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Abstract

Making hand movements in response to visual cues is common in daily life. It has been well known that
this process activates multiple areas in the brain, but how these neural activations progress across space and
time remains largely unknown. Taking advantage of intracranial electroencephalographic (iEEG) recordings
using depth and subdural electrodes from 36 human subjects using the same task, we applied single-trial and
cross-trial analyses to high-frequency iEEG activity. The results show that the neural activation was widely
distributed across the human brain both within and on the surface of the brain, and focused specifically
on certain areas in the parietal, frontal, and occipital lobes, where parietal lobes present significant left
lateralization on the activation. We also demonstrate temporal differences across these brain regions. Finally,
we evaluated the degree to which the timing of activity within these regions was related to sensory or motor
function. The findings of this study promote the understanding of task-related neural processing of the human
brain, and may provide important insights for translational applications.

Key words: intracranial electroencephalography, SEEG/ECoG, neural activation, spatio-temporal evolution, hand

movement

Introduction

Imagine stopping the car in response to a red light. Producing Schalk, 2016; Coon et al., 2016).

Hauschild et al., 2012; Franklin and Wolpert, 2011; Coon and

such motor actions in response to visual cues is one of the most
fundamental and essential functions in human daily life (Corbetta
and Shulman, 2002; Botvinick and Cohen, 2014; Ledberg et al.,
2007). Despite being a simple behavior, the spatio-temporal
neural dynamics underlying such visuomotor processing are rather
complex and have remained relatively unexplored (Pesaran et al.,
2018; Bressler and Menon, 2010; Reichenbach et al., 2014).
Therefore, uncovering the corresponding mechanisms of brain
dynamics over spatial and temporal scales during this process is
of critical importance for both human neuroscience and potential
translational applications (Miller et al., 2014; Kopell et al., 2014;

Addressing this question is greatly impeded by the lack
of a neuroimaging technique that can capture neural activity
with high spatial and temporal resolution across the brain.
Functional magnetic resonance imaging (fMRI) has excellent
spatial resolution and can identify functionally active networks
across the whole brain regions (Zalesky et al., 2014; Bassett et al.,
2011; Oosterhof et al., 2012; Floyer-Lea and Matthews, 2004).
However, fMRI is also inherently constrained by its low temporal
resolution since blood-oxygen-level dependent (BOLD) signals are
unable to capture fast-changing neural activities across different
brain sites. Other non-invasive electrophysiologic approaches such
as electroencephalography (EEG) and magnetoencephalography
(MEG) provide high temporal resolution covering the entire

(© The Author 2023. Published by Oxford University Press. All rights reserved. For permissions, please e-mail: journals.permissions@oup.com
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surface of the brain and have been used for investigation of
large-scale brain networks at the millisecond-level (Brovelli et al.,
2015; Sakkalis, 2011; Cohen, 2017; Jerbi et al., 2007; Thurer
et al., 2016; de Pasquale et al., 2010). However, these two
techniques are still insufficient for characterizing the progression of
neuronal activity in rich detail because of the limitations in spatial
resolution (typically centimeter scales) (Lebedev and Nicolelis,
2017; Cohen, 1968). Invasive technologies such as single-unit or
multi-unit recordings acquired using implanted microelectrode
arrays can capture spatially and temporally detailed images of
activity near the recording sites. Many studies have used single-
or multi-unit recordings to probe the neural dynamics under
different visuomotor tasks within a specific brain region (Rao and
Donoghue, 2014; Schall, 2015; Perel et al., 2015; Andersen and
Cui, 2009; Ledberg et al., 2007; Kuang et al., 2016). However,
this technique cannot readily simultaneously investigate the neural
dynamics across larger cortical areas or subcortical regions.
Intracranial electroencephalographic (iEEG) recordings using
ECoG) or depth
electrodes (stereo-electroencephalograhy, SEEG) in patients with

subdural electrodes (electrocorticography,
tumor or intractable epilepsy for pre-surgical monitoring sample
neural activity at millimeter-spatial and millisecond-temporal
resolution across relatively broad brain areas, and hence provide a
tool that can be useful for both scientific research and translational
applications (Parvizi and Kastner, 2018; Engel et al., 2005; Miller
et al., 2010; Schalk et al., 2017a; Bartolomei et al., 2018; Bonini
et al., 2014; Li et al., 2022). In addition, iEEG recordings have the
ability to capture broadband gamma activity (i.e., activity at >60
Hz), which has been demonstrated to be a reliable indicator of local
neuronal activity (Nir et al., 2007; Buzsaki et al., 2012; Manning
et al., 2009; Cardin et al., 2009; Ray et al., 2008; Lachaux et al.,
2012). With these characteristics, iEEG broadband signals can
chart the spatio-temporal evolution of the underlying task-related
neurons among the recording sites (Miller et al., 2014; Takahashi
et al., 2015; Coon and Schalk, 2016; Pei et al., 2011; Banerjee
et al., 2010). While iEEG recordings inevitably have the limitation
of sparse sampling, this limitation can be mitigated by recording
across different human subjects using the same task. Thus, group
analyses with iEEG recordings can provide information about
general features of the large-scale spatio-temporal dynamics of the
human brain during the common behaviors (Thiery et al., 2020;
Betzel et al., 2019; Arnal et al., 2019; Avanzini et al., 2016; Schalk
et al., 2017b; Conner et al., 2014; Posner et al., 2014; Keller et al.,
2014; Wander et al., 2013; Lachaux et al., 2003).

In this work, we acquired iEEG recordings from a relatively
large number of human subjects with the same visually-cued motor
task. Using these recordings, we answered critical questions about
the spatio-temporal neural dynamics of the human brain during
the task using methodologies that embrace the capabilities of the
broadband gamma response of iEEG signals, both at the level
of single trials as well as across trials. Specifically, in our paper,
we first uncover the brain regions involved during a visuomotor
process, quantify their degree of involvement in the task, and
then determine the large-scale temporal activation sequence of
different task-processing brain regions using a single-trial-based
method. Finally, we document the possible functions of these
brain regions, e.g., neuronal representations as being primarily
‘sensory’ or ‘motor’ within the entire processing chain through the
respective activation temporal profile across trials.

Materials and Methods

Subjects, Data Recordings, and Tasks

We acquired iIEEG data from 36 right-handed subjects (14 female,
22 male, age: 26.0+ 6.2 years). The subjects were patients with
intractable epilepsy who had depth (SEEG) or subdural (ECoG)
electrodes implanted for pre-surgical assessment of their seizure
focus. 34 patients had SEEG electrodes and 2 patients had ECoG
electrodes (see also Supplementary Table 1). All configurations
of implantation were determined by clinical needs rather than
the needs of research. SEEG and ECoG signals were acquired
during the monitoring period in the hospital using a clinical
recording system (EEG-1200C, Nihon Kohden, Irvine, CA) with
sampling rates of 500-2000 Hz. All subjects participated in a
visually-cued finger and arm movements task that was previously
described in Li et al. (2018). In brief, in each trial, subjects were
instructed by a visual stimulus presented on an LCD screen to
rest for 4 s without any movement, before a visual cue appeared
for 1 s to inform the subjects of an upcoming movement. After
that, a picture of a gesture appeared for 5 s, and subjects
were instructed to repetitively perform that gesture as soon as
possible until the disappearance of the picture. For each subject,
we collected 100 trials in total (~16.67 mins, Supplementary
Fig. 1). During the experiment, the subjects used the hand
(L=15, R=21) contralateral to the hemisphere with the majority of
the implanted electrodes. Electromyographic (EMG) signals were
recorded simultaneously (using the same amplifier and the same
sampling rate as the iEEG signals) from the extensor carpi radialis
muscle of the moving hand using two surface EMG electrodes. All
recorded electrophysiological data exhibiting pathological activity
were discarded from the present study. This study was approved
by the Ethics Committee of Huashan Hospital (Shanghai, China,
Approval ID: KY2019518) and was conducted in accordance with
the Declaration of Helsinki. All subjects gave informed consent for
this study.

