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ABSTRACT

Remarkable advances have recently been made in the development of Brain-Machine Interface (BMI) technologies
for restoring or enhancing motor function. However, the application of these technologies may be limited to
patients in static conditions, as these developments have been largely based on studies of animals (e.g., non-
human primates) in constrained movement conditions. The ultimate goal of BMI technology is to enable in-
dividuals to move their bodies naturally or control external devices without physical constraints. Here, we
demonstrate accurate decoding of muscle activity from electrocorticogram (ECoG) signals in unrestrained, freely
behaving monkeys. We recorded ECoG signals from the sensorimotor cortex as well as electromyogram signals
from multiple muscles in the upper arm while monkeys performed two types of movements with no physical
restraints, as follows: forced forelimb movement (lever-pull task) and natural whole-body movement (free
movement within the cage). As in previous reports using restrained monkeys, we confirmed that muscle activity
during forced forelimb movement was accurately predicted from simultaneously recorded ECoG data. More
importantly, we demonstrated that accurate prediction of muscle activity from ECoG data was possible in mon-
keys performing natural whole-body movement. We found that high-gamma activity in the primary motor cortex
primarily contributed to the prediction of muscle activity during natural whole-body movement as well as forced
forelimb movement. In contrast, the contribution of high-gamma activity in the premotor and primary somato-
sensory cortices was significantly larger during natural whole-body movement. Thus, activity in a larger area of
the sensorimotor cortex was needed to predict muscle activity during natural whole-body movement. Further-
more, decoding models obtained from forced forelimb movement could not be generalized to natural whole-body
movement, which suggests that decoders should be built individually and according to different behavior types.
These results contribute to the future application of BMI systems in unrestrained individuals.

1. Introduction

previous neural decoding studies using non-human primates have
generally been conducted under unnatural conditions, in which most

Significant progress has been made in the development of Brain-
Machine Interfaces (BMIs) over the past two decades (Lebedev and
Nicolelis, 2017; Moxon and Foffani, 2015). This progress relies heavily
on the development of new methodology in the field of neural decoding,
in which neuronal activities are translated into signals that can be used to
control external devices such as limb prostheses or computers (Lebedev
et al., 2008). Currently, movement-related information such as the ki-
nematic parameters of motion, forces, and muscle activity can be accu-
rately decoded from the neuronal activities of behaving animals
(Georgopoulos and Carpenter, 2015; Schwartz, 2016). However,
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body parts are physically restrained, and only a small subset of move-
ments, such as arm reaching and hand grasping, are studied. Ultimately,
the goal of BMI technology is implementation in a non-restrained con-
dition to enable severely disabled individuals to move naturally and
freely.

Animal studies have indicated that neuronal coding of limb move-
ment in unconstrained conditions is different from that in constrained
conditions. For example, the tuning properties of single neurons in the
primary motor cortex (M1) have been reported to vary among move-
ments performed in different working spaces (Aflalo and Graziano, 2006;
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Caminiti et al., 1990; Griffin et al., 2015) or between movements per-
formed using focal muscles vs. the whole body (Jackson et al., 2007).
Thus, it is not clear whether insights obtained from recordings conducted
under constrained conditions can be directly applied to the decoding of
movement parameters from cortical neuronal activity recorded during
more natural movements.

Recent advances in the development of a head-mounted wireless
device have demonstrated the possibility of recording neuronal activity
in freely-moving animals (Borton et al., 2013; Chestek et al., 2009; Fer-
nandez-Leon et al., 2015; Mavoori et al., 2005; Schwarz et al., 2014). For
example, several studies have wirelessly recorded neuronal action po-
tentials from the sensorimotor cortex of rhesus macaques using
multi-electrode arrays during arm reaching towards a reward or walking
on a treadmill (Capogrosso et al., 2016; Foster et al., 2012, 2014;
Rajangam et al., 2016; Schwarz et al., 2014; Yin et al., 2014). In these
studies, the modes of motor behavior (e.g., walking or reaching), as well
as the specific epoch in each motor behavior (e.g. the flexor or extensor
phase during locomotion), were decoded from an ensemble of spiking
activities. However, the researchers only examined a small subset of
behaviors using specific tasks. Since a hallmark of non-human primates is
the rich variety of motor behavior that forms their daily movements
(Jaman and Huffman, 2008), neural coding of their natural behaviors can
be more informative by recording neuronal signals during free move-
ments in their home cage.

