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Background: Electrical neuromodulation via implanted electrodes is used in treating numerous neurological disorders, yet our knowledge of how different brain regions respond to varying stimulation parameters is sparse.
Objective/Hypothesis: We hypothesized that the neural response to electrical stimulation is both regionspeciﬁc and non-linearly related to amplitude and frequency.
Methods: We examined evoked neural responses following 400 ms trains of 10e400 Hz electrical stimulation ranging from 0.1 to 10 mA. We stimulated electrodes implanted in cingulate cortex (dorsal anterior
cingulate and rostral anterior cingulate) and subcortical regions (nucleus accumbens, amygdala) of nonhuman primates (NHP, N ¼ 4) and patients with intractable epilepsy (N ¼ 15) being monitored via intracranial electrodes. Recordings were performed in prefrontal, subcortical, and temporal lobe locations.
Results: In subcortical regions as well as dorsal and rostral anterior cingulate cortex, response waveforms
depended non-linearly on frequency (Pearson's linear correlation r < 0.39), but linearly on current
(r > 0.58). These relationships between location, and input-output characteristics were similar in homologous brain regions with average Pearson's linear correlation values r > 0.75 between species and
linear correlation values between participants r > 0.75 across frequency and current values per brain
region. Evoked waveforms could be described by three main principal components (PCs) which allowed
us to successfully predict response waveforms across individuals and across frequencies using PC
strengths as functions of current and frequency using brain region speciﬁc regression models.
Conclusions: These results provide a framework for creation of an atlas of input-output relationships
which could be used in the principled selection of stimulation parameters per brain region.
© 2019 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Introduction
Pulsatile electrical stimulation of the brain parenchyma via
implanted intracranial electrodes is employed clinically to treat
movement, psychiatric, and seizure disorders [1e6], but the
mechanisms by which stimulation modulates neural activity are
highly debated [6e10]. Different frequencies affect different diseases [6,8]: high frequency stimulation (>100 Hz) treats Parkinson's disease [10e12], while a lower frequency range (~10 Hz) may
interrupt seizures [11,13]. Little is known about the effects of
different frequencies on neural circuitry or why speciﬁc frequencies
are less effective in certain diseases [3,6,8,10]. Theoretical approaches have focused on modeling the spread of current from
implanted electrodes [14,15], and empirical work on the general
physiology of invasive neurostimulation has focused heavily on
avoiding tissue damage or over-excitation [16,17]. There is also a
large body of work exploring the physics of non-invasive stimulation, much of it focused on modeling how patient anatomy inﬂuences magnetic and electrical ﬁeld propagation into cortex
[18e23]. There have, however, been few systematic explorations of
the large stimulation parameter space commonly used in invasive
applications [11,12,24e28]. Consequently, little is known about the
input-output relationships between stimulation parameters and
neuronal activity. More speciﬁcally, a major question is whether the
neural response at the level of the population is directly proportional to the level of injected current or the frequency of the
stimulation, or whether this input-output relationship to stimulation parameters is non-linear (although potentially still monotonic). A second question is how consistent this population neural
response is between individuals and across species.
We systematically evaluated this input-output relationship in
multiple brain regions. We performed multi-trial tests of stimulation trains with varying frequency and amplitude in non-human
primates (NHPs) and tested a subregion of the frequency by current landscape in humans. We mapped responses in dorsal and
rostral anterior cingulate cortex (dACC and rACC, respectively),
amygdala, and nucleus accumbens (NAcc). These regions have long
been therapeutic targets for invasive neuromodulation [4,5,29e35].
We used the evoked potential (ERP) as the primary readout
[36e39], which has been suggested to predict the clinical response
to therapeutic invasive stimulation [40e42]. The cortical targets
responded linearly to changes in stimulation amplitude and nonlinearly to changes in frequency. Subcortical targets, including the
amygdala in humans and NAcc in NHPs, showed a linear inputoutput relationship. These results demonstrate the feasibility of
an atlas of neural responses, which should enable more rational
therapeutic planning.
Materials and Methods
Human participants
We recorded from 15 participants (mean age ¼ 37.42, ranging
from 19 to 56; 10 females; Table A 1) with intractable epilepsy
undergoing invasive monitoring for surgical treatment of seizures.
Participants were implanted with multi-lead depth electrodes
(a.k.a sEEG) to locate epileptogenic tissue in relation to essential
cortex. Depth electrodes (Ad-tech Medical, Racine WI, USA, or PMT,
Chanhassen, MN, USA) with diameters of 0.8e1.0 mm and consisting of 8e16 platinum/iridium-contacts 1e2.4 mm long were
stereotactically placed in locations deemed necessary for seizure
localization by a multidisciplinary clinical team. Following implant,
the preoperative T1-weighted MRI was aligned with a postoperative CT using volumetric image co-registration procedures
and FreeSurfer scripts ([43,44]; http://surfer.nmr.mgh.harvard.

edu). Electrode coordinates were manually determined from the
CT in the patients' native space [45] and mapped using an electrode
labeling algorithm (ELA [46]) that registered each contact to a
standardized cortical map [47]. To visualize all the electrodes in the
same space (a single brain representation), we performed a
nonlinear transformation of the locations of the electrodes from
each patient's native space to a template MRI (27 [48]) using
FreeSurfer tools ([49]).
Electrode contacts in rACC, dACC, and amygdala that did not
show epileptiform activity were selected for stimulation experiments. Participants received their normal antiepileptic medications
to minimize the risk of seizure during stimulation.

Ethics statement
All patients voluntarily participated after fully informed consent
according to NIH and Army Human Research Protection Ofﬁce
(HRPO) guidelines as monitored by the Massachusetts General
Hospital (MGH) Institutional Review Board (IRB). Participants were
informed that participation in the experiment would not alter their
clinical treatment in any way, and that they could withdraw at any
time without jeopardizing their clinical care.

Non-human primates
Experimental procedures were carried out according to the
Guide to the Care and Use of Laboratory Animals provided by the
Public Health Service. All efforts were made to minimize discomfort, and the Institutional Animal Care and Use Committee at the
Massachusetts General Hospital monitored care and approved all
procedures. Intracranial recordings were acquired from four adult
male rhesus macaques (Macaca mulatta; 10e14 years old at date of
implant). Each NHP was implanted with a recording chamber that
allowed access to right hemisphere targets mirroring the regions
studied in human participants. Trajectories for electrode implant
were calculated by mapping target regions to a post-chamber
magnetic resonance imaging (MRI) with ﬁducial markers and
MANGO software (San Antonio, TX). Implantation included the
dorso-lateral pre-frontal cortex (dlPFC), dACC, rACC, and NAcc
(Supplementary Fig. 1, Table A 2). Following implant, electrode locations were conﬁrmed through co-registration of the subject's
preoperative MRI and postoperative CT using MANGO. Reconstructions of brain regions used custom MATLAB programs and
MANGO software to visualize electrode locations relative to three
atlases [50e54]. Finally, the volume reconstructions and electrode
locations were visualized in Blender (https://www.blender.org/).
Animals were implanted for a period of one month (NHP 1) to a full
year (NHP 2) and then were explanted to enable full recovery. No
clear adverse behavioral effects were observed before or after
electrode implant or explant.

