valproate
Lamotrigine
Levetiracetam
Carbamazepine
Lamotrigine
Levetiracetam
Lamotrigine
Clonazepam
Levetiracetam
Lamotrigine
Levetiracetam
Topiramate
Levetiracetam
Clobazam
Topiramate
Phenytoin
Primidone
Levetiracetam
Valproate
Topiramate
Lacosamide

R posterior temporal

sEEG

L inferior frontal gyrus

and following the artifact (Fig. 1C). We reversed the ECoG signal and
applied a tapering matrix (1:1/n:0 for the preceding data, 0:1/n:1 for the
following data, where n is the number of samples contained in the artifact). The two ECoG signals were added together and subsequently used
to replace the artifact period. The effectiveness of this artifact removal
process is shown in Figure 1. Following artifact rejection, we applied a
bipolar montage to depth electrodes and a common average reference
montage to grid electrodes (Stolk et al., 2018).
Repetitive stimulation paradigm. To examine cortical dynamics during and after stimulation, we applied focal 10 Hz stimulation in a
clinically-relevant manner, as previously described (Keller et al.,
2018). Each subject received 15 min of 10 Hz direct electrical stimulation in a bipolar fashion (biphasic pulses at 100 s/phase). Each
stimulation train was 5 s (50 pulses/train) followed by 10 s rest (15 s
duty cycle), resulting in 60 total trains and 3000 total pulses applied
(Bakker et al., 2015) (Fig. 1B). The stimulation current used was set at
100% of the motor threshold in patients with motor cortex coverage
(Mehta and Klein, 2010; Keller et al., 2014b). Otherwise, 1–10 mA was
chosen depending on patient tolerance. The stimulation parameters
were chosen to closely mimic commonly used rTMS treatment paradigms (McClintock et al., 2018). Stimulation sites were chosen in the
frontal, temporal and parietal cortices as specified in Table 1. The
mean stimulation current across all subjects was 6.1 mA (SD: 3.0).

Experimental design and statistical analyses
Temporal dynamics of the stimulation response. To examine cortical responses during the repetitive stimulation protocol both within the stim-

MNI
60, ⫺12, 39
⫺58, ⫺6, 39
57, ⫺13, 37

⫺23, 9, ⫺32
6, 37, 13
55, 35, 13

⫺51, 13, 4

ulation train (intra-train) and after the train ( post-train), we epoched the
ECoG signal surrounding the 5 s stimulation train (3 s before the first
pulse and 8 s after the last pulse). The epoch was subsequently standardized using Z-scores against the pre-train baseline period (⫺600 to ⫺100
ms before the start of the first pulse). The stimulation response was defined as the mean response during the period of stimulation (first pulse to
last pulse). The offset response was defined as the mean response from 10
ms (to dissociate the offset response from the stimulation response) to
1000 ms after the last pulse. To quantify the dynamics of the stimulation
response over time, we used repeated-measures ANOVA. First, as evoked
oscillations were prominent during the stimulation, we quantified the
slow fluctuations in the broadband signal by applying a fourth-order
Butterworth 1 Hz low-pass filter. Second, we divided the stimulation
period into 500 ms bins. We reasoned if cortical excitability was changed
during stimulation, then the means of individual bins should be significantly different. These bins represent the within-subject variable. Third,
we created a variable representing the stimulation train number. Finally,
we fitted a repeated measures model, where the broadband signal as
stratified by the time bins is the response and the stimulation train number is the predictor variable (Time Bins ⬃ Stimulation Train). The F
statistic and associated p value were obtained for each coefficient (Time
Bins and Time Bins ⫻ Stimulation Train). The F statistic for the Time
Bins coefficient indicates whether there was a significant effect of
time during the stimulation on the broadband signal whereas the F statistic for the Time Bins–Stimulation Train interaction indicates whether
there was progressive modulation of the broadband signal across the
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Figure 1. Experimental design and artifact removal. A, Intracranial stimulation and recording (Subject 4). Coregistered preoperative MRI and postoperative CT allowed the visualization of
subdural electrodes. B, Schematic of the stimulation paradigm. Periods of rest (“Resting”) and single-pulse CCEPs (“Test pulses”) were applied before and after repetitive stimulation. Focal repetitive
stimulation consisted of 15 min of 5 s 10 Hz trains with an intertrain interval of 6 –10 s. Pulses were bipolar with 100 s/phase. ECoG was recorded during each phase of the stimulation paradigm.
C, Removal of electrical stimulation artifact. Left, Single-trial CCEP demonstrates the stimulation artifact follows a consistent waveform. Middle, The stimulation artifact identified between ⫺20 and
10 ms (shown in red) was removed using our artifact rejection pipeline (see Materials and Methods). The green trace represents the CCEP signal after artifact removal. Right, To quantify CCEPs, we
performed Z-standardization of the signal using baseline of ⫺150 to ⫺50 ms, and subsequently averaged the signal between 10 and 100 ms across all trials. D, Power-frequency analysis using
simulated ECoG data to test the effectiveness of the artifact removal process. A 10 Hz stimulation artifact was added to the resting ECoG data, and the artifacts were subsequently removed using our
artifact rejection pipeline (see Materials and Methods). The artifact-spiked data had poor correlation with the original data, whereas the artifact-removed data had good fidelity with the original
data. Right, Power spectrum is showed for the original data, the artifact-spiked data, and the cleaned data. The power spectrum of the artifact-spike data are poorly correlated with that of the original
data, whereas the spectrum of the artifact-removed data resembled that of the original data. E, Single-trial and average ECoG during and directly following the stimulation train recorded from the
black electrode labeled in A. Note (1) the increase in evoked potential amplitude later in the stimulation train, and (2) the offset response: an evoked potential shortly after the 10 Hz stimulation train.
F, Evoked potentials after single electrical pulses at different time periods during stimulation. Blue, First third of the evoked potentials; teal, second third of the evoked potentials; magenta, last third
of the evoked potentials. Top, Waveforms of evoked potentials using one stimulation train. Bottom, Waveforms of evoked potentials using an average of all stimulation trains. Error bars show ⫾1
standard error of the mean (SEM).
stimulation trains. A channel was considered stimulation responsive if
either coefficient was significant using a p value of 0.05 after FDR correction for multiple channels comparison.
Spectral decomposition of intra-stimulation dynamics. We evaluated the
time-frequency dynamics during stimulation using Hanning tapers (100
ms interval, ⫺1 s pre-train to ⫹2 s post-train). We identified characteristic changes in spectral power of the stimulation train in three frequency
ranges: 1– 8 Hz (low-frequency power), 8 – 40 Hz (mid-frequency
power), and 70 –170 Hz (high-gamma power). These frequency bins
were chosen after visual inspection of the time-frequency response because of observed differences in these bins (Fig. 2A). To quantify slow
changes in spectral power (Nir et al., 2008; Keller et al., 2013), we first
applied a bandpass filter (Butterworth, two-pass) with filter order 4 for
lower frequency bands (1– 8 Hz and 8 – 40 Hz) or 8 for higher frequency
bands (70 –170 Hz; Crowther et al., 2019). Next, we took the absolute
value of the filtered signal’s Hilbert transform to obtain the analytic
signal [often referred to as band-limited power (BLP); Foster et al., 2015].
Finally, we applied a fourth-order Butterworth 1 Hz low-pass filter to
obtain the slow component of the BLP (Nir et al., 2007; Keller et al., 2013)
to compare the different BLP signals. Each data point was Z-transformed
relative to the pre-train baseline period (⫺600 to ⫺100 ms before the
start of the first pulse) for normalization across patients.
Prestimulation/poststimulation CCEP mapping (effective connectivity).
To examine causal changes in brain excitability at baseline and after
stimulation, we performed corticocortical evoked potential (CCEP)
mapping (Keller et al., 2014a). CCEPs have been used to predict the onset
of ictal events (David et al., 2008), examine the functional brain infrastructure (Keller et al., 2011, 2014b; David et al., 2013; Entz et al., 2014),