In the present study, we recorded electrocorticograms (ECoGs) from
the sensorimotor cortex and electromyograms (EMGs) from forelimb
muscles in common marmosets. We used a wireless recording system to
record activity as the marmosets moved freely in a cage. The common
marmoset is a New World primate species that is considered to be useful
as a research subject in the field of neuroscience (Okano et al., 2012;
Prins et al., 2014; Walker et al., 2017). The marmoset has several ad-
vantages in terms of recording cortical activity during free movement, as
follows: 1) as- in humans and rhesus macaques, the cortical sheet in the
marmoset is divided into functionally distinct cortical regions (Rosa and
Tweedale, 2005); 2) the structure of the marmoset cortex is lissence-
phalic, which is advantageous for obtaining neuronal signals from the
entire cortex using a two-dimensional grid electrode (Komatsu et al.,
2017; Newman et al., 2009; Tia et al., 2017); 3) marmosets are much
smaller than rhesus macaques, and are thus easier to handle (Prins et al.,
2017); 4) the marmoset shows a wide variety of movements in
three-dimensional space, such as walking, jumping, and grasping a pole
located in the cage (Wang et al., 2014). Thus, we consider the common
marmoset to be optimal for our research.

Here, we demonstrated that accurate prediction of EMG from ECoG is
possible during natural whole-body movement of marmosets freely
moving in a large space, as well as during forced forelimb movement.
While high-gamma activity in the M1 contributed most strongly to the
prediction of muscle activity in both movement types, a larger area of the
sensorimotor cortex contributed to decoding for natural whole-body
movement than for forced forelimb movement. These results provide
insights that are relevant to future applications of BMI systems in unre-
strained individuals.

2. Materials and methods

We used three adult female monkeys (Callithrix jacchus, weight
380-510 g) in the present study. The experiments were approved by the
experimental animal committee of the National Institute of Neurosci-
ence. All animals were cared for and treated humanely in accordance
with the institutional guideline for experiments using animals and the
NIH guidelines. Before the experiments, the animals were housed with
their family with a 12-h light/dark cycle.

2.1. Lever-pull task

Within the experimental cage, all the monkeys were trained to
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perform a lever-pull task with the right (Monkeys J and H) or left
(Monkey S) hand. The task involved a lever that was connected to a
spring that exerted a force (0.049 N/mm in Monkey J, 0.024 N/mm in
Monkeys H and S) in the direction opposite to the movement of the lever.
The monkeys were trained to grasp the lever, pull it closer to get a
reward, and then release it. To receive a reward, they had to pull the lever
towards them by 1cm (Monkey J) or 2cm (Monkeys H and S). The
monkeys were not physically constrained during the task. We recorded
the time at which they started to pull the lever using a sensor. Monkey J
completed five recording sessions (duration of sessions: 8.3-12.5 min;
number of trials within each session: 140-164 trials), Monkey H
completed seven sessions (9.2-10.8 min; 155-302 trials), and Monkey S
completed six sessions (8.3-11.7 min; 101-200 trials).

2.2. Free movement

We recorded ECoG and EMG signals from Monkeys H and S as they
freely moved in the experimental cage (width 30 cm, depth 50 cm, and
height 60 cm). They typically walked, vertically climbed, jumped, and
groomed themselves. They also reached to grasp a small piece of
marshmallow that was offered to them. While recording ECoG and EMG
signals during the free movement in the cage, we took a video of the
monkeys’ behaviors from the front using a video camera (GZ-E765,
Japan Victor Company, Yokohama, Japan). From a video image, we
crudely marked the time of onset and termination of each behavior with
an aid of ELAN5.3 (Max Planck Institute for Psycholinguistics, Nijmegen,
Netherlands) (Walker et al., 2018). Then, we precisely determined the
time of onset of each behavior by assigning it with the onset of the
bursting activity of deltoid (Del) (see section 2.4. Recordings and pre-
processing). The monkeys exhibited variable numbers and durations of
the different behaviors (Supplementary Tables 1 and 2). ECoG and EMG
signals were recorded from Monkey J while the monkey freely moved in
a ladder apparatus (width 30 cm, depth 30 cm, and height 120 cm). The
monkey climbed a vertical ladder that was 120 cm tall to reach the top of
the apparatus, where she entered a box to receive a reward. After the
monkey had entered the box, an experimenter moved the monkey to the
bottom of the ladder. The monkey jumped, climbed, and walked in the
apparatus, and grasped a reward (a small piece of marshmallow) using
her hand. Monkey J completed four recording sessions (duration of ses-
sions: 12.5-26.7 min), Monkey H completed six sessions
(28.3-30.8 min), and Monkey S completed seven sessions
(29.2-33.3 min).