Electrode Localization

The 36 subjects had a total of 4986 electrodes implanted; the
34 SEEG subjects had a total of 4536 depth electrode contacts
implanted (133440 contacts and 10+3 electrode shaft on average,
11/9 subjects were implanted on the left/right hemisphere,
respectively, and 14 subjects were implanted bilaterally, see
Supplementary Table 1) and 2 ECoG subjects had a total of 450
subdural electrodes implanted (242/208 in the left hemisphere).
Each SEEG electrode shaft was 0.8 mm in diameter and contained
8-16 contacts along the shaft; each contact was 2 mm long with
a 3.5 mm center-to-center spacing distance (Huake Hengsheng
Medical Corp., Beijing, CN). ECoG electrodes were 1.8 mm in
diameter with a 5 mm inter-electrode distance (Huake Hengsheng
Medical Corp., Beijing, CN). The location of all electrodes was
identified in each individual brain model using pre-implant MRI
and post-implant CT images (Li et al., 2019). In addition,
we identified the anatomical location for each electrode using
Freesurfer’s cortical parcellation and subcortical segmentation
under the Desikan-Killiany atlas (Desikan et al., 2006; Fischl et al.,
2002). Moreover, SEEG electrodes located at superficial white
matter (i.e., the white matter that is closest to the layer of divided
cortical regions, e.g., pre/post-central white matter, up to 36
regions) were identified as well using white matter segmentation
results from the Freesurfer (Salat et al., 2009; Guevara et al., 2017;
Oishi et al., 2008) and were used in this work, based on the findings
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2.4 Detection of Task-related Channels

that white matter also presented similar neural activation with
the gray matter under tasks (Ding et al., 2018; Li et al., 2021,
2022). The electrodes from the same anatomical regions (both
cortical and subcortical) were identified and grouped for further
analysis. Finally, we mapped the electrodes from each subject to a
standard brain model (Montreal Neurological Institute (MNI)) for
subsequent group analyses (Collins et al., 1994). All localization
procedures were incorporated into the IEEGview toolbox (Li
et al., 2019). The location and related anatomical information of
electrodes from all 36 subjects were illustrated in Supplementary
Fig. 2.

Data Pre-Processing

For all the obtained recordings in each subject, we first removed
the channels whose line noise power at 50 Hz was larger
than a subject-specific cut-off threshold from further analysis.
Specifically, the line noise power for each channel (LN) was
computed as the mean value of absolute line noise signals (filtered
signals using a 2"? order IIR peak filter at 50 Hz, iirpeak in
MATLAB) across the entire recording session and the cut-off
threshold (Teutofs) for each subject was defined as the median line
noise power across all channels within the subject plus 10 times
of their median absolute deviation (Tcytofs = median(LNgy) +
10 - mad(LNgy;)). This procedure eliminated 48 (0.96%) out
of the total of 4986 channels from further analyses (see also
Supplementary Table 1). In the second step, all signals were
subjected to a 50 Hz comb notch filter to remove line noise and
its harmonics (#rcomb in MATLAB with a quality (Q) factor
of 25). We then high-pass filtered the signals at 0.5 Hz using
a 6'" order Butterworth filter to remove slow signal drifts and
re-referenced the filtered signals using a Laplacian montage to
improve the signal quality (Li et al., 2018; Liu et al., 2021).
Finally, we extracted broadband gamma power (BGP) from the
processed signals (Voytek et al., 2015; Ries et al., 2017). In detail,
we band-pass filtered the re-referenced signals between 60-140 Hz
using a 6! order Butterworth filter. We then applied the Hilbert
transform (Hb) of the filtered signal s(t) to get the analytic signal
(Eq. 1).

s(t) +iHb[(s(t))] = a(t)ets® O

where the a(t) and ¢(t) were the instantaneous amplitude and
instantaneous phase of the analytic signals respectively.

The BGP was then computed as the square of the instantaneous
amplitude, and the resulting signals were resampled to 200 Hz to
improve computational efficiency. The results of this procedure
were subjected to all subsequent analyses (termed as G(t) in this
work, G(t) = |a(t)|?).

For the purpose of subsequent analyses, EMG activity was
processed separately to determine the onset of the subject’s
movement during the task. To do this, we first band-pass filtered
(55-145 Hz, 6'" order Butterworth filter) the two EMG channels
to extract the fast-changing neural activity and subtracted the
results from each other. Then, for each trial, a joint detection
algorithm was applied to identify the onset time of EMG activity.
Specifically, we detected the first time point where absolute EMG
activity exceeded 1.5 times the average absolute value of EMG
activity in the motion period (Li et al., 2018). Additionally, we also
detected the time point when the absolute value of EMG activity
first time exceeded an adaptive threshold using the envelope of the
processed EMG activity (Sedghamiz, 2018). The EMG onset time

in each trial was defined as the earlier time point between these
two detections. As a result, the median EMG onset time across all
trials and all subjects was 565 ms.

For each trial, three time segments of interest that carried
the most representative neural information (i.e., baseline period,
task period, and detection period) were defined and adopted in
further analysis. Specifically, the baseline period in each trial was
defined as the 1 s time interval at the end of the rest period
before the onset of the cue, the task period was defined as the
first 2 s of the 5-s motion period, and the detection period was
defined as the time interval from the appearance of movement
cue to 400 ms after EMG activity onset. The task period was
used here for more robust detection of the channels presenting
task-related modulations (described below). The detection period
was selected for the neural activation detection (described below)
since it could cover the first complete visuomotor process at the
same time minimize the interference from the following continuous
movements (e.g., the second movement).

Detection of Task-related Channels

For each subject, we identified the channels that changed their
broadband gamma activity significantly during the task compared
to baseline using the same method introduced in our previous
work (Li et al., 2018). In brief, we first computed the median
values of BGP (G(¢)) for the baseline and task periods in each
trial, respectively (100 trials for each period), and correlated
those 200 power values with the baseline/task labels (Spearman
correlation coefficient), thus producing a correlation value (r)
representing the observed relationship of power changes with the
movement states. We then performed a randomized permutation
test with 2500 repeats to generate a Gaussian distribution of
2500 surrogate r values, where the task/baseline labels within
each channel were randomly shuffled in each repeat and the
corresponding r value was computed (Schalk et al., 2007). The
computed channel was considered statistically significant when the
p value (Bonferroni corrected) of the observed r was within the 1st
percentile of the Gaussian distribution (Supplementary Fig. 3).
This process identified 1149 (23.0%) task-related channels from
all 4986 electrodes. Additionally, using the p value derived in the
permutation test, we also computed the correlation value between
each channel and the task (—log10(p), Schalk et al. (2007)). These
task-related channels were distributed across 31 different regions of
interest (ROIs, Fig. 1d). Finally, we obtained two ratios of task-
related neural activation for each of these ROIs by dividing the
number of task-related channels with either the total number of
channels in the same anatomical region or the total number of all
task-related channels from all subjects.