Data acquisition
NHP extracellular recordings were digitized at 40 kHz using an
OmniPlex system (Plexon, Dallas, TX, USA) and were ﬁltered to
capture the local ﬁeld potential (LFP; ﬁlter: 0.5e500 Hz, online
decimated to 1000 Hz). Recordings were referenced to the titanium
head post.
Human recordings used a Blackrock system with a sampling rate
of 2 kHz (Blackrock Microsystems, Salt Lake City, UT, USA). Depth
recordings were referenced to an EEG electrode placed on skin (C2
vertebra or Cz).
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Neural stimulation
Parallel stimulation experiments were carried out in humans
and NHPs. Limited by the experimental time window and safety
reasons, we were unable to explore as extensive a range of frequencies and currents in humans as in NHPs. Both human and NHP
subjects had 1 stimulation session in a day. A typical NHP stimulation session consisted of 200e350 stimulation trials. Each trial
delivered a 400 ms train (90 ms charge-balanced biphasic symmetrical pulses with an interphase interval of 53 msec) with varying
pulse frequencies (10e400 Hz) and amplitudes (0.2e10 mA). Each
trial was separated by 5 s with randomized jitter up to ±1 s and the
frequencies were randomized for a ﬁxed current amplitude. Current injection and return paths used neighboring contacts, driven
by a stimulus isolator (A-M Systems Model 3800 8 channel stimulator with Model 3820 Stimulation Isolation Unit, Sequim, WA)
controlled via MATLAB. Five trials of each frequency/amplitude
combination were delivered per session (Table A 3). Each trial's
current and frequency were randomly selected. NHPs underwent
stimulation while awake and resting in a Faraday cage that was
actively monitored by an experimenter.
Human stimulation sessions used the same bipolar electrode
conﬁguration, pulse shape, and train duration as in NHPs. Stimulation delivered with a CereStim (Blackrock Microsystems, Salt Lake
City, UT) ranged from 10 to 160 Hz and currents from 1 to 8 mA
(Table A 3). In our stimulation location selection, we attempted to
select cingulate sites which were similar between participants,
particularly at the grey-white matter boundary in the cortex. For
the amygdala, we selected sites which were well within the center
of the amygdala. We started at the lowest current level while a
trained electroencephalographer examined ongoing recordings for
epileptiform activity and asked participants if they experienced any
sensations. If there was neither epileptiform activity nor subjective
effects, we continued to the next current level until we reached
either 6 mA or 8 mA. Trial frequencies were randomized within an
amplitude level (Table A 3). The participants were aware that they
were being stimulated but were blind to the stimulation timing and
parameters.
Data analysis
Data analysis was performed using MATLAB. Data were decimated to 1000 Hz and demeaned. Line noise (60, 120, 180 Hz) was
removed by subtracting band-passed signals from the raw signal.
Recordings were bipolar re-referenced by subtracting the activity of
adjacent electrode contact pairs. Channels with excessive line noise
or without clear neural signal were removed from the analysis. For
human data, based on both clinical reports and visual inspection,
electrodes surrounding the epileptic focus and/or exhibiting
abnormal activity were excluded from analysis. The ERP was
analyzed by extracting epochs from 600 ms before stimulation
onset to 2500 ms after offset. The mean voltage of a baseline
segment, 500 ms preceding stimulation, was subtracted from each
data point. We calculated several ERP metrics: normalized peak
amplitude, time to peak, area under the curve of absolute voltages,
voltage standard deviation, normalized minimum voltage (valley
amplitude), and time to minimum. Peaks and valleys were automatically detected as the maximum and minimum ERP voltages in
an 800 ms post-stimulation window. Voltages were normalized by
dividing by the standard deviation of the baseline data segment.
Area under the curve was the sum of the absolute values of data for
800 ms after stimulation offset. We only analyzed peak and valley
amplitudes/times when the post-stimulation voltage deﬂection
was at least 3 standard deviations from the average voltage of a
500 ms pre-stimulation baseline period. Time to peak/minimum
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was determined as the time difference between the end of stimulation train and the peak/valley amplitude of the following ERP.
Pearson's linear correlation was then used to correlate amplitude
ERP metrics (normalized peak amplitude, area under the curve of
absolute voltages, voltage standard deviation, normalized minimum voltage) with frequency and current separately and then
averaged per individual and then across individuals.
Data recorded across all implanted electrode pairs were subdivided into local responses and network responses to separate the
waveform characteristics nearest to the stimulation from the
spread throughout the brain. Local responses are the ERPs from a
single pair of electrodes adjacent to the stimulating electrode pair;
the global responses were from all other channel pairs across the
brain spanning amygdala, hippocampus, cingulate, pre-frontal,
orbito-frontal and temporal cortices (Supplementary Figures 1, 2).
For network response calculations, we averaged the absolute zscored voltages for the 1 s following stimulation for channels across
the brain and per recorded brain region per individual, followed by
averaging these values across individuals. Due to narrower brain
region coverage, we did not perform the per-brain region analysis
for NHPs.
Principal component analysis was carried out across poststimulus ERPs. Using the MATLAB ‘princomp’ function and treating time as the variable and the individual per-trial waveforms