and causally examine the frontoparietal (Matsumoto et al., 2012), hippocampal (Kubota et al., 2013; Mégevand et al., 2017), visual (Keller et
al., 2017), and language (Koubeissi et al., 2012) networks. Before and
immediately after repetitive stimulation, we applied bipolar electrical
stimulation (biphasic pulses at 100 s/phase) with a 1 s inter-stimulation
interval (ISI). This ISI was chosen to allow voltage deflections to return to
baseline after ⬃500 ms and to allow for sufficient trials to be collected
within the expected time constraints to establish a stable prestimulation
CCEP baseline (Keller et al., 2018). A uniform random jitter (⫾200 ms)
was included in the ISI to avoid potential entrainment effects that could
change baseline cortical excitability (Keller et al., 2018). Stimulation current was chosen to match the current used during repetitive stimulation.
191 ⫾ 20 (mean ⫾ SE) single pulses were applied to assess the baseline
CCEP, whereas 662 ⫾ 80 pulses were applied to assess poststimulation
CCEP. The number of CCEPs was chosen to maximize signal-to-noise
within the amount of experimental time allotted. The number of pre and
post-CCEPs measured for each subject are outlined in Table 2. CCEPs
from each channel were first epoched from ⫺1000 to 1000 ms. The epoch
was subsequently standardized using Z-scores against the pre-CCEP
baseline period (⫺150 to ⫺50 ms; Fig. 1C) by the following formula:
(x ⫺ )/SD where x is a data sample,  is the mean of the baseline period,
and SD is the SD of the baseline period. The amplitude of the CCEPs was
determined by averaging the standardized signal 10 –100 ms after the
stimulation pulse and averaging across all trials (Fig. 1C). To evaluate
whether CCEPs evoked at baseline were statistically different from zero,
we used cluster-based nonparametric testing as previously described
(Maris and Oostenveld, 2007). Briefly, we calculated one-sample t statistics at every time point from 10 to 100 ms to form clusters of significant
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Figure 2. Repetitive stimulation elicits a multiphasic neural response. A, Time frequency spectrogram during 10 Hz stimulation. ECoG data shown in A and B are recorded from the
electrode in Figure 1A. The stimulation period is characterized by changes in 8 – 40 Hz power, corresponding to the changes in evoked potentials observed in the raw broadband signal,
as well as an increase in high gamma (⬎70 Hz) activity. Immediately after the stimulation train, an evoked response lasting ⬃1000 ms occurs, and is primarily driven by low-frequency
power (⬍8 Hz; inset). B, Raw broadband signal (black) was transformed to BLP to capture temporal dynamics of power changes during stimulation. C, Group dynamics of stimulationinduced response. Trials and channel data were averaged per subject, and the subject-averaged trace for each BLP is shown. Mid-BLP (8 – 40 Hz) and 70 –170 Hz power (HGP) remain
elevated during stimulation and decrease quickly afterward, whereas low BLP (1– 8 Hz) increases during stimulation and peaks in the offset period. D, Group-level response during
different phases of the stimulation train. Across subjects, the mean BLP during stimulation was significantly elevated. In the offset period, low-BLP, mid-BLP and HGP were elevated. E,
Channel-level relationship between the stimulation response and the offset response for each BLP (black line). Each color represents data from a single subject. Note the strongest
correlation between the stimulation response and the offset response was observed with low BLP. F, Comparison of BLP in the stimulation and the offset period. During stimulation, the
mean HGP was significantly higher than low-BLP and mid-BLP. In the offset period, low-BLP was significantly higher than the mid-BLP and HGP. Each dot represents the channelaveraged response for a single subject. G, The stimulation response is highly correlated with the offset response on a single-trial level. The linear regression line (black) was calculated
using the aggregate of all data points. In all three frequency bands, the stimulation response was highly correlated with the offset response on a single-trial basis. Error bars show ⫾1
SEM. ns, not significant, *p ⬍ 0.05, **p ⬍ 0.01, ***p ⬍ 0.001.
time points based on temporal adjacency at an alpha level of 0.05 (Maris
and Oostenveld, 2007). The cluster-level statistics were obtained by taking the sum of the t statistic within each cluster. To generate the null
distribution, we calculated the cluster t statistic for randomly shuffled
ECoG signals based on 1000 simulations. The cluster t statistic was compared with this null distribution and the CCEP was considered significant using a p value of 0.05 after FDR correction for multiple channels
comparison. To determine whether poststimulation CCEPs were significantly different from baseline CCEPs (i.e., to assess presence of poststimulation connectivity changes), we first matched the number of
poststimulation CCEP trials with baseline CCEP trials. For example, if
200 baseline CCEP trials were present, then the first 200 poststimulation
CCEP trials were used for statistical testing. From 10 –100 ms after the
single pulse, two-sample t statistic was obtained at every time point and
significant clusters were formed based on temporal adjacency at an
alpha level of 0.05. The sum of the t statistic was obtained for each

cluster. The null distribution for the cluster t statistic was produced by
randomly shuffling trials between baseline CCEPs and poststimulation CCEPs for 1000 iterations and computing the cluster t statistics.
The poststimulation CCEPs were considered significantly different
from the baseline CCEPs using a cluster p value of 0.05 corrected for
multiple channels comparison. The percentage of channels found to
have significantly different poststimulation CCEPs for each subject
are outlined in Table 2.
Prestimulation/poststimulation coherence analysis (functional connectivity). To estimate functional connectivity through oscillatory synchrony of two brain regions, we computed coherence between all
possible electrode pairs using FieldTrip (ft_connectivityanalysis; Maris et
al., 2007). Coherence provides a measure of the phase difference between
the paired signals and has been previously used to estimate functional
connectivity (Solomon et al., 2018; Yazdan-Shahmorad et al., 2018). To
calculate coherence, we divided the pre and poststimulation resting pe-
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Table 2. Stimulation setting, recording parameters, and stimulation outcomes for each participant