Detection of Neural Activation Time

The neural processing underpinning a visuomotor task is generally
very fast and may last for hundreds of milliseconds (Brovelli
et al., 2015; Rao and Donoghue, 2014). Therefore, uncovering the
spatio-temporal neural dynamics underlying such behavior tasks
asks for a high temporal resolution detection algorithm that can
accurately capture the neural population activity in a short time
duration. Detection using neural activity in each single trial has
been proven to have higher temporal precision than using trial-
averaged signals (Coon and Schalk, 2016; Perel et al., 2015; Coon
et al., 2016) and its importance in probing brain activities has
been addressed previously (Rey et al., 2015).
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In this work, we captured the neural activation time for
each task-related channel using a single-trial detection algorithm
that was described in Paraskevopoulou et al. (2021). In brief,
the algorithm finds in each single trial the first peak exceeding
a channel- and trial-specific amplitude threshold within the
detection period. Specifically, the detection consisted of several
steps. In the 1°? step, we z-scored the BGP activities in each trial
for each identified task-related channel (described above). In the
274 step, we applied the normalized BGP of each trial with a non-
linear energy operator (NEO, 1) to boost the signal-to-noise ratio
(SNR) and facilitate the detection (Eq. 2, Koutsos et al. (2013);
Maragos et al. (1993)). In the 3"¢ step, using the transformed
BGP (¢[G(t)]) of each channel in the baseline and detection
period (Methods: Data Pre-processing), we then determined a
channel-specific threshold using an optimization procedure (Eq. 3).
More specifically, this procedure updated the threshold value from
2 to 8 with 0.1 increments, and then selected the amplitude
threshold maximizing the difference between the number of peaks
exceeding the assigned threshold in the detection period and
the baseline period. However, considering that the amplitude of
Y[G(t)] during the task in some active trials may not exceed
such a channel-specific threshold, we additionally determined for
these trials with undefined detections a trial-specific threshold by
implementing another optimization procedure in the 4%" step.
The procedure varied the threshold value between 2 and the
identified channel-specific threshold with 0.1 increments, and then
selected the threshold that maximized the difference (indicated
by the smallest p value, Wilcoxon rank sum test) between
the amplitude distribution of time points comparing with the
threshold (represented by logical vectors, e.g., 1 if the amplitude
larger than the threshold, else 0) in the detection period and the
baseline period. In case the maximal amplitude of ¥[G(t)] during
the task in this trial exceeded the channel-specific threshold, the
trial-specific threshold was the same as the identified channel-level
threshold (37¢ step). Specially, if the number of 1[G (¢)] exceeding
the threshold from the baseline period was more than that from
the detection period in a trial, no neural activation detection was
defined in that location for that trial. With this channel- and
trial-specific amplitude threshold, this procedure produced at most
one neural activation detection in each trial and for each channel
(Supplementary Fig. 3).

viom) = (“50) - aa - (TA0) @)

argmax f(¢2) = dt(yz) — db(¢z) (3)

2=2,2.1...,8

where 1) is the threshold, dt(v~) and db(z).) are the numbers
of detection in the detection and baseline period, respectively.

For each task-related channel, the time of detected neural
activation was then normalized within each trial (e.g., divided
by the EMG onset in the same trial) to facilitate further group
After that,
activation time of each channel with a Gaussian model (Fig. 2c, f,

analyses across subjects. we fit the normalized
i, and 1, Eq. 4), producing for each channel a mean activation
time value (u) and a standard deviation of neural activation
(o) separately (Fig. 2, see also Supplementary Fig. 3 for the
illustration of data processing in this section).

(z—w)?

@) =axe 5 (4)

where p and o are the mean value and the standard deviation
of the random variable X, a indicates the amplitude of the fitting
model (f(z)).

With these fitting results, we further excluded the noisy task-
related channels from the following analysis. Specifically, we
removed from the successful fittings whose o value was larger
than a specific threshold, where the threshold was set as 0.80
after manual inspection across all channels. The operation was
based on the assumption that when the task was consistent, the
neural activation of task-related channels should be also relatively
stable (as measured by o, Eq. 4). This process identified 564
channels with valid detection across all task-related channels;
we labeled these channels as informative channels in this work.
Finally, the informative channels from the same anatomical region
(see Methods: Electrode Localization) were grouped separately.
This step identified 27 regions from 31 different task-related
ROIs. Using these informative channels, we computed the average
activation time for each ROI group. The average activation time
for each ROI was calculated as the real estimated time lag after
stimulus onset for illustration purposes. To do that, we multiplied
the average normalized activation time of each ROI by the average
EMG onset (565 ms). During the calculation, only the ROIs whose
number of samples exceeded the median sample numbers (e.g.,
n=10) of all ROIs were used in order to make the analysis more
robust. This process identified 16 of all 27 ROIs. We termed these
refined ROIs as informative ROIs (n=16) and used them for the
subsequent analysis.

Moreover, we also implemented another brain segmentation
method which divided the brain into 7 main areas (Del Percio
et al., 2019), including the occipital, parietal, frontal, temporal
and central area, insula cortex, and limbic system (Supplementary
Table 2). This operation produced a more macro assessment of the
spatio-temporal evolution of the neural activities within the human
brain under the task. Using the same criteria (e.g., the number of
samples for each area should be larger than 10), we identified 6
of such 7 areas and computed the corresponding mean activation
time for each area.

Activation Pattern Evaluation

The single-trial detection method makes it possible to evaluate
the activation pattern (that is, neural activation temporal profile
across trials) for each informative channel. In this section, we
first investigated whether there is a certain relationship between
the activation time of informative channels and their activation
pattern. Then, we evaluated for each informative channel whether
the timing of neural activation suggested that this channel
was more related to sensory processing or motor response.
Different analyses were performed respectively to answer these two
questions.

For the first question, we determined the correlation of each
informative channel with the response or stimulus by separately
correlating (using Pearson’s correlation) the raw detected neural
activation of each informative channel across all trials with either
the EMG onsets or stimulus onsets across all trials (the ‘response’
here indicates the appearance of motor behaviors and is measured
with EMG onsets). This process generated two correlation values
(i.e., with response or stimulus) for each informative channel.
Together with the average normalized activation time of each
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informative channel, we separately analyzed the relationship
between each two of these three measurements (i.e., one activation
time and two correlation values) for all informative channels with
a linear regression model.