across brain regions and subjects as observations, we calculated the
ﬁrst 20 principal components (PCs) for the normalized voltages and
found that the ﬁrst two PCs explained >80% of the variance. We
then examined how different currents and frequencies varied the
ERP waveform scores for principal components 1 (PC1), 2 (PC2),
and 3 (PC3) by projecting each mean ERP through each PC basis.
Finally, we mapped the sites which had the largest absolute PC
scores (absolute values greater than 100) to a common brain map.
Analysis of variability between stimulation sites per brain region
To examine consistency across individuals, we performed two
types of analyses. In one case, we performed a Pearson's linear
correlation calculation of the z-scored waveforms per current and
frequency step between each pair of individual NHP or human ERP
data sets and pairwise between each individual in the human data
set, averaging across all combinations per current and frequency. In
the second measure, we performed a two-dimensional cross correlation between individuals for the ERP metric and PC current x
frequency (CxF) maps through an iterative sampling method for the
cingulate stimulation sites. We averaged the current x frequency
map across six stimulation sites randomly sampled from the entire
data set, then performed cross correlations with each of the
remaining four individual current x frequency maps (in the dACC)
and remaining ﬁve maps (in the rACC) to get an r value per
remaining current x frequency map. We repeated this random
sampling process 100 times, for both ERP metrics and PC scores, to
estimate a conﬁdence interval for the cross-correlation.
Linear model ﬁt and ERP prediction using PC scores
To demonstrate that stimulation responses could be predicted
from prior subjects' data, we ﬁt linear regression models (MATLAB
‘ﬁtlm’) to brain-region-speciﬁc PC scores as functions of frequency
and current. The general form of this model is:
Y ¼ a0 þ a1 * xf þ a2 * xc þ a3 * xf * xc þ a4 * x2f þ a5 * xc2
Where Y is the PC score, xf is the stimulation frequency and xc is the
stimulation current.
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We created 3 models: one a linear model in frequency and
current (Y ¼ a0 þ a1 * xfþa2 * xc), the second with an interaction
term added (Y ¼ a0 þ a1 * xfþa2 * xcþa3 * xf * xc) and, ﬁnally, the full
model containing quadratic terms. For any given region we selected
the model which was signiﬁcantly different from a constant model
(Y ¼ a0) and had the highest R2. If none of these models was signiﬁcant, we concluded that the particular PC score did not have a
linear or quadratic functional relationship with stimulation current
and frequency.
We then tested the predictive power of the models in two ways:
1) For each dACC and rACC dataset, model parameters were based
on data from all but one participant for a leave one out comparison;
2) A model was trained using stimulation frequencies of 10, 40, 100,
and 160 Hz across all datasets. We then predicted the PC scores and
reconstructed z-scored voltage ERPs for the remaining frequencies.
Statistical analysis
All statistical comparisons used non-parametric measures
except the two-way ANOVA, which was only done to examine
possible interaction effects of current and frequency on the ERP
metrics. Otherwise, we tested non-equivalence of multiple medians with a KruskaleWallis test followed by the post hoc TukeyKramer method to determine statistically separable groups. We
used the Wilcoxon rank sum test (two-sided) for comparisons
between two medians. For the current x frequency maps, we
performed the Wilcoxon rank sum test of each entry in the matrix
against values at current ¼ 2 mA and frequency ¼ 10 Hz. We
additionally used the Wilcoxon signed rank test (two-sided) for
determining if a distribution's median, such as a distribution of
correlation values or PC scores, was signiﬁcantly different from
zero. We corrected for multiple comparisons by adjusting the
target p-value (0.05) with a Bonferroni correction for the number
of comparisons being done for each analysis. For data points
across the current multiplied by frequency (CxF) x-axis values, we
further applied a false discovery rate (FDR) correction to the pvalue following Kruskal-Wallis comparisons between data points
since each data point contained multiple trials per frequency and
current combination per individual. We performed a two-way
ANOVA to examine the effect of the independent variables (current and frequency stimulation parameters) on the dependent
variables, namely the ERP metrics responses in the human and
NHP data set.
Results
Neural responses to trains of stimulation show ‘hot spots’ with
changing current and frequency
We recorded ERPs from stimulation in 4 NHPs and 15 humans
(Fig. 1AeC; Supplementary Figures 1-2; Table A 1-A 3). ERPs in local
channels after dACC stimulation were highly consistent between
individual NHPs and humans (Fig. 1DeE) and showed a biphasic
response to low frequency stimulation. With increasing frequency,
responses became monophasic, with a delayed time to peak at the
highest frequencies. Similar patterns were found with local rACC
stimulation (Fig. 1F, Supplementary Fig. 3). Subcortical stimulation
was more variable (Fig. 1G, Supplementary Fig. 3). To quantify this
response, we measured ERP features: 1) amplitude metrics
(normalized peak amplitude, area under the curve of absolute
voltages, voltage standard deviation, normalized minimum
voltage) and 2) timing metrics (time to peak, time to valley; Fig. 2A).
To determine the effects of current and frequency on these local
ERP metrics, we performed a two-way ANOVA. Frequency had
signiﬁcant effects in 3/6 timing metrics, versus signiﬁcant effects in