2.3. Surgery

After the completion of behavioral training, we separately performed
two surgeries. In the first surgery, a grid electrode array was implanted
on the cortical surface. In the second surgery, wire electrodes were
implanted into multiple forelimb muscles. The second surgery was per-
formed after a sufficient recovery period (at least two weeks). In both
surgeries, we used a mixture of xylazine (0.4 mg/kg) and ketamine
(20 mg/kg) to induce anesthesia in the monkeys, and then used iso-
flurane (exhaled level: 1-2%) to maintain anesthesia. Electrocardio-
grams, percutaneous oxygen saturation levels, and expiratory CO3 levels
were continuously monitored. The depth of anesthesia was monitored
according to expiratory CO5 levels and heart rate. We postoperatively
administered dexamethasone, ketoprofen, and ampicillin.

To implant a grid electrode array on the cortical surface, we made a
craniotomy to expose the premotor cortex, M1, and primary somato-
sensory cortex (S1) on the left (Monkeys J and H) or right (Monkey S)
hemisphere. We implanted a 32-channel grid electrode array in which
the diameter of each electrode was 0.2 mm, and the inter-electrode dis-
tance was 1 mm (Neuronexus, Ann Arbor, MI) beneath the dura mater
(Fig. 1A). The two reference electrodes were placed between the dura
and skull. One reference electrode was placed posterior to the electrode
array, and the other was placed anterior or lateral to the electrode array.
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Fig. 1. Electrocorticogram (ECoG) electrode
locations over the sensorimotor cortex of the
common marmoset. (A) Schematic diagrams
of ECoG electrode locations in the three
monkeys. All monkeys had a 32-channel
subdural grid electrode array over the
sensorimotor cortex. The grid electrode array
was placed on the left hemisphere in Mon-
keys H and J, and the right hemisphere in
Monkey S. Circles represent the locations of
electrodes, with threshold currents (in mA)
and specific evoked movements (Shoulder:
green; Elbow: orange; Wrist: red; Hindlimb:
blue; Neck: cyan). (B) Spectrograms of the
corresponding recording sites in the lever-
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After implanting the array, we fixed a connector onto the skull via dental
acrylic.

Two to three weeks after the implantation of the grid electrode array,
we secured pairs of Teflon insulated wire electrodes of 0.279 mm
diameter (AS631; Cooner Wire, Chatsworth, CA) in the forelimb muscles
of the right (Monkeys J and H) or left (Monkey S) side using silk sutures
(Loeb and Gans, 1986). After we physically removed the coating shield of
Teflon insulation for about 1 mm by a sharp knife, we implanted wire
electrodes in the Del, triceps brachii (TB), biceps brachii, extensor carpi
radialis (ECR), flexor digitorum superficialis (FDS), and flexor carpi
radialis (FCR). We confirmed the location of each EMG implant during
surgery by evoking joint and muscle movement via low-intensity elec-
trical stimulation applied through the wire electrodes.

2.4. Recordings and preprocessing

ECoG and EMG signals were amplified using a wireless head-mounted
transmitter (W64 system; Triangle Biosystems International, Durham,
NC) with a gain of x 800 and sampling rate of 2000 Hz for each elec-
trode. ECoG signals in the present wireless recording were contaminated
with the low-frequency noise related to the animal's movement pre-
sumably due to no connection of the animals' body to the ground. For this
reason, we applied a second-order Butterworth bandpass filter
(10-240 Hz). Even after the filtering, large noise occasionally appeared
in some or most of the electrodes at the same time. This type of noise was
most likely generated by the transient contact failure between connectors
by the mechanical contact of the transmitter to the inner wall of a
marmoset cage. To eliminate these transient large artifacts, we first
detected them by setting a large threshold (ten times the standard de-
viation of the total recorded signal in a single session), and if signal
amplitude exceeded this threshold we interpolated the median value of
the total recorded signal in the session to the epoch of 40 ms starting
before 15 ms of the occurrence of the noise. Then, we computed short-
time fast Fourier transforms on moving 200-ms windows of the pre-
processed signal. We used a step size of 200 Hz to match the sampling
rate of the preprocessed EMG signals. Fig. 1B shows an example of a time-
frequency spectrogram of the cortical activities in the sensorimotor re-
gions in the lever-pull task in Monkey J. We computed the power of each
frequency normalized to the averaged power of that frequency in each
session and calculated the averaged power in the beta (15-35Hz),
gamma (35-60 Hz), and high-gamma (60-180 Hz) bands. In Monkey J,

other cortical regions.