For the second question, we conducted two additional
computations:

1) We checked how the EMG onsets from single trials
were correlated with the detected neural activation of different
informative channels. The basic notion is that the neural
activation of the channels that are related to the motor response
should correlate with the EMG onsets. To investigate this, we
implemented a random permutation procedure using the detected
neural activation for each channel. In brief, we first computed
Pearson’s correlation r for the detected neural activation of each
channel and the EMG onsets from all trials. We then randomly
shuffled the sequence of detected neural activation and computed
the correlation with the EMG onsets for each repetition. This
procedure was repeated 2500 times, thus, generating a distribution
of surrogate r value and the subsequent p value for the observed
r (Supplementary Fig. 3). The channel whose p value was smaller
than the significance level (p < 0.05 after Bonferroni correction of
channel numbers) was identified as response-locked channels (see
Fig. 2h and 2k as examples);

2) For the same channel, we then conducted another analysis to
determine whether this channel was related to sensory processing
Our

assumption was that detected neural activation of the channels

(termed as the stimulus-locked channel in this work).

relating to the sensory processing should be time-locked to
the stimulus onsets and have small variability on the time of
neural activation across trials irrespective of the EMG onsets. To
identify stimulus-locked channels, for each informative channel, we
computed the standard deviation (v) of detected neural activation
from a certain number of trials (e.g., 60), which were randomly
selected from all trials. This setting was implemented to attenuate
the influence of some noisy trials. Then, this process was repeated
for 10° times and the average standard deviation () was obtained
for each channel (Supplementary Fig. 3). After this, we then
determined a threshold value to filter out the channels with
large variations of detected neural activation. To do this, we
concatenated all the detected neural activation from all valid
channels together and conducted the same random selection
process as the single channel to obtain an overall distribution for
v. The threshold was then identified as the left boundary of 95%
confidence interval from the distribution. The channel whose v was
smaller than the threshold was identified as the stimulus-locked
channel in this work (see Fig. 2b and 2e as examples).

The identified stimulus-locked and response-locked channels
were then grouped based on their anatomical locations (16 ROIs,
described above). For each ROI, the ratio of stimulus-locked and
response-locked channels was calculated respectively by dividing
either the number of identified stimulus-locked or the number of
identified response-locked channels by the number of informative
channels within that group.

Results

The Distribution of Neural Activation During The Task
The recording electrodes from all subjects are distributed widely

within the entire brain (Supplementary Fig. 2). Among these
electrodes, we found that 1149 (23.0%) channels showed significant

BGP changes during the task, and these channels are distributed
across multiple regions (n=31, Fig. 1d, Supplementary Table
2), covering cortical regions (central, frontal, parietal, occipital,
temporal area) and also deeper brain structures (e.g., insula cortex
(13.6% insula electrodes get activated) and limbic systems (such
as 36% electrodes in parahippocampus gyrus and 6.1% electrodes
in hippocampus)). Among these regions, several ones including
the precentral cortex (PRC, n=213, 18.5%), supramarginal gyrus
(SMG, n=115, 10.0%), postcentral cortex (i.e., gyrus and sulcus)
(POC, n=112, 9.7%), superior parietal cortex (SPC, n=105,
9.1%), superior frontal gyrus (SFG, n=83, 7.2%) and insula cortex
(ISC, n=51, 4.4%), lateral occipital cortex (LOC, n=46, 4.0%)
occupied over 60% of all task-related channels (Fig. 1d).

Overall, within each main brain region (Fig. 1d), several
regions, including the central area (e.g., 57.9% of electrodes in
PRC and 52.6% of electrodes in POC and 51.8% of electrodes
in paracentral cortex (PAC) were activated), parietal area (e.g.,
57.7% of electrodes in SPC and 44.1% of electrodes in SMG were
activated), occipital area (e.g., 62.2% of electrodes in LOC, 57.6%
(n=19) of electrodes in pericalcarine cortex (PCC) and 29.0%
(n=18) of electrodes in lingual gyrus (LGG) were activated), and
frontal area (e.g., 33.9% of electrodes in SFG were activated),
correlated substantially with the task. Moreover, this phenomenon
was further confirmed by the average correlation value of each
region with the task (Fig. 1f), where the average correlation
value, listed in order from high to low, resulted for the central
area (n=354, 15.784+0.48 (meants.e.)), occipital area (n=87,
13.724+0.86), parietal area (n=279, 12.05+0.40), frontal area
(n=187, 11.30£0.53), insula cortex (n=55, 9.2940.71), temporal
area (n=108, 9.1540.44), and limbic system (n=>51, 7.774+0.60),
respectively. In detail, the top five regions that had the highest
correlation value were LOC (17.20+1.24), POC (16.89+0.88),
PRC (15.6010.60), SFG (14.644-0.98), SPC (13.2240.71) in order,
where the correlation in LOC, POC and PRC were significantly
(p < 0.05, Wilcoxon rank sum test) higher than SPC and the
value in SPC was significantly (p < 0.05) higher than that in pars
opercularis (parsOPE, 10.03+1.03). The correlation distribution of
each electrode within the standard brain were shown in Fig. la-c.

In addition,
lateralization on activation in the parietal area, including both
SPC (number of task-related /nontask-related channels: L=72/21,
R=33/56, p < 0.001, x? test, FDR corrected) and inferior parietal
cortex (IPC, L=29/84, R=8/85, p < 0.05) during the task.

we also observed significant left hemispheric

The Spatio-temporal Evolution of Neural Activation During
The Task

Among all task-related channels, we identified 564 informative
channels. The anatomical and spatial distribution of these
channels were shown in Fig. 1e and 3b-c, respectively. Four typical
samples of informative detections were illustrated in Fig. 2. These
channels, located at different anatomical regions, show differences
in their time of neural activation relative to the EMG onsets as
well (Fig. 2). Moreover, these four channels clearly present distinct
activation patterns (i.e., time-locked to the stimulus or response),
indicating the underlying different roles during the task. The
average temporal activation sequence of the identified informative
ROIs (n=16) in relation to the task processing was shown in
Fig. 3a. During the task, the activation of neurons roughly starts
from the occipital area and then spreads to the temporal area,
parietal area, and the limbic system, afterward, goes forward to the
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Fig. 1: The distribution of task-related electrodes across all subjects. a)/b)/c) The spatial distribution of task-related electrodes in the
MNI brain and their corresponding correlation value with the task (Left/Right/Top view respectively). The electrodes are presented with
balls. The color of each ball indicates the anatomical position of that electrode. We used the Desikan-Killiany atlas for brain segmentation.
The diameter of the balls corresponds to the correlation value with the task. d) The anatomical distribution for all the task-related
channels. For each anatomical label (ROI), the gray bar is calculated by dividing the number of task-related channels over the number of
channels having the same anatomical label across all subjects, whereas the blue bar is calculated by dividing the number of task-related
channels over the number of all task-related channels across all subjects. The anatomical label in the X-axis is encoded using the upper
color balls for better visualization. The color of each ball corresponds to the color scheme in (a/b/c). €) The anatomical distribution for
all the informative channels. The green and gray bars are in the same configuration as the blue and gray bars in (d) but use informative
electrodes instead. f) The average correlation value (—logi10(p)) of each ROI across all subjects. The error bar indicates the standard
error. Asterisks denote the significance of the difference between the correlation value of the two ROIs (*, p < 0.05, Wilcoxon rank sum
test). The anatomical label in the X-axis is encoded using the upper color balls for better visualization. The color of each ball corresponds
to the color scheme in (a/b/c).

frontal area, and with the central area positioned at the final stages earliest stage on average after the stimulus onset, indicating the
(Fig. 3a, see also Supplementary Fig. 4 for the temporal activation start of visual stimulus processing. Then IPC activates (n=23,
sequence of different ROIs from four typical single subjects). 229+17 ms), and such activation is significantly (p < 0.05,