4/12 amplitude metrics across stimulated brain regions. On the
other hand, current had signiﬁcant effects on 11/12 ERP amplitude
metrics versus no signiﬁcant effect on the timing metrics (Table A
4). Interestingly, interactions between frequency and current
were not signiﬁcant, except for one rACC measure. This suggests
that the effects of frequency and current on the ERP waveform are
independent (Table A 4).
As evident in the individual response, current is a major driver
of the ERP simply because, to get a neural response, we must reach
a threshold. Yet, above a certain amplitude, frequency begins to
play a role, particularly in the waveform timing (Table A 4). At
ﬁxed, sufﬁcient current, ERPs exhibited a non-linear relationship
with frequency as exempliﬁed by a sigmoidal curve on the level of
the individual (Fig. 2B; Supplementary Fig. 4-5). These trends are
better reﬂected as a matrix of ERP metrics based on current x
frequency which showed separable ‘hot spots’ (Fig. 2C and D;
Supplementary Fig. 6). For dACC stimulation, peak amplitude was
highest between 80 and 100 Hz with a plateau or even dip in the
130e160 Hz range. At high stimulation amplitudes, increasing
frequency decreased ERP peak amplitude, which was not as
obvious a trend for increasing current (Fig. 2B and C;
Supplementary Fig. 6). This decrease in amplitude is especially
obvious in NHP experiments in which stimulation frequency was
increased to 400 Hz (Figs. 1D and 2C). These trends resulted in a
lower linear correlation between ERP amplitude metrics and frequency across individuals compared to the correlation between
current and ERP amplitude metrics, particularly with rACC and
amygdala stimulation (human data; Pearson's r values: dACC:
0.39 ± 0.402 (frequency) vs 0.58 ± 0.231 (current); rACC:
0.18 ± 0.427 (frequency) vs 0.62 ± 0.161 (current); amygdala:
0.14 ± 0.347 (frequency) vs 0.66 ± 0.214 (current), Fig. 2E). In
addition, response timing also varied with frequency with the time
to peak and time to valley shorter for middle frequencies, though
the exact pattern varied with brain region. (Fig. 2D and F;
Supplementary Fig. 6).
Since neural output could reﬂect the totality of energy delivered
to the tissue [12], we examined the relationship between current x
frequency and ERP metrics. Increasing CxF increased the ERP
amplitude, time to peak, and time to valley across brain regions and
species (Fig. 3A and B; Supplementary Fig. 7). Remarkably, ERP
metrics changed in concert with frequency changes even with
similar overall injected energy (Kruskal-Wallis multiple comparisons; FDR corrected; Note: each color-coded dot is 5 trials per
condition and individual; Fig. 3AeB; Supplementary Fig. 7). When
subdividing ERP peak amplitudes into low (10e40 Hz), mid
(80e100 Hz), high 100e200 Hz), and highest (>200 Hz) frequency
bins, there were signiﬁcant differences in peak amplitudes between
the frequency ranges, particularly in the NHP NAcc and human
rACC, further illustrating the nonlinear effect of frequency on
waveforms (p < 0.0001; Kruskal-Wallis test; Fig. 3C and D).
Principal components analysis can also be used to map ERPs in the
current x frequency space
To reduce dimensionality and better predict responses to untested currents and frequencies, we used principal component
analysis (PCA [55]). The ﬁrst three PCs explained ~80% of the local
response variation (Fig. 4A; variation explained per PC: human:
PC1-64.6%; PC2-29.9%; PC3-3.4%; NHP: PC1-68.3%; PC2-19.5; PC37.3%). PC1 captured early, long duration positive voltages while
PC2 mostly captured a late negative voltage deﬂection and PC3 was
more variable (Fig. 4B). When averaging activation (PC scores)
across recorded brain regions, we found mean absolute PC1 scores
signiﬁcantly differed from zero at both low and high stimulation
frequencies and at low and mid currents across all stimulation
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Fig. 1. Effects of current and frequency on the local event-related potential in multiple brain regions (ERP). A-B. dACC stimulation: MRI showing stimulating (teal circles) and recording
(black circles) electrode locations in a non-human primate (NHP3) and (B) human participant (HP19). C. dACC (teal), rACC (blue), and amygdala (pink) stimulation locations for all participants mapped to a single standardized brain. D. dACC stimulation: Average neural responses to stimulation trains (grey bar) for different frequencies (color coded magenta to blue) at a
stable current in NHP3 (left, at 10 mA) and HP19 (right, 6 mA). E. dACC stimulation: Local ERPs to stimulation trains for different currents (color coded red to yellow) at 160 Hz stimulation. F.
rACC stimulation: MRI showing stimulating (blue circles) and recording (black circles) electrode locations in human participant (HP20, top). (bottom) Average neural responses to
stimulation trains (grey bar) for different frequencies (color coded magenta to blue) at a stable current in HP20 (left, 6 mA) and for different currents (color coded red to yellow) at 160 Hz
stimulation. G. amygdala stimulation: MRI showing stimulating (pink circles) and recording (black circles) electrode locations in human participant (HP03, top). (bottom) Average neural
responses to stimulation trains (grey bar) for different frequencies (color coded magenta to blue) at a stable current in HP03 (left, 8 mA) and for different currents (color coded red to yellow)
at 160 Hz stimulation. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the Web version of this article.)
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Fig. 2. Effects of current and frequency on the waveform of the local event-related potential (ERP). A. ERP metrics. B. Right: Peak amplitudes and standard error (mV) for the ERPs in
NHP3 (top) and HP19 (bottom) for different frequencies, with each curve indicating a different current level. *- indicate values are signiﬁcantly different across frequencies within a
current level (left column) or signiﬁcantly different across current values within a frequency level (right column), p < 0.0008, Kruskal-Wallis test. Left: Peak amplitudes and
standard error (mV) for the ERPs in NHP3 (top) and HP19 (bottom) for different currents, with each curve indicating a different frequency level. C-D. Across-individual average local
ERP peak amplitudes (mV) and time to peak (sec) with changes in frequency and current. Blue to white to red scales indicate increasing peak amplitudes. White *: signiﬁcantly
different from measures at current ¼ 2 mA and frequency ¼ 10 Hz, p < 0.01, Wilcoxon rank sum test. Black *: signiﬁcantly different across frequency steps, p < 0.01, Kruskal-Wallis
test. Green outline: Frequency and current space tested in both NHPs and human participants. E-F. Absolute Pearson's r correlations between ERP amplitude metrics (maximum
peak, minimum peak, AUC, StDev) and frequency (E; purple bars) and current (yellow bars) and between ERP timing metrics (F; time to peak and time to valley); p-values denote
signiﬁcant differences, Wilcoxon rank sum test; white * indicate correlation values signiﬁcantly different from zero, p < 0.0042; Wilcoxon signed rank test). (For interpretation of
the references to color in this ﬁgure legend, the reader is referred to the Web version of this article.)
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Fig. 3. Frequency alters the relationship between injected energy and local ERP responses. A. NHP and B. human participant ERP peaks, mapped against the current x frequency
value. Each dot is an average peak per individual, color-coded by frequency (blue to pink). Vertical grey lines indicate signiﬁcant differences between stimulation with the same
current x frequency value but different frequencies. r values indicate Pearson's correlation values and p-values between CxF and mean maximum peak values. C. NHP and D. human
average peak values subdivided into low (10e40 Hz), mid (80e100 Hz), high (130e200 Hz), and highest (high 2, >200 Hz) frequency ranges for different brain regions. *p < 0.0001; signiﬁcant differences between low, mid, and high frequency ranges, Kruskal-Wallis test. In C-D: a-b letters indicate separable groups, identiﬁed with a post hoc Tukey
test. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the Web version of this article.)