ECoG data from one channel were not transmitted due to the configu-
ration of a connector on the transmitter. Thus, we recorded signals from
31 channels in this animal.

We carried out the temporal filtering of the EMG signals using a
second-order Butterworth high pass filter (200 Hz) to remove the elec-
trocardiogram signal. The EMG signals were rectified and computed in 5-
ms bins. When the EMG signals were preprocessed with a small
smoothing window, the present decoding method using ECoG signals
failed to reconstruct rapid EMG fluctuations (Supplementary Fig. 1A).
Since the prediction accuracy increased and then reached a plateau at
around 41 bins (200 ms, Supplementary Fig. 1B and C) and a similar
filtering parameter has often been used to extract the EMG envelope in
previous literature (Flint et al., 2012a; Shin et al., 2012), we calculated
the smoothed curves for the signals using a mobile window process with
a length of 41 bins. We used EMG signals in which there was no
detectable noise. Some EMG signals were obtained from a single wire
electrode and amplified relative to ground (single-ended recording), and
other signals were obtained from the differentiation between two elec-
trodes inserted into the same muscle (differential recording). We quan-
tified the extent of electrical cross-talk between EMG signals recorded
from different muscles using the method developed by Kilner et al.
(2002). We calculated cross-correlation functions between third-order
differentiated raw EMG signals. If the maximum value exceeded 0.25
in each muscle pair, one muscle was eliminated from the data pool. After
the selection, we used signals from the Del, TB, ECR, and FDS in Monkey
J, Del, and FDS in Monkey H, and Del, FCR, and FDS in Monkey S for
further analysis.

To assess the variability of the EMG profile, we further carried out the
temporal filtering of the preprocessed EMG signals with a second-order
Butterworth low pass filter (2 Hz). If the low-pass signal was above the
threshold (0.05mV) in 50 consecutive bins, the first bin in which the
activity was over the threshold was set as the onset of the activity and the
first subsequent bin in which the activity was below the threshold was set
as the end-point of the activity. We measured the duration of the activity
and the maximum value of the preprocessed EMG signals during the
activity period. We then calculated the coefficient of variation (CV) for
both the duration of the activity and the maximum amplitude as indices
of variability in the shape of the EMG profile. Since the ECR amplitude in
Monkey J was below the threshold for most of the recording sessions,
data regarding the activity of this muscle were not used in our
assessment.
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2.5. Extraction of the covarying activity between recorded EMGs

To extract the covarying activity across the muscles, we applied
nonnegative matrix factorization (NNMF) to the activity of all the mus-
cles that were normalized with the mean of each activity (Tresch et al.,
2006). To extract muscle synergies using the NNMF algorithm, the
number of output components has been determined based on the vari-
ance accounted for (VAF) value between the original EMGs and the
reconstructed EMGs from output components, as follows:

S 000) — ()’

<1— 2>><100
ICORE0)

where y(t) is a vector of the actual muscle activities from the recorded

VAF (%) = (€Y

muscles at time index t. y(t) is the mean of y(t). c(t) is the muscle activity
calculated from output components at time index t. We also determined
the number of components based on the conventional VAF value for
extracting muscle synergies (more than 80%) (Cheung et al., 2012; Takei
etal., 2017). We set the number of NNMF components to one for Monkey
H, two for Monkey S and three for Monkey J in forced forelimb move-
ment and one for Monkey H, and two for Monkeys S and J in natural
whole-body movement (Supplementary Fig. 2).

2.6. Identification of cortical regions

After anesthetizing the monkeys using ketamine (20 mg/kg), we
performed cortical motor mapping by monopolar stimulation through
the grid electrode array at 2 Hz using an electrically isolated, constant
current stimulator (SEN-3401, Nihon Kohden, Tokyo, Japan). Individual
stimulus trains consisted of 12 symmetrical biphasic pulses at 333 Hz,
with a 0.1-ms negative pulse followed by a 0.1-ms positive pulse. The
stimulating current was increased gradually until joint and muscle
movements could be detected. The minimum current required to elicit
movements was recorded as the motor threshold. If no movements or
twitches were evoked at 1.2 mA, the site was defined as “nonresponsive”.
We identified the cortical regions based on both the distribution of the
motor threshold and the marmoset brain atlas (Burish et al., 2008)
(Fig. 1A).