Specifically, LOC (n=42, 183+6 ms (mean=s.e.)) activates at the Wilcoxon rank sum test) later than the LOC. Following that is
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Fig. 2: Nlustration of detected neural activation from four typical channels of different subjects. a) The position of the electrode on
the original MRI image of each single subject. Red dots indicate electrodes. The text below indicates the anatomical position of each
electrode. b) Single-trial neural activation detection results for the electrode shown in (a). The color map represents the normalized
broadband gamma power (BGP) of all trials, where red color indicates higher BGP within each trial. Time zero indicates the onset
of the stimulus. The black dot indicates the detected neural activation for each trial. The dark gray dot (Sigmoid shape) indicates the
detected EMG onset of each trial. The purple line represents the average normalized BGP across all trials from that channel (the value
is magnified by 20 fold for visualization purposes and is shown on the right side of the Y-axis). The detected neural activation and EMG
onsets are presented here without normalization to give a better illustration of the difference in neural activation patterns. ¢) The average
normalized activation time for the electrode shown in (a). The brown bars indicate the distribution of detected neural activation (after
normalization, i.e., divided by the EMG onset in the same trial) from all trials shown in (b). The gray line indicates the curve-fitting
result using a Gaussian model. u and o indicate the mean value and standard deviation of the model. d-f)/g-i)/j-1) The detected neural
activation for the second/third/fourth channel (d/g/j). The configurations for all these subfigures are the same as (a/b/c). The X-axis
of (¢/f/i/1) is scaled the same for comparison purposes. lh/rh: left/right hemisphere.

the activation from LGG (n=12, 247+30 ms), SPC (n=59, 251+17
ms), inferior temporal gyrus (ITG, n=32, 252410 ms), fusiform
gyrus (FFG, n=14, 254424 ms), precuneus cortex (PNC, n=10,
291432 ms), middle temporal gyrus (MTG, n=11, 291+15 ms),

and rostral middle frontal gyrus (rMFG, n=16, 296+22 ms), where
the SPC activates significantly (p < 0.05) earlier than the MTG.
Then the neural activity goes from SMG (n=57, 308+15 ms) to
the frontal area, including caudal middle frontal gyrus (cMFG,
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Fig. 3: The spatio-temporal activation results during the task. a) The activation time for all the applicable regions of interest (ROIs)
during the task processing. For each ROI, the detected neural activation from all informative channels within the ROI was shown (blue
dots). Time zero indicates the onset of the stimulus. The activation time shown here is calculated by multiplying the normalized activation
time with the average EMG onset time (565 ms). The box indicates the 25 and 75 percentile of all the detected neural activation. The
blue dot indicates the mean value. The whiskers extend to the limits of all the detected neural activation within that ROI. The light gray
bar on the left indicates the percentage of informative channels belonging to each ROI within all informative channels. The digits on the
right side indicate the temporal activation sequence. Statistical analysis are conducted between ROIs (*, p < 0.05; **, p < 0.01; ***,
p < 0.001, Wilcoxon rank sum test). b)/c) Left/Top view of all the informative electrodes across all subjects in the MNI brain. All the
electrodes are projected to the left hemisphere for visualization purposes. The color of electrodes within each ROI is colored using the
average activation time of this ROI from (a). d) The average activation time for all the applicable 6 areas during the task processing. The
other configurations of this subfigure are the same as (a). e)/f) Left/Middle view of spatio-temporal activation sequence for the 15 ROIs
rendering on the flattened MNI brain. Results are shown with the cortical surface of the left hemisphere only. The digits correspond to
the results shown in (a). g)/h) Left/Middle view of spatio-temporal activation sequence for the 6 brain areas rendering on the flattened
MNTI brain. Activation time is shown on the left hemisphere for illustration purposes. The digits correspond to the results shown in (d).
Electrodes located in the hippocampus are used for the computation of the activation time of the limbic system. The hippocampus is
not shown in this subfigure.

n=13, 312425 ms) and parsOP (n=14, 330£23 ms) and SFG temporal activation sequence for these broader areas was shown
(n=41, 396+12 ms), where the parsOPE activates significantly in Fig. 3d (see also Supplementary Fig. 5 for the results from
(p < 0.001) earlier than the SFG. Activation is also detected in four typical single subjects). As can be seen from the figure, the
PAC (n=13, 360+£35 ms) during this time segment. At the final occipital area (n=66) gets activated first with a 206£10 ms latency
step, the central area activates, where the PRC (n=99) activates on average after stimulus onset. Following this is the temporal area
on average at 424411 ms and significantly (p < 0.001) earlier than (n=67), which activates at 256+9 ms after stimulus onset. The
POC (n=47, 510418 ms). The spatio-temporal evolution of neural occipital area activates significantly (p < 0.001, Wilcoxon rank

activity during the task was presented in Fig. 3 with the format sum test) earlier than the temporal area. The mean activation time
of informative electrodes (3b-c) and cortical regions (3e-f). after stimulus onset is 272410 ms for the parietal area (n=149),

To give a more macro view on the footprints of neural 309+24 ms for the limbic system (n=17, parahippocampal gyrus
processing during the task, we also computed the mean activation (n=9), hippocampus (n=6), posterior cingulate gyrus (n=2)).
time for six different task-related cortical regions in a broader Then the activation spreads to the front area at a latency of

area (see Methods: Detection of Neural Activation Time). The 347410 ms (n=91), where the frontal area activates significantly
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Fig. 4: The activation pattern evaluation results. a) The relationship between the activation time and its correlation with the response
onsets for each informative channel (see Methods: Activation Pattern Evaluation). Average normalized activation time is used here for
each informative channel, where time zero indicates the onset of the stimulus and time one indicates the onset of response (i.e., motor
behavior). Each colored dot indicates the result from one informative channel. The black line represents the fitted line generated using
the least square method. k indicates the slope of the fitted line. r and p indicate Pearson’s correlation values r and corresponding p
values, calculated between the fitted value and the real value. b) The relationship between the activation time and its correlation with
the stimulus onsets for each informative channel. The configurations for this subfigure are the same as (a). ¢) The relationship between
the correlation with response time and the correlation with stimulus time for each informative channel. The configurations for this
subfigure are the same as (a). d) Percentage of stimulus-locked and response-locked channels within each ROI. The ROIs are the same
as Fig. 3. e)/f) Left/Middle view of the distribution of response-locked channels on a flattened MNI brain. Results are shown with the
left hemisphere only. The darkness of the colored cortex indicates the percentage value shown in (d). Darker color indicates a higher
percentage.

(p < 0.001) later than the parietal area. At the final stage, the The Pattern of Neural Activation During The Task

central area (n=159) gets activated with an average latency at To investigate the possible role of each informative electrode
444:£10 ms, and such activation is significantly (p < 0.001) later with respect to task processing, we evaluated if there existed a
than the frontal area. The temporal evolution of the cortical neural certain relationship between the activation time of these channels
activities for these regions is shown in Fig. 3g and 3h. and their correlation with stimulus and/or response onsets. Our

results show that the channels that activate earlier correlate more
with the stimulus onsets (k = —0.48, »r = 0.63, p < 0.001, k:
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the slope of the fitted line, Fig. 4b), while the channels that
activate later tend to correlate more with the response onsets
(k=10.25, r = 0.44, p < 0.001, Fig. 4a). Such correlation with the
stimulus onsets and the value with the response onsets is reversely
correlated (kK = —0.63, r = 0.47, p < 0.001, Fig. 4c). This result
indicates the existence of an at-least two-stage neural process
during the task processing, where the first stage is characterized
by a stimulus-locked activation pattern, indicating the sensory
information processing; the other stage is characterized by a
response-locked activation pattern, representing the generation of
the motor response.