regions (Fig. 4C). PC2 and PC3 had large mean absolute scores for
amygdala stimulation but not for cingulate stimulation. The CxF
metric (e.g. total energy) steadily increased PC1 but not PC2 or PC3
scores for dACC and amygdala stimulation (Fig. 4D). Indeed, both
PC2 and PC3 scores decreased with higher CxF values with amygdala stimulation (Fig. 4D). Thus, PCA decomposition could separate
the effects of total energy (CxF; PC1 spread) from current and frequency effects in the cingulate (which changed PC2 and PC3
spread), though this was not true with amygdala stimulation.

Similar to ERP peak amplitudes, PC1 scores were larger at high
frequencies and currents in the dACC and rACC (human: p < 0.01;
signiﬁcantly different from 10 Hz/2 mA stimulation; Wilcoxon rank
sum test; Fig. 5A and B). In contrast, PC2 had larger absolute scores
representing a diagonal across low and middle frequencies and low
to middle currents in the rACC and dACC (Fig. 3C and D). In other
words, activation shifted from PC2 to PC1 waveforms as frequency/
current increased along the diagonal from low frequency and
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Fig. 4. Principal components analysis subdivides local ERP waveforms in both NHPs and human participants. A. PC coefﬁcients calculated across waveforms for the local NHP ERP
responses (top) and human participant ERP responses (bottom) for PC1 (yellow), and PC2 (green). B. Average z-scored local voltage waveforms in NHP (top) and human participant
(bottom) with the largest PC1 scores (left column) and largest PC2 scores (right column). C. PC scores for principal component 1 (PC1, yellow), principal component 2 (PC2, green),
and principal component 3 (PC3, maroon) across individuals and brain regions (global responses) mapped to changing currents (top plots) and changing frequencies (bottom) for
dACC, rACC, and amygdala stimulation. D. Mean PC scores for current x frequency values for the different regions of stimulation (global responses). For C and D, yellow (PC1), green
(PC2), and magenta (PC3) triangles indicate average scores signiﬁcantly different from zero, p < 1.2626e-06, corrected for multiple comparisons. For C-D, * - indicates signiﬁcant
differences across x axis values (Kruskal-Wallis test) and error bars show standard deviation. (For interpretation of the references to color in this ﬁgure legend, the reader is referred
to the Web version of this article.)
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Fig. 5. Principal components map differentially across the current and frequency stimulation space. A. Mean PC1 (left), PC2 (middle), and PC3 (right) scores for local recording sites
across frequencies and currents with dACC, rACC, and NAcc stimulation in NHPs. B. Mean PC1 (left), PC2 (middle), and PC3 (right) scores for local recording sites across frequencies
and currents with dACC, rACC, and amygdala stimulation in human participants. Green outline boxes are described in Fig. 2. White *: signiﬁcantly different from measures at
current ¼ 2 mA and frequency ¼ 10 Hz, p < 0.01, Wilcoxon rank sum test. Black *: signiﬁcantly different across frequency steps, p < 0.01, Kruskal-Wallis test. (For interpretation of
the references to color in this ﬁgure legend, the reader is referred to the Web version of this article.)

current to high frequency and current while, once again, PC3
waveforms were more variable.

ERP waveform metric and PC score current x frequency maps are
highly correlated across individuals
To determine if local responses were consistent, or correlated,
between humans and NHPs and across individuals (Fig. 6A), we
correlated the z-scored waveforms between each NHP and human
participant and averaged the correlation values across comparisons
per current and frequency step (Fig. 6B). We found large correlation
values (>0.75) between the human and NHP data at high and
middle frequencies (Fig. 6B). We then performed the same analysis
using only the human data set and again found large correlation
values across much of the matrix at middle and high current and
frequency values (>0.75), though the correlation values were not
signiﬁcantly different from zero following multiple comparison
corrections (Wilcoxon signed-rank test; Fig. 6C). Most importantly,
when we examined the correlations between human participant
ERP waveforms, we found that the majority of the ERP waveforms
were signiﬁcantly correlated (at p < 0.0013; Proportion of comparisons with signiﬁcant correlations: dACC: 0.87 ± 0.169; rACC:

0.90 ± 0.115; amygdala: 0.67 ± 0.191), demonstrating an overall
similarity across individuals and species in the neural activity
induced by a given frequency and current in a given location.
To determine if these high correlations between individuals
were reﬂected in the waveform metrics and PC score maps, we
performed two-dimensional cross correlational analyses for rACC
and dACC stimulation in the human data set (Fig. 7-B; see Materials
and Methods). For both ERP waveform metrics and PC1 score current x frequency maps, two-dimensional cross correlations for rACC
stimulation were higher than with dACC stimulation (Fig. 7AeB),
indicating that rACC stimulation produced more consistent responses across participants.

Network-level activation depends on frequency, current, and region
stimulated with distant activation varying nonlinearly with
stimulation frequency
We hypothesized that the nonlinear relationships between
frequency and neural response would be reﬂected in distant,
network-level effects of stimulation (Fig. 8AeB). For amplitudes
above 4 mA, dACC stimulation induced more widespread voltage
changes in absolute AUC (z-scored voltages in the second after
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Fig. 6. ERP correlation between individuals and species depends on brain region and frequency. A. Z-scored mean local ERP voltage across multiple participants (rainbow color
scale) in the dACC (top) and rACC (bottom). B. Average correlation values between human and non-human primate ERP z-scored waveforms. White *: signiﬁcantly different from
zero, p < 0.0013, Wilcoxon rank sum test. C. Average correlation values between only the human z-scored ERP waveforms. (For interpretation of the references to color in this ﬁgure
legend, the reader is referred to the Web version of this article.)

stimulation) than other stimulation sites, in both species and irrespective of frequency (Fig. 8AeC). Yet, when subdivided by brain
region, changes in voltage were similar across stimulation sites,
particularly at higher frequencies (Fig. 8CeD; Supplementary
Fig. 9).
In another measure of network activation, after mapping the
spread of PC waveforms to a standard brain, we found larger PC1
and PC2 scores locally around each region stimulated
(Supplementary Fig. 8). Calculating Euclidean distances between
stimulation sites and recording sites with absolute PC scores 2
standard deviations above the mean, we found that dACC stimulation induced high PC score spread which varied nonlinearly with
frequency. In contrast, rACC stimulation had a signiﬁcant negative
correlation between frequency and spread (PC1: rho ¼ 0.2753;
p ¼ 3.73e-06; PC2: rho ¼ 0.1786; p ¼ 0.0042; Supplementary
Fig. 8). Thus, with aid of the PCA projection we observe that the
relationship between input frequency and the degree to which
distal areas are recruited is dependent on stimulation location.

PCA can be used to predict responses across participants
Unlike ERP metrics, PCA can be used to reconstruct entire ERP
waveforms by linearly combining PC scores and coefﬁcients. We
thus tested whether ERPs could be predicted by modeling the PC
scores' dependence on stimulation parameters. We used a model ﬁt
to the entire dataset to determine the functional relationship between the ﬁrst 3 PCs and the stimulation frequency and current.
The best-ﬁtting models assumed linear relationships between PC1
scores and frequency and current. PC2 scores had a quadratic
relationship with stimulation parameters in both the dACC and
rACC. In the amygdala, all 3 PC scores were linearly related to both
stimulation frequency and current (Table A 5). Next, to test prediction across individuals, we predicted each participant's z-scored
ERPs with a linear model trained on the remaining data (N ¼ 10 for
dACC; N ¼ 8 for rACC; Fig. 9AeB; Supplementary Fig. 10). Predicted
voltages for dACC and rACC stimulation were highly correlated with
the test responses at and above 4 mA (Fig. 9C; Supplementary
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Fig. 7. ERP consistency depends on brain region and frequency. A. Method to estimate variability through 2D cross-correlation. B. Mean correlation values r between current x
frequency maps across individual for dACC stimulation for six ERP metrics and for PC1-PC3 scores with the local responses. C. Mean correlation values r between current x frequency
maps across individual for the rACC for six ERP metrics and for PC1-PC3 scores with the local responses. BeC. The colormap in C indicates stimulation sites and maps to the different
color lines and the different scatterplot dots. p-values indicate signiﬁcant differences; Kruskal-Wallis test. a-d letters indicate signiﬁcantly separable groups, identiﬁed with a post
hoc Tukey-Kramer test. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the Web version of this article.)