ID

Stimulation
frequency, Hz

Stimulation
current, mA

Channel
No.a

CCEP No.,
prestimulation

CCEP No.,
poststimulation

Channels that
are stimulation
responsive, %b

Channel with
significant response
modulation, %b

Channel with
pre-/post-CCEP
change, %b

Channel with
pre-/post-theta
coherence change, %c

S1
S2
S3
S4
S5
S6
S7
S8
S9
S10
S11
S12
S13
S14

10
10
10
10
10
10
10
10
10
10
10
10
10
10

6
1.35
1
8
7
10
10
5
5
10
8
6
4
4

159
121
166
104
176
57
62
26
64
79
54
99
197
202

149
149
144
194
231
149
149
149
149
149
149
199
358
358

790
1265
330
794
868
448
448
448
743
449
297
400
997
1000

1.9
18.2
0.6
42.3
12.5
63.2
53.2
26.9
21.9
31.7
77.8
19.2
18.8
1.5

0.6
7.4
0
19.2
1.1
28.1
27.4
0
1.6
6.3
20.4
8.1
7.6
0.5

0
0.8
0
7.6
5.1
50.9
16.1
15.4
0
3.8
18.5
3.0
0.5
1.0

0
0
0
7.7
0
0
3.2
0
0
0
0
0
1.5
7.9

a

Bipolar montage was used for depth electrodes (stimulation channels and noise channels excluded).
The variations in these percentages across patients are dependent on the stimulation current. The correlation coefficient are as follows: Rcurrent-responsive: 0.70 ( p ⫽ 0.006); Rcurrent-modulation: 0.67 ( p ⫽ 0.009); Rcurrent-CCEP: 0.58 ( p ⫽ 0.030).
c
The theta frequency band used is 4 – 8 Hz with 29 of 1566 total channels showing change. This analysis was performed for other frequency bands including 8 –12, 12–25, 25–50, and 70 –100 Hz. The numbers of channels showing change
in these frequency bands were 30, 1, 3, and 8 of 1566 channels, respectively.
b

riods ranging from 5 to 10 min into 1 s epochs. We used a multitaper
method with 2 Hz spectral smoothing to compute the spectral estimate of
each epoch (Scheeringa et al., 2011; Yazdan-Shahmorad et al., 2018).
Coherence was calculated as the normalized cross-spectral density between the two signals. Theta coherence was obtained by averaging across
frequency range of 4 – 8 Hz and was used in the primary analysis. Theta
coherence has been previously used in both nonhuman primates and
human studies to measure functional connectivity (Solomon et al., 2018;
Yazdan-Shahmorad et al., 2018). Alpha (8 –12 Hz), beta (12–25 Hz),
gamma (25–50 Hz), and high gamma (70 –100 Hz) frequency bands were
also used for comparison analyses. To determine whether prestimulation
coherence for a particular pair of channels was significant, we generated
a null distribution. To do this, we divided the resting time series into 20
bins, randomly shuffled the bins, and subsequently computed theta coherence. This bin number was chosen to be large enough to maintain the
temporal structure of the ECoG time series but small enough to allow
multiple iterations of data shuffling. This procedure was repeated for
1000 iterations. Coherence for a particular pair of channels was considered significant using a p value of 0.01 after FDR correction for multiple
channels comparison. To test for coherence differences prestimulation
and poststimulation, we used nonparametric testing as described previously (Maris et al., 2007). Briefly, we calculated the Z-transformed coherence statistic and generated the null-distribution of the difference in
coherence by randomly shuffling among prestimulation and poststimulation trials. This procedure was repeated 1000 times. Coherence was
considered significantly different between two conditions using a p value
of 0.05 after FDR correction for multiple channels comparison. The
percentage of channels found to have significantly different poststimulation theta coherence (to the stimulation site) for each subject are outlined
in Table 2.
Prediction of poststimulation connectivity change. To determine
whether features during the stimulation period predicted connectivity
changes, we used logistical regression. For this analysis, we pooled all
channels into a single dataset and categorized the channels by two outcomes: if there was significant pre-/post-CCEP change or significant
pre-/post-theta coherence change. For a particular channel, the features
derived from the stimulation period included (1) the stimulation response (the mean voltage during the stimulation period), (2) the presence of a significant stimulation response, and (3) the presence of
modulation in the stimulation response after repeated stimulation trains.
To evaluate the proportion of stimulation data required for good model
performance, we created six subsets of the data. Using 1% (9 s), 10% (1.5
min), 20% (3 min), 60% (9 min), 85% (12.75 min), and 100% (15 min)
of the stimulation trains, we derived the three features from the stimulation period. For each subset, we performed logistic regression with ten-

fold cross validation. Receiver operating characteristic (ROC) curves
were constructed and we quantified area under the curve (AUC) to evaluate model performance. To allow for comparison among models using
different subset of data, we used bootstrap sampling (1000 permutations) to estimate the mean and 95% confidence interval of the model
AUC.