2.7. Decoding using sparse linear regression (SLiR)

We used multidimensional linear regression to model EMG signals as
a weighted linear combination of ECoG signals, as follows:

Y1) =D wir x x(t+16) + b @
kij

where y(t) is a vector of the EMG signal from a single muscle at time index
t. xx(t + 16) is an input vector of ECoG signal k (32 or 31 channels x three
frequency bands) at time index t and time lag 16 (6 = 5 ms). wy; is a vector
of weights on ECoG signal k at time lag 15 (referred to as model), and bis a
vector of the bias term associated with y. We applied a Bayesian SLiR
algorithm that introduced sparse conditions for the channel dimension
only, and not for the temporal dimension of the model. The SLiR auto-
matically and efficiently extracted appropriate feature sets and discarded
less essential signals for many explanatory variables to achieve a better
generalization performance compared with the regularized linear model
(Ganesh et al., 2008). The methodology estimated the weight and the
automatic relevance determination parameters that represented the de-
gree to which the weight contributed to the reconstruction. Relevant
features were selected automatically and unnecessary features were
pruned according to automatic relevance determination parameters.
Since the muscle activity is evoked by neuronal activity, we set the time
lag 15 (Equation (2)) to negative values. We used ECoG signals from
—500ms to time O to decode muscle activity at time O (see
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Supplementary Results for Setting of the decoding parameters).

We divided continuously-recorded data into 50-s epochs. Of these
data epochs, eight epochs were used for generating a model to predict
muscle activity from ECoG data (training data set; see Supplementary
Results for Setting of the decoding parameters). Performance of these
models was assessed by calculating the correlation coefficient between
actual and predicted muscle activities in two epochs (test data set) that
were selected randomly from the residual data epochs. We also calcu-
lated the fraction of variance accounted for (FVAF) between actual and
predicted muscle activities in the test data set, as follows:

000 £ (1))
S0 - ¥(0))

FVAF =1 — 3

where y(t) is a vector of the actual muscle activity from a single muscle at

time index t. y(t) is the mean of y(t). f(¢) is the predicted muscle activity
at time index t. We performed a 5-fold cross-validation.

To obtain a baseline of the decoding results, we performed identical
procedures on a surrogate training data set that was generated by random
shuffling of temporal profiles of inputs independently across different
sessions to generate a model.

To obtain the generalization performance, we applied models that
were built from data in a different session for the same movement, or
data for another type of movement, to the test data set. We calculated the
correlation coefficient and FVAF between actual and predicted muscle
activities in the test data set for each model and obtained the average of
correlation coefficient and FVAF. We considered that the models had a
high generalization capability if both the correlation coefficient and
FVAF were statistically higher than those obtained from surrogate shuf-
fled control data.

SLiR can be used to discard less important signals for many explan-
atory variables; we assigned a weight value of zero to the less important
inputs. We calculated the proportion of selected channels for each fre-
quency band. Additionally, we calculated the proportion of selected
channels for each frequency band in each cortical region. Finally, we
calculated the average of the weight values for each channel in the model
for the prediction of each muscle to assess the contribution of each
channel to decoding.

2.8. Statistical analysis

The data were analyzed using paired Student's t-tests. An alpha level
of significance was set at 0.05 for all statistical tests. Data are expressed as
the mean =+ standard error (mean =+ S.E.) or the mean =+ standard devia-
tion (mean £ S.D.). We used Matlab R2015b (Mathworks, Natick, MA)
for statistical analysis. No statistical methods were used to predetermine
sample sizes. However, these sample sizes have been estimated by pre-
vious methodologically comparable experiments in the laboratory.

2.9. Data availability

The data that support the findings of this study are available from the
corresponding author, T.U., upon reasonable request.