Fig. 10). We did not have enough samples to test the same linear ﬁt
for the amygdala or for the NHP data.

PCA can be used to predict responses to interleaved frequencies
We next examined whether we could leave out half of the
stimulation frequencies (10, 40, 100, 160 Hz), build the linear
model, and predict the interleaved ‘missing’ responses. The purpose of this approach was not to perform a cross-validation
approach but, instead, was to demonstrate that we could sample
neural responses to a subset of frequencies while accurately predicting responses to others. In other words, this approach would
allow us to perform tests that are less granular than presented here
in other brain regions. We found we could predict higher frequency
responses, particularly at high current values (Fig. 10AeB;
Supplementary Fig. 11), but prediction accuracy was decreased at
lower frequencies and currents (Fig. 10C). Overall, these results
conﬁrm that input-output relationships are consistent across individuals and frequencies in PC space as such consistency is
necessary for model-based predictions.

Discussion
While direct electrical neural stimulation is a key therapeutic
tool for many diseases, we have limited knowledge about the
neural response to different stimulation parameters [8,10]. Thus,
we explored ERPs across a range of frequencies and currents for
short trains of stimulation. We applied these stimuli in multiple
brain regions and in both human and non-human primates. Cortical
responses depended linearly on the input current, but non-linearly
on frequency. As could be expected, there was a clear threshold
effect with current in that only certain current levels induced responses. Interestingly, however, the two-way ANOVA results could
indicate that the effects of frequency and current on the ERP are
independent and therefore likely working through different
mechanisms. For instance, frequency changes strongly affected ERP
peak timing, particularly in the cingulate. The neural response was
not simply correlated with injected energy (the CxF measure);
speciﬁc frequencies induced maximal amplitude response while
also reducing the time to peak. These frequency response differences between brain regions could be key in developing targeted
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Fig. 8. Network engagement map. A. Responses across brain channels (global responses) in one individual, HP19. Blue traces show responses that reach activation threshold (5 STD
above or below the mean for >100 ms), while grey traces did not pass threshold. The red trace is an electrode near to the site of stimulation. B. Locations in the brain with suprathreshold ERP responses for HP19. C. Mean absolute area under the curve (AUC) for the z-scored ERPs across the brain averaged across NHPs (top) and human participants (bottom)
with different stimulation targets. D. Mean absolute AUC for the z-scored ERPs, averaged across all human recordings, broken down by brain regions, at current ¼ 6 mA. C, D. White
*-p<0.001, signiﬁcantly different from current ¼ 2 mA, 10 Hz, Wilcoxon rank sum test. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the
Web version of this article.)
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Fig. 9. Local ERP waveforms can be predicted using linear models for individual participants by mapping the PC relationship between frequency and current. A. Method to
determine the relationship between PC scores for PC1-PC2 (red) to currents and frequencies to then predict z-scored voltages using all participants (black) versus a subset of
participants (blue). B. Actual and predicted mean z-scored local ERP values, with voltages determined by the original PC1-PC2 scores (red line), the predicted PC scores based on the
linear models (in C) determined from all but one participant (blue line), and the z-scored voltages for HP19 (green lines). C. Pearson's correlation coefﬁcient between actual z-scored
voltages for each instance of individual participants left out of the linear model ﬁtting and those predicted by the PC scores multiplied by the relevant PC coefﬁcients to recreate the
voltages from the linear model determined by the subset of participants (blue lines in B). *- p < 0.05 correlation values signiﬁcantly different from zero, Wilcoxon signed rank test.
(For interpretation of the references to color in this ﬁgure legend, the reader is referred to the Web version of this article.)

region-speciﬁc therapies [4,5,56,57]. Finally, we found that
decomposing the ERP waveforms using PCA enabled us to better
describe and predict the ERPs in the current-frequency map.
Of course, a major question is how this type of stimulation could
be changing activity at the level of single cells or local circuits.
Indeed, there is evidence that the local GABAergic and excitatory
neural populations respond to stimulation differentially depending
on frequency, more speciﬁcally in the subthalamic nucleus [27,28].
As might be expected, researchers have found some degree of
neural plasticity in this region depends on the frequency of the
stimulation [27,28]. Future work might include single cell recordings in the cingulate cortex, amygdala, and nucleus accumbens
to better understand the population-level effects we are reporting
and to enable more biophysically-relevant models of the neural
response proﬁles. Alternatively, this biophysical modeling might be
conducted at the mean-ﬁeld level, and might be a useful complementary approach to building an atlas of brain stimulation. We
recently showed that a relatively simple mean-ﬁeld model can
generate responses very similar to brain stimulation ERPs, and that
model predictions track stimulation responses across multiple days
[58].
Although we were able to collect a substantial dataset
comprising responses to stimulation in cortical and subcortical

regions of the human and NHP brain, we did not sweep through a
wider parameter range such as stimulation train duration, pulse
width and electrode conﬁguration. After-effects of high frequency
stimulation can last seconds to minutes, e.g. the brief delay between offset of anti-tremor DBS and the return of full-intensity
motor symptoms. We attempted to mitigate these effects by
randomly interlacing the low and high frequency stimulation trials.
Relevant to this, we also did not test the long-term stimulation
effects such as how ERPs could change after a few hours or a day
from one stimulation session. This could also affect how the brain
responds to stimulation. Although we used an epilepsy cohort as
our human subject population, we stimulated in regions that were
not identiﬁed as epileptogenic. However, this does not preclude the
possibility of the responses being different in other subject populations. The NHP subjects, on the other hand, were free from any
detectable neurologic condition. We found signiﬁcant correlations
between the neural responses in the NHPs and the human participants. Since we observed similar responses across these species
particularly in the dACC, we believe that the response proﬁles we
report are likely to be present in healthy brain tissue.
The stimulation site was a key determinant of ERP currentfrequency maps, whether using voltage metrics or PCA. For
instance, ERPs were different even between two cingulate regions,
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Fig. 10. Local ERP waveforms can be predicted using linear models for speciﬁc frequencies by mapping the PC relationship between frequency and current. A. Method to determine
the relationship between PC scores for PC1-PC2 (red) to currents and frequencies to then predict z-scored voltages using all frequencies (black) or a subset of frequencies (blue). B.
Voltages predicted PC scores for PC1-PC3 (red) to currents and frequencies to then predict z-scored voltages using a subset of frequencies (blue) versus all frequencies (black). Actual
and predicted mean z-scored ERP values, with voltages determined by the original PC1-PC3 scores (red line), the predicted PC scores based on the linear models (in C) determined
from the entire range of frequencies (black line; 10, 20, 40, 80, 100, 130, 160, 200 Hz) and from a subset of frequencies (blue line; 10, 40, 100, 160 Hz), and the z-scored voltages
(green line). C. Linear models of the PC scores, indicated by the yellow (PC1), green (PC2), and maroon (PC3) equations, were used to predict the responses to a subset of frequencies
(20, 80, 130, 200 Hz) at different current amplitudes. * - indicate signiﬁcant Pearson correlation coefﬁcients, p < 0.0083. (For interpretation of the references to color in this ﬁgure
legend, the reader is referred to the Web version of this article.)