Results
We performed direct electrical stimulation using implanted electrodes while simultaneously recording electrical activity from the
cortical surface (ECoG). Individual patient characteristics and
stimulation sites are listed in Table 1. Electrode locations for each
patient is visualized in Figure 5. As shown in Figure 1, A and B,
our stimulation paradigm included resting periods to evaluate
functional connectivity, test pulses to evaluate effective connectivity, and repetitive stimulation. This paradigm provided us the
unique opportunity to assess neural activity before, during, and
after stimulation.
Repetitive stimulation elicits a characteristic neural response
To study plasticity induction, we characterized neural activity
occurring during repetitive electrical stimulation. We constructed a robust artifact rejection procedure using principles
previously validated for CCEPs (Fig. 1C; see Materials and Methods; Crowther et al., 2019). To assess the validity of this procedure on stimulation artifacts during a stimulation train, we used
a previously described simulation approach by adding stimulation artifacts to resting ECoG data (Amengual et al., 2017; Fig.
1D). Poor correlation was observed between the artifact-spiked
data and the original data (R 2 ⫽ 0.18), whereas good fidelity was
observed between the artifact-removed data and the original data
(Fig. 1D; R 2 ⫽ 0.88). After artifact rejection, the power spectrum
of the cleaned ECoG data resembled that of the original resting
data (Fig. 1D; R 2 ⫽ 0.96). We demonstrated a consistent neural
response to stimulation following artifact rejection, on both a
single trial and average level (Fig. 2E). This stimulation response
consisted of an increasing evoked potential amplitude (Fig. 1F )
and a slow shift in voltage during the stimulation train. Immediately poststimulation train, we observed an evoked response lasting ⬃1 s (offset response). We further characterized this signal by
computing the time-frequency power spectrum (Fig. 2A). High
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gamma power (HGP; 70 –170 Hz) was elevated throughout the
stimulation train, while 8 – 40 Hz power varied, which reflected
the changing amplitude of the evoked potential after each pulse.
The offset response showed primarily an increase in lowfrequency power (1– 8 Hz). To explore the temporal dynamics of
these power changes during stimulation on coarse timescales, we
computed slow changes in BLP (Fig. 2B). Averaged over all channels and subjects, HGP and mid-BLP (8 – 40 Hz) rapidly increased during stimulation and decreased quickly afterward,
whereas low BLP (1– 8 Hz) gradually increased during stimulation and peaked during the offset period (Fig. 2C). To quantify
these changes, we averaged the response during stimulation (⫺5
to 0 s) and during the offset period (0.01–1 s). We found that
stimulation elicited significant mean response in all BLP during
stimulation (Fig. 2D; see for statistical details, Table 3). Similar
results were obtained when conventional frequency bands were
used (Table 3). We then determined whether a particular BLP
was higher than the other during stimulation and found HGP
(70 –170 Hz) to demonstrate a stronger response compared with
low BLP (Fig. 2F, left; Table 3) or mid-BLP. The offset period
showed a significant increase in low BLP (Fig. 2D, left; Table 3),
mid-BLP (Fig. 2D, middle), and HGP (Fig. 2D, right). Conventional frequency band analyses revealed the offset response
showed significant power increases in the delta, theta, and alpha
bands, but not beta and gamma bands (Table 3). Further, low
BLP was significantly higher than both mid-BLP (Fig. 2F, right;
Table 3) and HGP in the offset period.
We next asked whether the offset response could be used as
a proxy for the response during stimulation, as determining
the response during stimulation in other modalities such as
rTMS can be challenging because of the multitude of
stimulation-related artifacts (Wu et al., 2018). Thus, we evaluated the relationships between the stimulation response and
the offset response using linear regression. The strongest relationship was observed between the stimulation and the offset
responses in low BLP (Fig. 2E, left; R 2 ⫽ 0.46; Table 3), followed by mid-BLP (Fig. 2E, middle; R 2 ⫽ 0.14). The weakest
relationship was found in HGP (Fig. 2E, right; R 2 ⫽ 0.01). On
a single-trial level, the relationship between stimulation response and offset response was highest for low BLP (Fig. 2G,
left; R 2 ⫽ 0.41; Table 3), followed by mid-BLP (Fig. 2G, middle; R 2 ⫽ 0.32) and HGP (Fig. 2G, right; R 2 ⫽ 0.26). Finally,
we repeated the above analyses using raw voltage (broadband
response) as these data would be easily accessible from a clinical perspective. Repetitive stimulation elicited a significant
broadband response during stimulation (Table 3) and in the
offset period. Correlation was observed between the stimulation and offset response on both a channel (R 2 ⫽ 0.20; Table
3) and single-trial level (R 2 ⫽ 0.50).
In summary, repetitive stimulation elicits a measurable response both during and immediately after the stimulation train.
The stimulation response is characterized by predominantly an
increase in HGP whereas the offset response is driven primarily
by low-frequency power. The offset response is best correlated
with the stimulation response using low-frequency power; however, robust correlations were observed across all bands on a
single-trial level.
Stimulation response is predicted by effective and
functional connectivity
We next asked how the stimulation response relates to inter-area
connectivity before stimulation. We quantified connectivity using single-pulse CCEPs (a measure of network response to elec-
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trical stimulation) and resting theta coherence (a measure of
related spontaneous neural activity). Qualitatively, channels with
strong prestimulation CCEPs also exhibited strong broadband
stimulation responses (Fig. 3 A, B) in one exemplar subject (Subject 4). Further, the relationship among prestimulation theta coherence (to the stimulation site), CCEP, and the stimulation
response is spatially shown (Fig. 3C–F ). To relate prestimulation
connectivity to the stimulation response, we plotted the stimulation response stratified by the strength of connectivity. We found
that regions with stronger prestimulation CCEPs also demonstrated stronger broadband stimulation responses (Fig. 3G, left;
Table 3). Likewise, regions with higher prestimulation theta coherence also showed stronger broadband stimulation response
(Fig. 3G, right). We repeated this analysis for the HGP stimulation response (Fig. 3H ) and found that HGP stimulation
response was significantly higher in regions with higher prestimulation CCEPs (Fig. 3H, left; Table 3) and theta coherence
(Fig. 3H, right). To avoid using an arbitrary threshold and to
generalize this finding across subjects, we next defined whether or
not a particular channel showed significant baseline CCEPs or
theta coherence to the stimulation site (see Materials and Methods). We found that across subjects the broadband stimulation
response was consistently stronger in regions with significant
prestimulation CCEPs (Fig. 3I, left; Table 3) and theta coherence
to the stimulation site (Fig. 3I, right). In a similar manner, the
HGP during stimulation was higher in regions with significant
prestimulation CCEPs (Fig. 3J, left; Table 3) and theta coherence
to the stimulation site (Fig. 3J, right). To test whether these results
were dependent on the coherence band used, we computed coherence using conventional frequency bands. Channels with significant band coherence in all frequency bands showed stronger
broadband stimulation response (Table 3; all p ⬍ 0.05). Higher
HGP stimulation response was observed in channels with significant prestimulation alpha, beta, and gamma coherence (Table 3;
all p ⬍ 0.01), but not high-gamma coherence. Further, the increase in HGP or broadband stimulation response in regions with
significant CCEP or theta coherence was not different when stratified by sites of stimulation (motor, frontal, or temporal; Table
3). In summary, prestimulation network connectivity defined by
CCEPs and coherence across frequency bands predicts the neural
response during stimulation.
Stimulation response is modulated after repeated stimulation
in regions highly connected to the stimulation sites
As shown in Figure 1B, our stimulation paradigm included 60
repeated applications of 10 Hz stimulation trains separated by
resting periods. This allowed us to track changes in neural activity
during each stimulation train. We observed that the broadband
signal during stimulation starts changing around train 10 and
peaks in amplitude around train 40 (Fig. 4B). Compared with
early stimulation trains, later stimulation trains elicited progressively more negative response at the beginning of the train, and
more positive response toward the end of the train (Fig. 4B). To
isolate the gradual change in brain excitability, we obtained the
slow fluctuations (⬍1 Hz) in the broadband signal, which effectively removes the faster evoked potentials (Fig. 4C). Subsequently, we quantified the stimulation dynamics using a
repeated-measures model incorporating time bins and stimulation train as variables (see Materials and Methods; Fig. 4D). A
significant interaction between time during stimulation and the
stimulation train number (Ftime ⫻ train(7399) ⫽ 3.49, p ⫽ 0.001)
indicated that there was modulation of the stimulation response
over repeated trains. Across all channels, 19.7% of channels (308/
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Table 3. Statistical estimate and p value referenced in figures and results
Figure