We then evaluated the percentage of stimulus-locked and
response-locked channels detected within each of the informative
ROIs.
including most parts of the occipital area, the entire parietal area,

The results show that wide areas of the entire brain,

parts of the temporal, frontal area, and even the central area,
present stimulus-locked activation patterns (Fig. 4d). The current
observation suggests the importance and complexity of sensory
information processing prior to motor execution. More specifically,
within these regions, the highest percentage of stimulus-locked
channels was found in LOC, reaching 83.3%. Following that,
the SPC (71.2%) was also a rich source of producing stimulus-
locked activation. As the final stage of the task processing, the
central area contained the lowest percentage of stimulus-locked
channels (see also Supplementary Fig. 6 for the distribution
of these areas). As a comparison, the central area, including
POC (36.2%) and PRC (27.3%), has the highest percentage
of response-locked channels. Besides, some parts of the frontal
area (parsOPE (21.4%), SFG (14.6%), cMFG (7.7%)), a small
portion of the parietal area (e.g., SMG (9%)) have also been
found contain response-locked channels (Fig. 4d-f), indicating the
possible function of these ROIs in relation to the generation of
movement.

Discussion

In this work, using iEEG recordings from 4986 channels and 36
human subjects, we investigated the spatio-temporal dynamics
of human cortical activity during a visually-cued motor process.
Specifically, we answered three relevant scientific questions by
conducting group analyses with high-frequency neural activities.
In detail, we first identified the distribution and strength of
brain regions involved in task processing. We then extracted the
temporal activation sequence of different ROIs during the task.
Finally, we analyzed the possible role (e.g., relating to sensory
information process or motor response) of each informative ROI
involved in the processing chain.

The Distribution of Neural Activation Within The Brain

We found rather broad regions of neural activation during the
current task. Within the task-related regions, the most active
regions were observed in the central, parietal, and occipital area,
the regions in the frontal area that are close to the PRC, and
the inferior part of the temporal area, demonstrating the essential
roles of these cortical areas in visuomotor processing. Importantly,
besides the lateral direction, we also give an overview of the neural
activation along the depth direction (Fig. 1). For instance, the
deep brain structures, such as the insula cortex, parahippocampal
gyrus, and hippocampus, have also been observed present task-
related activation. The current observations further enrich the

findings from previous ECoG (Keller et al., 2014) and MEG
studies (Brovelli et al., 2017). Moreover, our results also suggest
that the processing of a visuomotor task needs to recruit neural
networks spanning brain regions from both cortical and subcortical
levels. On this basis, revealing how neural activities interact
between cortical and subcortical regions will be interesting and
deserves further exploration in the following studies.

Apart from this, this work also gives additional spatial
information on the activation of the parietal area, since we
have found the existence of significant left lateralization on
the activation within this area during the current visuomotor
process. The present finding provides valuable implications for
future parietal area-based studies, especially the research adopting
neural activities from the parietal area for the brain-machine
interface purpose (Aflalo et al., 2015; Li et al., 2022; Wang
et al., 2020). More importantly, similar phenomena have been
also detected under other cognitive processes, including the tool-
action observation (Caruana et al., 2017), auditory and visual
stimulus processing (Molholm et al., 2006), and visual and
motor imagery aspects of hand shape encoding (Klaes et al.,
2015). Moreover, such left-lateralized activation is reported to
be independent of handedness (Haaland et al., 2004; Vingerhoets
et al,, 2012; Krdliczak and Frey, 2009). all these

observations may together suggest the existence of the action

Hence,

observation/execution network involving this area, which possibly
mediates the identification of the basic goal of the observed action
for both humans and monkeys (Rizzolatti et al., 2014).

The Spatio-temporal Evolution of Neural Activation During
The Task

In this work, we analyzed and presented the evolution of neural
activation across the human brain during a visuomotor task using
the neural recordings from all subjects (Fig. 3). The results
were further supported by the consistent results observed among
the partially-covered ROIs from the individual subjects (see
Supplementary Figs. 4 and 5). Roughly, early activation is shown
in the lateral part of the occipital area, the superior and posterior
part of the parietal area, and the posterior and inferior part of
the temporal area. Then, the activation spreads to the frontal
area and finally ends with the central area. It is also of interest
to compare our data with the results reported by Johnson et al.
(1996) and Nishitani and Hari (2000). The former authors studied
the activation pathway during a visually guided reach movement
with nonhuman primates’ single-neuron recordings. They found
the activation begins in the visual cortex and passes through the
posterior parietal cortex to the dorsal premotor cortex and then
to the primary motor cortex. The subsequent study reported the
temporal sequence of three ROIs during hand action imitation
using MEG recordings, where the visual cortex in the occipital
lobe first activates, and then the inferior frontal cortex activates
(parsOPE in this work), following that is the activation in the
primary motor area (PRC in this work). These results are in good
agreement with our ones. Meanwhile, distinct from these studies,
our work extends the results to more and wider regions of the
entire human brain, and hence can provide a comparatively more
intact overview of the ‘footprints’ of neural activity during the
task. It is worth noting that the spatio-temporal sequence reported
here should be interpreted carefully since the results are derived
from group analysis. Thus, our results cannot detect variations in
activation time among subregions of different ROIs or the same
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ROIs (Supplementary Fig. 4). At the same time, our results make
it clear that there is a definitely consistent temporal sequence
across these ROIs.

Notably, although temporal activation sequence results show
that POC activates lastly among all the informative ROIs
(Fig. 3), the identified POC activation represents more than
the somatosensory feedback after motor execution. Because the
average activation time of POC (510+18 ms) in our work is slightly
ahead of the movement onset (565 ms on average), indicating
that some neurons in POC start firing prior to the movement
onset (see also Supplementary Fig. 4a). Such early activation
provides further evidence supporting the additional role of the
somatosensory cortex in sensory information encoding that relates
to the anticipation of movements (Wolpert et al., 1995; Sun et al.,
2015).

Besides, we have detected 13.6% (n=>51) of electrodes located
in the insula cortex presenting task-related activation, denoting
the substantial involvement of this area during the visuomotor
task. However, only a few of them are informative enough (n=8,
395+44 ms) for the calculation of activation time. This may be
because of the observation that most of the task-related channels
in this area tend to activate in an irregular way (i.e., the onsets
of activation are distributed sparsely across trials). The neural
mechanism behind such neural activation patterns is not well
understood yet. Consistently, Bartoli et al. (2018) also reported
that the insula cortex exhibits an increase in broadband gamma
activity under a button press task but such activation is less
robust and later than the inferior frontal cortex (see also Fig. 3).
Together, the current results imply that the insula cortex may
play an indispensable role in sensory-motor processing, and the
detailed function of this area still needs further investigation.