the rACC and dACC, despite high correlation values between individual responses. Additionally, the input-output relationship with
frequency differed between locations. For example, the cingulate
targets demonstrated nonlinear frequency-output relationships,
while the amygdalar stimulation responses scaled linearly with
both frequency and current. Stimulation location also altered the
spread of ERPs to other brain regions, with more spread from dACC
stimulation versus other brain region targets globally.
These results are consonant with therapeutic observations that
efﬁcacy depends on the precise contact stimulated [59], which
suggests there are small regional differences in the neurophysiological effects of stimulation. Nonetheless, in this study in which
positioning was not intended to be exactly homologous across
patients, we still observed signiﬁcant correlation in the relationship
between position of the stimulating electrode and input-output
functions across species and individuals. In fact, it is possible that
the variability we did observe was, in part, due to those small differences in positioning, and therefore subregion activation. Overall
this suggests that large scale input-out relationships are regional
but that millimeter scale anatomical precision may subtly alter
exact response characteristics.
To better describe and predict the ERP waveform based on these
input-output relationships, we used PCA decomposition. We

demonstrated a brain region-speciﬁc algorithm to predict ERPs
using the ﬁrst 2e3 PCs and scores. Using PCA, we established the
relationship between the PC scores and stimulation frequency; PC1
varied with the amount of injected energy (CxF) across brain regions, PC2 varied with current and frequency in more complex
relationships in the cingulate (with interaction and quadratic
terms) but varied linearly in the amygdala, while PC3 varied linearly with current and frequency with amygdala stimulation (and
actually played a minor role for stimulation elsewhere). These results revealed relationships between current, frequency, and
stimulated brain region that were speciﬁc to the brain region being
examined that were not possible through other ERP measures such
as peak amplitude.
The use of PCA allowed us to predict voltage responses across
individuals and frequencies. This suggests the concept of an atlas of
stimulation responses, which could be used as a basis for designing
experiments and therapeutic interventions. Moving forward, we
suggest that this strategy be used to expand the cartography of
“known stimulus space” in a principled fashion on a per-brain region level. If our PCA and model approach holds true in other brain
regions, expansive and detailed coverage of the entire stimulation
space would no longer be necessary. Instead, a relatively limited set
of discrete current x frequency points could be obtained for a
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speciﬁc brain area and a PC based model should predict the
remainder of responses. Interestingly, we could not use a linear
interpolation of the responses between frequencies to predict responses for the ‘missing’ frequencies since 1) the responses,
particularly in the cingulate, demonstrated a non-linear relationship to frequency and 2) in our model ﬁt, we ﬁnd that PC2, in
particular, required quadratic and interaction terms to best describe
the data and then predict the response in the cingulate targets,
further indicating that the response is not simply directly proportional to the frequency of stimulation. This could mean that a
similar approach taking into account some of the nonlinear dynamics with the use of PC might hold for other stimulation parameters such as phase, pulse width, and train duration, though
this result remains to be tested. To accelerate the development of
such an atlas, the data from this study is available in a public repository (https://transformdbs.partners.org/) where other researchers in the community can add stimulation data from other
brain regions to extend the mapping. This atlas could help design
rational therapies based on both the local and network responses to
brain stimulation [9].
Conclusions
We characterized multiple brain regions' stimulation response
proﬁles and found a nonlinear, distance- and region-dependent
relationship to stimulation frequency that was consistent across
species and individuals. This consistency permitted mapping of
response waveforms based on principal components, a foundational step in creating predictive maps to guide brain stimulation.
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a I, Ciurea J, M
alîia MD, Barborica A. A comparative study of
the effects of pulse parameters for intracranial direct electrical stimulation in
epilepsy. Clin Neurophysiol 2016;127:91e101. https://doi.org/10.1016/
j.clinph.2015.02.013.
[27] Milosevic L, Kalia SK, Hodaie M, Lozano AM, Fasano A, Popovic MR, et al.
Neuronal inhibition and synaptic plasticity of basal ganglia neurons in Parkinson's disease. Brain 2018;141:177e90. https://doi.org/10.1093/brain/
awx296.
[28] Milosevic L, Kalia SK, Hodaie M, Lozano AM, Popovic MR, Hutchison WD.
Physiological mechanisms of thalamic ventral intermediate nucleus stimulation for tremor suppression. Brain 2018;141:2142e55. https://doi.org/
10.1093/brain/awy139.
[29] Bewernick BH, Hurlemann R, Matusch A, Kayser S, Grubert C, Hadrysiewicz B,
et al. Nucleus accumbens deep brain stimulation decreases ratings of
depression and anxiety in treatment-resistant depression. Biol Psychiatry
2010;67:110e6. https://doi.org/10.1016/j.biopsych.2009.09.013.
[30] Berlim MT, Mcgirr A, Eynde FVD, Fleck MPA, Giacobbe P. Effectiveness and
acceptability of deep brain stimulation ( DBS ) of the subgenual cingulate
cortex for treatment-resistant depression : a systematic review and exploratory meta-analysis. J Affect Disord 2014;159:31e8. https://doi.org/10.1016/
j.jad.2014.02.016.
[31] Boccard SGJ, Pereira EAC, Moir L, Hartevelt TJV, Kringelbach ML, Fitzgerald JJ,
et al. Deep brain stimulation of the anterior cingulate cortex: targeting the
affective component of chronic pain. Neuroreport 2014;25:83e8. https://
doi.org/10.1097/WNR.0000000000000039.
[32] Sturm V, Lenartz D, Koulousakis A, Treuer H, Herholz K, Klein JC, et al. The
nucleus accumbens: a target for deep brain stimulation in obsessivecompulsive- and anxiety-disorders. J Chem Neuroanat 2003;26:293e9.
https://doi.org/10.1016/j.jchemneu.2003.09.003.
[33] Langevin JP, Chen JWY, Koek RJ, Sultzer DL, Mandelkern MA, Schwartz HN,
et al. Deep brain stimulation of the basolateral amygdala: targeting technique
and electrodiagnostic ﬁndings. Brain Sci 2016;6:28. https://doi.org/10.3390/
brainsci6030028.
[34] Camprodon JA, Rauch SL, Greenberg BD, Dougherty DD, editors. Psychiatric
neurotherapeutics: contemporary surgical and device-based treatments. ﬁrst
ed. New York, NY: Humana Press; 2015.
[35] Dougherty DD, Baer L, Cosgrove GR, Cassem EH, Price BH, Nierenberg AA, et al.
Prospective long-term follow-up of 44 patients who received cingulotomy for
treatment-refractory obsessive-compulsive disorder. Am J Psychiatry
2002;159:269e75. https://doi.org/10.1001/jama.2017.2200.
[36] Luck SJ. An introduction to event-related potentials and their neural origins.
Cambridge: MIT Press; 2014. https://doi.org/10.1007/s10409-008-0217-3.
[37] Sur S, Sinha VK. Event-related potential: an overview. Ind Psychiatry J
2009;18:70e3. https://doi.org/10.4103/0972-6748.57865.
[38] Woodman GF. A brief introduction to the use of event-related potentials
(ERPs) in studies of perception and attention. Atten Percept Psychophys
2010;72:1e29. https://doi.org/10.3758/APP.72.8.2031.A.
[39] Kent AR, Swan BD, Brocker DT, Turner DA, Gross RE, Grill WM. Measurement
of evoked potentials during thalamic deep brain stimulation. Brain Stimulat
2015;8:42e56. https://doi.org/10.1016/j.brs.2014.09.017.
[40] Baker KB, Montgomery EB, Rezai AR, Burgess R, Lüders HO. Subthalamic nucleus deep brain stimulus evoked potentials: physiological and therapeutic
implications. Mov Disord 2002;17:969e83. https://doi.org/10.1002/mds.
10206.
[41] Devergnas A, Wichmann T. Cortical potentials evoked by deep brain stimulation in the subthalamic area. Front Syst Neurosci 2011;5:1e8. https://
doi.org/10.3389/fnsys.2011.00030.