Descriptor

Statistical estimate

DF

p

2D (left)
2D (left)
2D (middle)
2D (middle)
2D (right)
2D (right)
Secondary analysis
Secondary analysis
Secondary analysis
Secondary analysis
Secondary analysis
Secondary analysis
Secondary analysis
Secondary analysis
Secondary analysis
Secondary analysis
2E (left)
2E (middle)
2E (right)
2F (left)
2F (left)
2F (right)
2F (right)
2G (left)
2G (middle)
2G (right)
Secondary analysis
Secondary analysis
Secondary analysis
Secondary analysis
3G (left)
3G (right)
3H (left)
3H (right)
3I (left)
3I (right)
3J (left)
3J (right)
Secondary analysis
Secondary analysis
Secondary analysis
Secondary analysis
Secondary analysis
Secondary analysis
Secondary analysis
Secondary analysis
Secondary analysis
Secondary analysis
4F (left)
4F (right)
4G (left)
4G (right)
6E
6F
Secondary analysis
Secondary analysis

Low BLP, stim response, paired t test
Low BLP, offset response, paired t test
Mid-BLP, stim response, paired t test
Mid-BLP, offset response, paired t test
HGP, stim response, paired t test
HGP, offset response, paired t test
1– 4 Hz, stim response, paired t test
4 – 8 Hz, stim response, paired t test
8 –12 Hz, stim response, paired t test
12–25 Hz, stim response, paired t test
25–50 Hz, stim response, paired t test
1– 4 Hz, offset response, paired t test
4 – 8 Hz, offset response, paired t test
8 –12 Hz, offset response, paired t test
12–25 Hz, offset response, paired t test
25–50 Hz, offset response, paired t test
F test for overall model
F test for overall model
F test for overall model
HGP vs low BLP, paired t test
HGP vs mid-BLP, paired t test
HGP vs low BLP, paired t test
Mid-BLP vs low BLP, paired t test
F test for overall model
F test for overall model
F test for overall model
Broadband, stim response, paired t test
Broadband, offset response, paired t test
Broadband, F test for overall model
Broadband, F test for overall model, single trial
⫾CCEP, Broadband stim, two-sample t test
⫾Theta coh, Broadband stim, two-sample t test
⫾CCEP, HGP stim, two-sample t test
⫾theta coh, HGP stim, two-sample t test
⫾CCEP, Broadband stim, paired t test
⫾Theta coh, Broadband stim, paired t test
⫾CCEP, HGP stim, paired t test
⫾Theta coh, HGP stim, paired t test
⫾8 –12 Hz coh, HGP stim, paired t test
⫾8 –12 Hz coh, Broadband stim, paired t test
⫾12–25 Hz coh, HGP stim, paired t test
⫾12–25 Hz coh, Broadband stim, paired t test
⫾25–50 Hz coh, HGP stim, paired t test
⫾25–50 Hz coh, Broadband stim, paired t test
⫾70 –170 Hz coh, HGP stim, paired t test
⫾70 –170 Hz coh, Broadband stim, paired t test
⫾Theta coh, ⌬Broadband or HGP by sites of stimulation (motor, frontal, temporal), ANOVA
⫾CCEP, ⌬Broadband or HGP by sites of stimulation (motor, frontal, temporal), ANOVA
⫾Stim response, theta coh, two-sample t test
⫾Stim response, CCEP, two-sample t test
⫾Response modulation, theta coh, two-sample t test
⫾Response modulation, CCEP, two-sample t test
2 test, prob. CCEP by stim response
2 test, prob. CCEP by response modulation
2 test, prob. theta-coh by stim response
2 test, prob. theta-coh by response modulation

t ⫽ 5.84
t ⫽ 6.05
t ⫽ 4.59
t ⫽ 7.27
t ⫽ 8.39
t ⫽ 2.56
t ⫽ 6.19
t ⫽ 3.87
t ⫽ 3.57
t ⫽ 4.24
t ⫽ 8.81
t ⫽ 4.81
t ⫽ 3.89
t ⫽ 2.18
t ⫽ 1.39
t ⫽ 1.25
F ⫽ 1311
F ⫽ 250
F ⫽ 22.2
t ⫽ 3.50
t ⫽ 3.29
t ⫽ 3.30
t ⫽ 3.52
F ⫽ 56079
F ⫽ 38868
F ⫽ 28597
t ⫽ 4.43
t ⫽ 4.71
F ⫽ 370
F ⫽ 82676
t ⫽ 5.55
t ⫽ 2.32
t ⫽ 8.06
t ⫽ 3.03
t ⫽ 3.89
t ⫽ 3.08
t ⫽ 4.61
t ⫽ 6.14
t ⫽ 5.3
t ⫽ 2.95
t ⫽ 2.36
t ⫽ 3.57
t ⫽ 4.07
t ⫽ 2.75
t ⫽ 1.92
t ⫽ 2.23
F ⫽ 0.161
F ⫽ 0.695
t ⫽ 10.47
t ⫽ 12.82
t ⫽ 2.13
t ⫽ 2.95
2 ⫽ 237
2 ⫽ 8.7
2 ⫽ 4.1
2 ⫽ 3.0

13
13
13
13
13
13
13
13
13
13
13
13
13
13
13
13
1, 1564
1, 1564
1, 1564
13
13
13
13
1; 82,518
1; 82,518
1; 82,518
13
13
1, 1564
1; 82,518
102
102
102
102
13
13
13
13
13
13
13
13
13
13
13
13
2, 11
2, 11
1564
1564
306
306
1
1
1
1