The Possible Role of The ROIs During The Task

Within the detected processing chain of the visuomotor task, on
the average level, our data support the general understanding that
the neurons that activate early tend to correlate more with the
visual stimulus delivery, while the neurons holding late activation
tend to associate more with the motor response (Fig. 4a-c).
Furthermore, we also analyze the neuronal representations as
being ‘sensory’ or ‘motor’ for each informative channel based on
whether the neural activation is more closely linked to the onset
of a stimulus or the initiation of a response (Fig. 4d). The earliest
activation and highest percentage of stimulus-locked channels
presented in our results demonstrate together the role of the lateral
occipital cortex in the visual information processing during the
task (Tallon-Baudry et al., 2004; Larsson and Heeger, 2006). Then,
a high percentage of stimulus-locked channels in the parietal area
and temporal area indicate as well the important function of these
areas in visual information processing. Such visual representation
gets weak when the process evolves to the frontal and central areas.
Moreover, we have also detected obvious involvement from the
parietal and frontal areas in the early stage of neural processing
relating to the initiation of motor response. Previous reports have
consistently suggested that motor function from the parietal area
is related to the sensorimotor transformation (Andersen and Culi,
2009), including hand trajectory information (Hauschild et al.,
2012) and motor intentions, where the intention in the parietal
area may be processed in relation to sensory predictions (Klaes
et al., 2015). Whereas the motor function in the frontal area
represents higher-level aspects of movement planning and decision

making in relation to motor execution (Rizzolatti et al., 2014;
Miller and Cohen, 2001; Schall, 2015). On these bases, our results
further enhance the understanding of the critical sensorimotor-
related functions for these two areas (Andersen and Buneo, 2002;
Corbetta and Shulman, 2002). At the last stage of the neural
processing chain, the central area presents the highest percentage
of response-locked neural activity, indicating their function in
motor execution and somatosensory processing (Scott, 2004;
Lemon, 2008). Interestingly, within the central area, we also detect
a minority of channels in the PRC that present early stimulus-
locked activation (Figs. 4d and 3a). These findings promote the
understanding of the intact functions of this motor area, where the
view that the PRC is an integral part of a cue-to-action network so
as to make immediate responses to environmental stimulus (Rao
and Donoghue, 2014), may account for the observation.

Taken together,
visuomotor task revealed in this work likely support the opinion

the neural processing results during the

that visual information is firstly processed and segregated along
two pathways (Figs. 1, 3 and 4), where the ventral stream
(occipito-temporal cortex) computes vision for perception and
the dorsal stream (occipito-parietal cortex) computes vision for
action (Culham and Valyear, 2006). The parietal and frontal
areas play an important role in the transformation of sensory
information to motor-related information. Specifically, the parietal
area participates in the early stage of such processing while the
frontal area tends to engage more in the motor execution. At
the final stage of motor execution, PRC generates motor signals
from an already highly processed sensory input and other internal
signals, following that is the production of the somatosensory
feedback from POC after motor execution (but also see discussion
above). Apart from this, we also conducted additional analyses
to further investigate whether the reaction time of a subject
is associated with the motor cortex only. To do this, we first
computed the average reaction time (computed as the trial-
averaged EMG onsets within each subject) and the average
raw activation time (without normalization) for all informative
channels within each informative ROI across subjects. Then, for
each informative ROI, we computed a Spearman correlation value
between the average reaction time and the average raw activation
time for all informative channels within this region. Finally,
the ROIs producing significant correlations (p < 0.05) were
identified. In this analysis, we find that, besides the central area,
the activation time from multiple regions, including temporal,
parietal, and frontal areas, also correlates significantly with the
reaction time of subjects for the current task (results not shown
here). This finding denotes that the reaction speed of a human is
not attributed to a single region (e.g., the well-known PRC), but
an entire task-related brain network including both sensory and

motor information processing.

Implications, Limitations, and Future Work

The current work presents the overall large-scale spatio-temporal
neural evolution of the human brain during a visuomotor task
and evaluates the possible functions across different ROIs. The
findings from this study enhance the understanding of the neural
responses under the task for neuroscientific studies. Moreover,
the findings also bring valuable insights for future movement-
related brain-machine interface research, which is also a focus of
this work (e.g., besides the traditional sensorimotor area, paying
additional attention to brain areas such as the frontal and parietal
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area for the decoding of movement parameters). There are also
limitations in this work. For example, despite the comparatively
large number of electrodes across the human brain in our study,
the number of informative channels is still limited. In this point,
the current analysis delivers an observation on most of the crucial
regions involving the neural processing network under the current
task, but may still not cover all of them. Besides, to make
a robust group analysis, we combine the results of informative
channels from both hemispheres during the computation of the
average activation time of different ROIs, the generated result
hence should be interpreted as a macro-level spatio-temporal
evolution under the current task. Hence, recording from a larger
number of channels will still be essential and valuable for further
revealing the neural dynamics of the human brain in more detail.
Notably, we have identified the neuronal representations as being
‘sensory’ or ‘motor’ for informative channels from multiple ROIs.
Meanwhile, we also detected a number of channels occupying
positions that are intermediate between these two extremes
and can not be described by either label (Fig. 4d, DiCarlo
and Maunsell (2005)). These channels generally display multiple
firing patterns or present irregular neural responses that do
Making additional
assessments of the functions for these channels presenting irregular

not fit the two categories analyzed here.

firing patterns using new experiments or analysis methods (e.g.,
functional connectivity (Bastos and Schoffelen, 2015)) remains an
important topic and deserves further investigation. Lastly, this
study concentrates solely on the high-frequency component of
the neural recordings, but some other simultaneous movement-
relevant phenomena relating to the lower-frequency activity have
been reported as well, such as the sensorimotor rhythm (SMR) in
the mu and beta band and movement-related cortical potentials
(MRCP) of the slow waves (Liu et al., 2020). What is largely
unknown, is the relationship between these different measurements
(e.g., the modulation of low-frequency activity to high-frequency
ones) and the underlying mechanism between such relationship.
In the future, it would be interesting to comprehensively address
this question using a larger number of neural recordings.
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Supplementary Table 1. Clinical profiles of all 36 subjects that participated in the study. Among these subjects, 34 were implanted with SEEG depth electrodes, and 2 (Sub.
32, Sub. 35) were implanted with ECoG grid electrodes. Abbreviations for this table: RS (Recording hemisphere), SR (Sampling rate), EL (Number of electrode shafts), CH
(Number of contacts), OH (Operating hand during the experiment), TH (Cut-off threshold during the line noise detection for each subject, see Sec. Data Pre-Processing of
Materials and Methods), BC (Bad Channel, i.e., Number of channels whose line noise power exceeds the cut-off threshold).