[42] Waters AC, Veerakumar A, Choi KS, Howell B, Tiruvadi V, Bijanki KR, et al.
Testeretest reliability of a stimulation-locked evoked response to deep brain
stimulation in subcallosal cingulate for treatment resistant depression. Hum
Brain Mapp 2018;39:4844e56. Available from: https://doi.org/10.1002/hbm.
24327.
[43] Reuter M, Rosas HD, Fischl B. Highly accurate inverse consistent registration: a
robust approach. Neuroimage 2010;53:1181e96. https://doi.org/10.1016/
j.neuroimage.2010.07.020.
[44] Reuter M, Schmansky NJ, Rosas HD, Fischl B. Within-subject template estimation for unbiased longitudinal image analysis. Neuroimage 2012;61:
1402e18. https://doi.org/10.1016/j.neuroimage.2012.02.084.
[45] Dykstra AR, Chan AM, Quinn BT, Zepeda R, Keller CJ, Cormier J, et al. Individualized localization and cortical surface-based registration of intracranial
electrodes.
Neuroimage
2012;59:3563e70.
https://doi.org/10.1016/
j.neuroimage.2011.11.046.
[46] Peled N, Gholipour T, Paulk AC, Felsenstein O, Dougherty DD, Widge AS, et al.
Invasive electrodes identiﬁcation and labeling. GitHub Repos 2017. https://
doi.org/10.5281/zenodo.1078789. https://github.com/pelednoam/ieil.
gonne F, Fischl B, Quinn BT, Dickerson BC, Blacker D, et al. An
[47] Desikan RS, Se
automated labeling system for subdividing the human cerebral cortex on MRI
scans into gyral based regions of interest. Neuroimage 2006;31:968e80.
https://doi.org/10.1016/j.neuroimage.2006.01.021.
[48] Holmes CJ, Hoge R, Collins L, Woods R, Toga AW, Evans AC. Enhancement of
MR images using registration for signal averaging. J Comput Assist Tomogr
1998;22:324e33.
€ llei L, Fischl B. Combined volumetric and surface registration.
[49] Postelnicu G, Zo
October 2009;28:508e22. https://doi.org/10.1109/TMI.2008.2004426.
€tter R. The Scalable Brain Atlas: instant web-based
[50] Bakker R, Tiesinga P, Ko
access to brain atlases and related content. Neuroinformatics 2015;13:
353e66. https://doi.org/10.1007/s12021-014-9258-x.
[51] Calabrese E, Badea A, Coe CL, Lubach GR, Shi Y, Styner MA, et al. A diffusion
tensor MRI atlas of the postmortem rhesus macaque brain. Neuroimage
2015;117:408e16. https://doi.org/10.1016/j.neuroimage.2015.05.072.A.
[52] Paxinos G, Huang XF, Toga AW. The rhesus monkey brain in stereotaxic coordinates. Academic Press; 2000.
[53] Dubach MF, Bowden DM. BrainInfo online 3D macaque brain atlas: a database
in the shape of a brain. Soc Neurosci Annu Meet Chic IL 2009. Abstract No.
199.5.
[54] Rohlﬁng T, Kroenke CD, Sullivan EV, Dubach MF, Bowden DM, Grant KA, et al.
The INIA19 template and NeuroMaps atlas for primate brain image parcellation and spatial normalization. Front Neuroinf 2012;6:1e15. https://doi.org/
10.3389/fninf.2012.00027.
[55] Bromm B, Scharein E. Principal component analysis of pain-related cerebral
potentials to mechanical and electrical stimulation in man. Electroencephalogr Clin Neurophysiol 1982;53:94e103. https://doi.org/10.1016/
0013-4694(82)90109-2.
[56] Bilge MT, Gosai A, Widge AS. Deep brain stimulation in psychiatry: mechanisms, models, and next-generation therapies. Psychiatr Clin North Am
2018;11:373e83.
[57] Widge AS, Ellard KK, Paulk AC, Basu I, Youse A, Zorowitz S, et al. Treating
refractory mental illness with closed-loop brain stimulation: progress towards a patient-speciﬁc transdiagnostic approach. Exp Neurol 2017;287:
461e72. https://doi.org/10.1016/j.expneurol.2016.07.021.
[58] Basu I, Crocker B, Farnes K, Robertson MM, Paulk AC, Vallejo DI, et al. A neural
mass model to predict electrical stimulation evoked responses in human and
non-human primate brain. J Neural Eng 2018;15:066012.
[59] Fox MD, Buckner RL, Liu H, Chakravarty MM, Lozano AM, Pascual-Leone A.
Resting- state networks link invasive and noninvasive brain stimulation
across diverse psychiatric and neurological diseases. Proc Natl Acad Sci Unit
States Am 2014;111(41):E4367e75.