⬍0.001
⬍0.001
⬍0.001
⬍0.001
⬍0.001
0.024
⬍0.001
0.002
0.004
0.001
⬍0.001
⬍0.001
0.002
0.004
0.188
0.233
⬍0.001
⬍0.001
⬍0.001
0.003
0.006
0.006
0.004
⬍0.001
⬍0.001
⬍0.001
⬍0.001
⬍0.001
⬍0.001
⬍0.001
⬍0.001
0.022
⬍0.001
0.003
0.002
0.009
⬍0.001
⬍0.001
⬍0.001
0.01
0.003
0.03
0.001
0.020
0.077
0.04
0.854
0.520
⬍0.001
⬍0.001
0.03
0.003
⬍0.001
0.003
0.042
0.083

coh, coherence; prob, probability

1566) were stimulation responsive, which is defined as significance of either the time or time ⫻ train coefficients in the
repeated-measures model (Fig. 4E). Within these stimulation responsive channels, 34.4% (106/308) showed progressive modulation of the stimulation response. Spatially, these stimulation
responsive channels were primarily local to the stimulation site
(Fig. 5). On a single-subject level, the stimulation current ampli-

tude correlated strongly both with the number of stimulation
responsive channels (R 2 ⫽ 0.49, p ⫽ 0.006; Table 2) and the
proportion of channels exhibiting response modulation (R 2 ⫽
0.45, p ⫽ 0.009). Pooling together all channels, stimulation responsive channels exhibited higher prestimulation theta coherence (Fig. 4F, left; Table 3) and CCEP (Fig. 4F, right) compared
with nonresponsive channels. Furthermore, limiting the analysis
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Figure 3. The stimulation response is predicted by functional and effective connectivity. A, B, Exemplar broadband signal across several channels for Subject 4. A, Single-pulse CCEPs
recorded before stimulation and (B) the corresponding neural response to the stimulation train. Qualitatively electrodes with strong CCEPs generally also elicited strong response during
the stimulation train. C–F, Single subject (Subject 4) spatial distribution of CCEP, theta coherence and the stimulation response (broadband and HGP). C, Strong CCEPs were elicited near
the stimulation sites and at select parietal and temporal regions. D, Theta coherence to the stimulation site was highest in the prefrontal cortex. E, The mean voltage during stimulation
(the broadband stimulation response) was high in certain regions across prefrontal, parietal, and temporal cortices. F, Similar pattern of response was observed for HGP during
stimulation. G, Increased mean broadband response was observed during stimulation in channels with higher prestimulation CCEP (left; ⫹ refers to ⱖ5Z and ⫺ refers to ⬍5Z) and theta
coherence to the stimulation site (right; ⫹ refers to coherence of ⱖ0.15 and ⫺ refers to ⬍0.15). H, Box plots demonstrating increased mean HGP during stimulation in channels with
higher prestimulation CCEP (left) and theta coherence to the stimulation site (right). I, J, Channels with significant prestimulation CCEP or theta coherence were averaged per subject,
and the mean stimulation response is shown for each subject. I, Higher broadband stimulation response is observed in channels with significant prestimulation CCEP (left) and theta
coherence to the stimulation site (right) across subjects. J, Higher HGP stimulation response is observed in channels with significant prestimulation CCEP (left) and theta coherence to the
stimulation site (right) across subjects. Error bars show ⫾1 SEM. *p ⬍ 0.05, **p ⬍ 0.01, ***p ⬍ 0.001. Box plots show the mean value (innermost line), the 95% CI (dark band), and
the SD (light band).

to only the stimulation responsive channels (N ⫽ 308), those
channels which demonstrated modulation of the stimulation response over time had higher prestimulation theta coherence (Fig.
4G, left; Table 3) and CCEP (Fig. 4G, right) compared with channels that were stimulation responsive but did not undergo modulation of activity across stimulation trains. In summary,
stimulation-responsive regions were more strongly connected to
the stimulation site than nonresponsive regions. In a subset of
regions that were strongly connected to the stimulation site, repeated stimulation trains progressively modulated neural activity
over time.
The stimulation period predicts changes in
poststimulation connectivity
Finally, we asked whether features pertaining to the stimulation
period can be used to predict poststimulation connectivity
changes. We hypothesized that stimulation responsive regions
and regions that exhibit modulation of the stimulation response
would be more likely to show poststimulation connectivity

changes. For instance, single 10 Hz stimulation trains elicited a
strong stimulation response, and repeated trains elicited progressive modulation of the response (Fig. 6 A, B). We also observed a
significant increase in the CCEP after the entire repetitive stimulation protocol (Fig. 6C; nonparametric cluster t test, cluster T ⫽
631.15, p ⬍ 0.001). Of note, the direction of amplitude change
observed in the pre-/post-CCEP (here, stronger poststimulation
CCEP) mirrored that of the direction of modulation (stronger) of
the broadband stimulation response (Fig. 6 B, C). In total, a small
proportion (5.1%, 80/1566) of all channels showed a significant
pre-/post-CCEP change (Fig. 6D). Likewise, a small proportion
(1.9%, 29/1566) of all channels demonstrated significant change
in pre/post-theta coherence. We found that stimulation responsive channels were more likely to undergo pre-/post-CCEP
change (Fig. 6E; 22.0% vs 0.90%; Table 3). Similarly, of only the
stimulation responsive channels, channels where stimulation response was progressively modulated were more likely to show
pre-/post-CCEP change (Fig. 6F; 32.0 vs 17.0%). Additionally, we
performed this analysis looking at poststimulation changes in
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Figure 4. Progressive modulation of the stimulation response occurs in regions highly connected to the stimulation site. A–D, Example of neural changes across stimulation trains in one subject
(Subject 4). A, Location of stimulation and the recording electrode. B, Heatmap representation of the epoched broadband signal to increasing number of stimulation trains. Horizontal line represents
time period of stimulation train. Color in the image represents the broadband signal during and after stimulation train. C, Time series of the smoothed broadband signal during stimulation as
stratified by early (blue), middle (green), and late (red) trains in the stimulation protocol. D, Quantification of the stimulation dynamics in the exemplar channel. Repeated-measures ANOVA
demonstrated a significant interaction between time during stimulation and the stimulation train number. E, Among aggregate of all channels across 14 patients, 308/1566 (19.7%) of channels
were stimulation-responsive. Among the 308 stimulation-responsive channels, 106 (34.4%) showed a modulation in stimulation response (for location of these channels, see Fig. 5). F, Box plots
stratifying prestimulation CCEP and theta coherence by stimulation responsive channels. Stimulation responsive channels demonstrated higher theta coherence (left) and CCEP amplitude (right).
G, Box plots stratifying prestimulation CCEP and theta coherence by channels that did or did not undergo response modulation. Channels with stimulation response modulated by progressive trains
demonstrated higher theta coherence (left; two-sample t test, p ⫽ 0.03) and CCEP amplitude (right). Error bars show ⫾1 SEM. *p ⬍ 0.05, **p ⬍ 0.01, ***p ⬍ 0.001. Box plots show the mean value
(innermost line), the 95% CI (dark band), and the SD (light band).