SubID Gender Age RS SR (Hz) EL CH OH TH (1V) BC
1 M 23 Left 1000 10 121 Right 32.76 2
2 M 33 Left 1000 15 180 Right 68.43 1
3 F 30 Right 1000 7 60 Left 24.17 0
4 M 26 Right 1000 13 178 Left 30.16 1
5 M 25 Right 1000 10 143 Left 41.63 0
6 F 17 Bilateral 1000 13 169 Left 3.24 2
7 F 28 Right 1000 9 114 Left 77.02 0
8 M 27 Left 2000 16 208 Right 36.67 0
9 M 15 Bilateral 500 13 194 Left 7.97 3
10 M 31 Right 500 6 94 Left 3.34 2
11 F 22 Left 2000 7 102 Right 2.66 0
12 M 19 Bilateral 2000 9 130 Left 5.68 0
13 F 30 Bilateral 2000 13 170 Right 4.56 0
14 M 31 Left 2000 10 144 Right 2.99 5
15 M 27 Bilateral 2000 10 144 Right 7.18 1
16 M 16 Bilateral 2000 13 137 Right 6.73 8
17 M 24 Right 1000 8 108 Left 10.27 1
18 F 30 Left 1000 9 118 Right 2.90 4
19 F 33 Left 2000 12 150 Right 10.94 2
20 F 23 Bilateral 2000 15 198 Right 6.40 3
21 F 23 Right 2000 10 130 Left 2.83 2
22 F 42 Left 2000 10 137 Right 8.29 1
23 M 33 Bilateral 2000 11 154 Right 14.34 1
24 M 15 Left 2000 8 110 Right 7.27 0
25 M 25 Bilateral 2000 8 108 Left 12.72 2
26 M 29 Bilateral 2000 5 72 Right 2.30 2
27 M 22 Bilateral 2000 6 56 Left 3.83 0
28 M 15 Right 2000 7 102 Left 34.06 1
29 M 26 Left 1000 10 136 Right 58.83 0
30 F 27 Bilateral 2000 10 117 Right 16.82 3
31 F 27 Bilateral 2000 6 64 Right 104.52 0
32 F 19 Left 2000 N/A 242 Right 1555.17 1
33 M 32 Bilateral 2000 9 126 Left 19.57 0
34 F 35 Right 2000 15 190 Left 29.25 0
35 M 26 Left 2000 N/A 208 Right 28.90 0
36 M 31 Left 2000 11 172 Right 34.65 0




Supplementary Table 2. Information of brain regions reported in this study. Electrode number indicates the number of electrodes implanted in the listed brain region across all

36 subjects.

ID Brain Regions Abbreviation Electrode Number Groups

1  superior frontal gyrus SFG 245

2 rostral middle frontal gyrus rMFG 311

3  caudal middle frontal gyrus cMFG 174

4 lateral orbitofrontal gyrus OFG 54 Frontal Area
5  pars opercularis parsOPE 119

6  parstriangularis parsTRI 98

7  parsorbitalis parsORB 32

8  precentral cortex PRC 368

9 postcentral cortex POC 213 Central Area
10 paracentral cortex PAC 56

1  superior parietal cortex SPC 182

12  inferior parietal cortex IPC 206 .

i Parietal Area

13 supramarginal gyrus SMG 261

14 precuneus cortex PNC 183

15 superior temporal gyrus STG 390

16 inferior temporal gyrus ITG 193

17 middle temporal gyrus MTG 325

Temporal Area

18 transverse temporal gyrus TTG 43

19 fusiform gyrus FFG 102

20 Dbanks of the superior temporal sulcus bankssts 53

21 lateral occipital cortex LOC 74

22 pericalcarine cortex PCC 33 Occipital Area
23 lingual gyrus LGG 62

24 cuneus cortex CNC 18

25 insula cortex ISC 374 Insula

26 parahippocampal gyrus PHG 50

27 posterior cingulate gyrus PCG 77

28 Hippocampus N/A 196 Limbic System
29 caudal anterior cingulate gyrus cACG 49

30 rostral anterior cingulate gyrus rACG 25

31 Amygdala N/A 85
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Supplementary Figure 1. Experiment protocol of the current study. Each subject performed five different hand or arm movements (see Cue). In each trial, one of five tasks was
randomly selected and displayed (Cue, the onset of movement cue was set as time 0 in this study). They performed each type of movement 20 times (5 s each, [0, 5] s). Before
the movement, each subject rested for 4 s ([-5, -1] s), and then a warning sign ([-1, 0] s) prompted the subject for movement initiation.
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Supplementary Figure 2. Electrodes localization results of all 36 subjects. a)/b)/c)/d) Right/Left/Frontal/Top view of all the electrodes projected to the standard Montreal
Neurological Institute (MNI) template. The electrodes (SEEG and ECoG) are shown with small balls. Different colors indicate different anatomical positions, where the red
indicates the gray matter, the blue indicates the white matter, the purple indicates the hippocampus, the dark green indicates the amygdala, the yellow indicates the putamen
and the gray indicates the other structures. LH/RH: Left/Right hemisphere.
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Supplementary Figure 3. The illustration of data processing in this work. The flow chart corresponds to the data processing from the section (Methods: Data Pre-Processing)
to the section (Methods: Activation Pattern Evaluation). Specifically, to identify the response-locked channels (left lower subfigure), we first computed Pearson’s correlation for
the detected neural activation of each informative channel and the EMG onsets across all trials. Then, the sequence of detected neural activation was randomly shuffled and the
correlation with the EMG onsets was computed again. This procedure was repeated 2500 times, thus, generating a distribution of surrogate correlation value (the histogram)
and the subsequent p value (vertical red line) for the observed correlation value. The channel whose p value was smaller than the significance level (p < 0.05 after Bonferroni
correction) was identified as the response-locked channel. To identify the stimulus-locked channels (right lower subfigure), for each informative channel, the standard deviation
of detected neural activation from randomly selected 60 trials was first computed. Then, this process was repeated for 10° times and the average standard deviation of these
repetitions (the histogram) was obtained for each channel. The channel whose average standard deviation is smaller than the threshold (vertical red line) is identified as the
stimulus-locked channel (see Methods: Activation Pattern Evaluation for more details).
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Supplementary Figure 4. The spatio-temporal activation results during the task from four typical subjects (Sub. 02 (a), Sub. 06 (b), Sub. 27 (c), Sub. 32 (d)). The results are
presented in groups based on the region of interest (ROI) where each informative electrode of this subject is located (same as Fig. 3a/e/f, see also Supplementary Table 2). a)
The neural activation time of different ROls from a single subject (Sub. 02). The boxplot presents the distribution of neural activation time for all the samples detected within
each ROI. The colored dot indicates the result of each informative electrode. The vertical line within the boxplot indicates the median value. The right subfigure presents the
position of each informative electrode (colored the same as the left subfigure) in the MNI brain. The black dots denote all the electrodes implanted for this subject. b)/c)/d)
Results from the other typical subjects. Same configurations as a).
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Supplementary Figure 5. The spatio-temporal activation results during the task from four typical subjects (Sub. 02 (a), Sub. 08 (b), Sub. 09 (c), Sub. 34 (d)). The results are
presented in groups based on the broader brain area where each informative electrode of this subject is located (same as Fig. 3d/g/h, see also Supplementary Table 2). a) The
neural activation time of different broader brain areas from a single subject (Sub. 02). The boxplot in the left subfigure presents the distribution of neural activation time for all
the samples detected within each broader brain area. The colored dot indicates the result of each informative electrode. The vertical line within the boxplot indicates the median
value. The right subfigure presents the position of each informative electrode (colored the same as the left subfigure) in the MNI brain. The black dots denote all the electrodes
implanted for this subject. b)/c)/d) Results from the other typical subjects. Same configurations as a).
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Supplementary Figure 6. Left(a)/Middle(b) view of the distribution of stimulus-locked channels on a flattened MNI brain. Results are shown with the left hemisphere only. The

darkness of the colored cortex indicates the percentage value shown in Fig.4d of the main content. Darker color indicates a higher percentage. See Methods: Activation Pattern
Evaluation for more details.
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