Figure 5. Location of electrodes exhibiting significant stimulation responses and modulation of the stimulation response. In each subject, significant stimulation responses were elicited in a
subset of the regions recorded (yellow and red electrodes). Of all the stimulation-responsive electrodes, some underwent significant change in the stimulation response over repeated application
of the stimulation train (red electrodes). Regions demonstrating response modulation are primarily local to the stimulation sites, although a small proportion of these electrodes are found on the
opposite hemisphere or distant cortex.

theta coherence. The presence of a significant stimulation response was also associated with poststimulation change in theta
coherence (3.3% vs 1.5%; Table 3). The presence of response
modulation was not associated with pre-/post-theta coherence
change (5.7 vs 2.0%). We next used logistic regression to assess
whether poststimulation connectivity changes can be predicted
from features during stimulation. The features used were (1) the

presence of a significant stimulation response without response
modulation (binary variable), (2) the presence of response modulation (binary), and (3) amplitude of the broadband stimulation
response (continuous). Channels were categorized as local (ⱕ4
cm from the stimulation site) and remote (ⱕ4 cm from the stimulation site). Subsets of the stimulation duration were used to
determine the minimal number of stimulation trains required for
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Figure 6. The stimulation period predicts connectivity changes following the entire stimulation protocol. A–C, Exemplar channel recording from Subject 6. A, Location of stimulation and the
recording electrode. B, Time series of the smoothed broadband signal during stimulation as stratified by early (blue), middle (green), and late (red) trains in the stimulation protocol. C, The
corresponding pre-/post- single-pulse CCEP. Note the similar direction of change in CCEP and in the stimulation response. D, Among aggregate of all channels across 14 patients, 80/1566 (5.1%) of
channels showed significant pre-/post-CCEP change. E, The probability of CCEP change in regions with and without a significant stimulation response. Stimulation responsive channels had higher
probability of showing pre-/post-CCEP change. F, The probability of CCEP change in regions with and without response modulation by stimulation trains. Among only the stimulation-responsive
channels, those that showed response modulation had a higher probability of showing pre-/post-CCEP change. G, Receiver Operating Characteristic (ROC) curves using features from the stimulation
period to predict pre-/post-CCEP change. The features used were the presence of significant stimulation response without response modulation, the presence of response modulation by stimulation
trains and the mean amplitude of the broadband signal during stimulation. Left, Prediction of CCEP change in channels closer than 4 cm of the stimulation site. Right, Prediction of CCEP change in
channels further than 4 cm of the stimulation site. Greater performance was achieved in predicting remote CCEP changes. Error bars show ⫾1 SEM. **p ⬍ .01, ***p ⬍ 0.001.

stable model performance. Using 1, 10, 20, 60, 85, and 100% of
the stimulation data, poststimulation changes in local CCEP were
predicted with AUC 0.69 (95% confidence interval: 0.61– 0.78),
0.76 (0.67– 0.84), 0.77 (0.69 – 0.84), 0.78 (0.70 – 0.84), 0.82 (0.74 –
0.87), 0.82 (0.74 – 0.87), respectively (Fig. 6G, left). The model
AUCs were not significantly different from each as the confidence
intervals overlap. For remote CCEP changes using 1, 10, 20, 60,
85, and 100% of the stimulation data, the AUC values were 0.82
(0.66 – 0.91), 0.81 (0.67– 0.90), 0.86 (0.69 – 0.93), 0.89 (0.72–
0.96), 0.96 (0.93– 0.97), 0.95 (0.93– 0.97), respectively. Aside
from the 1 and 10% data subset, the AUC for all other subsets
were not significantly different. We were not able to meaningfully
predict poststimulation changes in theta coherence [AUC ⫽ 0.47
(0.37– 0.61) using 100% of data and both local and remote channels]. In summary, changes in CCEP and theta coherence occurred in a small proportion of total channels. Features from the
stimulation period predicted CCEP changes after the stimulation
protocol with high discriminability. Using subsets of the stimulation trains, we showed that model performance can reach stability with only a small proportion of the total data.

Discussion
In this study we investigated the neural dynamics during and
after a series of repeated stimulation trains. Across several stimulation sites, we observed a consistent increase in HGP activity
during the stimulation train and a slower post-train evoked response that strongly correlated with activity changes during the
train. We showed that in areas highly connected to the stimulation
site, as indexed by two measures of connectivity, the stimulation
response was stronger and exhibited progressive modulation with
repeated trains. Finally, the stimulation period predicted poststimulation connectivity changes with high discriminability. Importantly,
we demonstrated that using a subset of the stimulation protocol was
sufficient for good model performance.
Mounting evidence suggests that the induction period is characterized by stimulation-driven cycles of excitation and inhibition. In this study, we expand on evidence from animal studies
during the induction period and offered insight into how a
clinically-relevant stimulation pattern influences brain dynamics. First, we observed an increase in HGP during stimulation,
especially in regions functionally connected to the stimulation

site. As HGP has been shown to correlate with spiking activity
(Nir et al., 2007; Manning et al., 2009; Ray and Maunsell, 2011),
this work suggests that 10 Hz stimulation elicits increases in neuronal activity during stimulation. These findings are similar to
recent work in rat hippocampal slices, which reported a slow
voltage drift during high-frequency stimulation that corresponded with the change in EPSP amplitude (Wójtowicz and
Mozrzymas, 2014). Second, low-frequency power also increased
during 10 Hz stimulation. Although this is in contrast with a
recent study that reported stimulation-driven decreases (Rao et
al., 2018), this may be attributed to the difference in frequency of
stimulation (10 vs 100 Hz). Finally, after each stimulation train,
we observed an evoked potential lasting for ⬃1 s, which we
termed the offset response. Consistent with a prior study, this
offset response is primarily driven by low-frequency power that is
not dependent on the stimulation frequency. (Solomon et al.,
2018). These slow waves likely represent GABA-ergic inhibitory
periods (Ulbert et al., 2004), which have been observed during
spike and wave discharges (McCormick and Contreras, 2001;
Alarcón et al., 2012) as well as single-pulse evoked potentials in
animals (Chen et al., 2014) and humans (Alarcón et al., 2012;
Keller et al., 2014a). Together, these findings suggest that in regions functionally connected to the stimulation site, stimulation
trains increased spiking activity, which were followed by an inhibitory rebound period.
Previously, we demonstrated that repetitive brain stimulation
results in excitability changes that outlast the stimulation period
itself (Keller et al., 2018). However, what happens during stimulation remains unexplored. Our current study revealed that neural response to repetitive stimulation is highly dynamic both
within a single stimulation train and across multiple stimulation
trains. Within a single train, evoked potentials became progressively stronger, manifesting as increased power across multiple
frequency bands. Across trains, slow fluctuations in broadband
power were progressively modulated, suggesting a short-term
change in the underlying excitability of the brain in response to
stimulation. These results offer evidence that repetitive stimulation may rapidly reorganize neural connectivity, even within
minutes. Furthermore regions that demonstrated dynamic
changes during stimulation were more likely to show sustained
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changes after stimulation. Similar findings have been reported in
nonhuman primates and in the human motor cortex. In nonhuman primates, repetitive optogenetic stimulation strengthened
functional connectivity between motor and somatosensory cortices
within minutes (Yazdan-Shahmorad et al., 2018). In the same study,
stimulation-evoked activity predicted poststimulation changes in
connectivity. Similarly, in humans, motor evoked potential (MEP)
facilitation during anodal transcranial direct current stimulation
predicted lasting MEP changes poststimulation (Bergmann et al.,
2009). Our results along with these prior studies support the notion
that plasticity following brain stimulation follows Hebbian mechanisms, and that depending on the stimulation site, different regions
are more susceptible to stimulation-induced changes.
Of note, although we were able to predict poststimulation
CCEP changes with high discriminability, our model performance was not as robust in the prediction of poststimulation
theta coherence changes. This could be due to the order of poststimulation testing (resting data for coherence was collected after
CCEP testing and therefore was further in time from the stimulation protocol) or the method of connectivity measurement
(evoked for CCEPs, rest for coherence analysis). Although it was
beyond the scope of this investigation, comparing theta coherence and CCEP in approximating network connectivity would be
of substantial interest.
The clear neurophysiological effects we observed during stimulation offer intriguing clinical utility. Efforts to optimize treatment by updating stimulation parameters in real-time have
recently sparked an interest in closed-loop brain stimulation
(Bergmann et al., 2016; Bergmann, 2018; Ghasemi et al., 2018).
Two findings from this study highlight the potential for real-time
implementation. First, we found that the strength of stimulation
response was correlated strongly with the strength of the offset
response, both on a channel and single-trial level. This is an important finding given removal of stimulation artifacts in other
modalities (i.e., EEG during rTMS; Wu et al., 2018) is often difficult. Our findings suggest that the offset response may be used
as a proxy for the stimulation response during clinical monitoring. Second, we found that only a few minutes of stimulation data
were required to achieve stable model performance in predicting
poststimulation effects. To date, we lack a method to rapidly
optimize stimulation patterns for an individual, as pre-/posttesting after the entire stimulation protocol will be cumbersome
if multiple parameters are tested. Yet based on our results, if the
stimulation response (or offset response) can be monitored and
pre-processed in real-time or near real-time, then effects of multiple stimulation paradigms can be tested rapidly. If this work can
be replicated by noninvasive modalities, such as TMS, then one
could envision a “stimulation localizer” day before stimulation
treatment. During this day, prestimulation characteristics would
first be used to help localize the stimulation site (and network) of
interest (Keller et al., 2018). This would be followed by multiple
stimulation trains of short duration (2 min) with various parameters (frequency, pattern, intensity) to select the stimulation paradigm that would maximize poststimulation effects.
Several aspects of this study limit its generalizability. First,
because seizures can alter both local and global brain excitability
and connectivity (Pereira et al., 2010; Bettus et al., 2011; Pittau et
al., 2012), our results may not be entirely representative of responses in a healthy brain. Although direct recording provides
unsurpassed spatiotemporal resolution in humans, epilepsy patients differ in their underlying etiologies and electrode implantation patterns. Second, behavioral effects of stimulation were
not measured in this study and this warrants further investigation
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with mood self-reporting (Woźniak-Kwaśniewska et al., 2014).
Third, given hospital time constraints (typically ⬃1 h per patient), we were unable to modify the stimulation parameters that
may be critical in inducing plasticity: stimulation site, frequency,
and intensity. Fourth, we observed prominent harmonics during
stimulation, which are due to evoked potentials in response to the
electrical pulses. Although one could attempt to model and remove harmonics, we believe that they represent progressive modulation of the evoked potential during stimulation and are a
direct result of electrical stimulation. As such, we recognize the
power increase during stimulation can arise from two sources:
(1) the evoked potentials and (2) an underlying increase in neuronal excitability, which could not be separated in the present
study.
Future work includes (1) computational modeling of evoked
responses and their spectral profile, allowing us to disentangle
stimulation responses from pulse-evoked neuronal activity and
that of the underlying neuronal activity, providing a way to study
entrainment effects during repetitive stimulation; (2) a thorough
examination of how parameters of a single stimulation train—
including train frequency, number of pulses, and intensity—affect stimulation and offset responses; (3) an evaluation of how
both induction and poststimulation effects are modulated when
repeated trains (3000 pulses each) are applied at different stimulation frequencies (10 and 100 Hz, for example), stimulation intensities (50 and 100% MT), and stimulation sites; (4) an
evaluation of not only how these stimulation parameters affect
mood, similar to Rao et al. (2018), but also for several stimulation
frequencies and targets; (5) replication of these experiments using microelectrode recording in nonhuman primates to evaluate
mechanistic changes at a scale unattainable even in ECoG; and
(6) adapting these experiments to patients with neuropsychiatric
disorders using noninvasive neuromodulation (TMS) paired
with scalp EEG, to determine whether these signals can be feasibly
measured and monitored for clinical translation. Knowledge
gained from these planned experiments will greatly enhance our
understanding of how stimulation modulates human brain activity and behavior, helping propel us to the next generation of
personalized neuromodulation therapies.
Here, we characterized the neural activity in the time period
surrounding a train of electrical stimulation and its dependency
on existing functional networks, thus providing valuable insight
as to how the brain changes during stimulation. Furthermore, we
demonstrated the utility of this information, by showing that
neural activity during stimulation serves to predict stimulationinduced changes in network connectivity. Together, our work
provides key insights into the development of closed-loop neuromodulatory devices.
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Woźniak-Kwaśniewska A, Szekely D, Aussedat P, Bougerol T, David O
(2014) Changes of oscillatory brain activity induced by repetitive transcranial magnetic stimulation of the left dorsolateral prefrontal cortex in
healthy subjects. Neuroimage 88:91–99.
Wu W, Keller CJ, Rogasch NC, Longwell P, Shpigel E, Rolle CE, Etkin A
(2018) ARTIST: a fully automated artifact rejection algorithm for singlepulse TMS-EEG data. Hum Brain Mapp 39:1607–1625.
Yazdan-Shahmorad A, Silversmith DB, Kharazia V, Sabes PN (2018) Targeted cortical reorganization using optogenetics in nonhuman primates.
eLife 7:e31034.