3. Results

3.1. Cortical and muscle activities were simultaneously recorded from
marmosets

Fig. 2A shows simultaneously recorded forelimb muscle activity and
cortical oscillatory activity that occurred while a monkey pulled the
lever. EMG data from proximal and distal forelimb muscles showed the
following profile: activity of Del had a single peak around the time at
which the monkey pulled the lever, activity of TB showed the first peak
around movement onset and a second around the time at which the lever
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Fig. 2. Example of simultaneous recording of electromyogram (EMG) and ECoG
signals during forced forelimb movement. (A) EMG signals from the shoulder
(Del), arm (TB), wrist (ECR) and hand (FDS) muscles for two trials of the lever-
pull task by Monkey J. (B) Signal power in specific frequency bands of the ECoG
signals from 31 electrodes. Red vertical lines represent the time of pulling the
lever. PM: premotor cortex.

was pulled, there was almost no activity of ECR, and activity of FDS
showed a sustained activity compared with that for the proximal muscles.
As shown in Fig. 2B, ECoG signals recorded from some of the electrodes
exhibited movement-related modulation. For example, both beta
(15-35Hz) and high-gamma (60-180 Hz) activities in the M1 showed
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modulation during movement, while gamma (35-60 Hz) activity in the
sensorimotor cortex did not show significant movement-related activity
in Monkey J.

Fig. 3 shows simultaneous recordings of both EMG and ECoG signals
while a monkey moved freely in the cage. The monkey exhibited various
behaviors such as walking on the floor, jumping between sidebars and
the floor, and climbing down from bars to the floor in the cage (Fig. 3A).
The activity of Del tended to be large during jumping compared to during
walking. As expected, natural whole-body movement in the cage
(Fig. 3A) had a more variable EMG profile than did forced forelimb
movement (Fig. 2, Supplementary Fig. 3). High-gamma activity in the M1
and S1 showed movement-related modulations, while beta and gamma
activities in the sensorimotor cortex did not (Fig. 3B). Movement-related
modulations of high-gamma activity were seen across a larger area than
the modulation during forced forelimb movement (Fig. 2).

3.2. ECoG signals encode muscle activity during forced forelimb movement

We examined whether the sensorimotor cortex of marmosets encodes
muscle activity during forced forelimb movement, as reported previously
in restrained animals (Cherian et al., 2011; Flint et al., 2012a; Morrow
and Miller, 2003; Pohlmeyer et al., 2007; Shin et al., 2012). For this
purpose, we applied the SLiR algorithm to the decoding of muscle ac-
tivity from the power in the beta, gamma, and high-gamma bands of the
ECoG signals. Fig. 4A shows the results of a prediction of proximal and
distal forelimb muscle activities in a test data set. The predicted muscle
activity reconstructed the single peak of Del activity at around the time of
pulling the lever and the sustained activity of FDS. The accuracy of the
prediction of all muscles from ECoG data, as measured by the correlation
coefficient and FVAF, was much better than that obtained from surrogate
shuffled control data (Fig. 4B and C, p < 0.05). Thus, the sensorimotor
cortex of unrestrained marmosets appears to encode the activity of
forelimb muscles during forced forelimb movement.

3.3. ECoG signals encode muscle activity during natural whole-body
movement

Next, we examined whether the sensorimotor cortex of marmosets
encodes muscle activity during natural whole-body movement. Fig. 5A
shows the results of a prediction of activity in two forelimb muscles from

Fig. 3. Example of simultaneous recording of
EMG and ECoG signals during natural whole-
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body movement. (A) EMG signals from the
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power
6



T. Umeda et al.

A

Observed Predicted

Neurolmage 197 (2019) 512-526

Fig. 4. Prediction of muscle activity from
cortical activity during forced forelimb

Del R=082 FVAF=0.67 movement. (A) Reconstruction of the shoul-
der (Del) and hand (FDS) muscle activities
— using ECoG signals (Monkey H, the lever-pull
E task). Black and red traces show the observed
° and predicted EMG profiles. The correlation
© fficient (R) and the fraction of variance
e FDS = - coe
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§: and predicted EMG profiles are shown in the
T upper right corner of each graph. (B, C)
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Time (s) correlation coefficient (B) and the FVAF (C)
between the actual and predicted profiles
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an ECoG test data set. The predicted muscle activity reconstructed the
phasic pattern of muscle activity during jumping and sustained activity
during walking. The accuracy of the prediction of all muscles from ECoG
data was much better than that obtained from surrogate shuffled control
data (Fig. 5B and C, Monkeys H and S, p < 0.05). In addition, we trained
one monkey to climb a vertical ladder, which is more object-oriented,
innate behavior of marmoset. The model that predicted muscle activity
from the ECoG data recorded during the task also accurately recon-
structed the overall temporal EMG pattern more effectively than a model
constructed from surrogate shuffled control data (Fig. 5B and C, Monkey
J, p<0.05). Overall, our method accurately decoded muscle activity
from ECoG data recorded during natural whole-body movement.

3.4. ECoG signals encode muscle-specific activity as well as the covarying
activity between multiple muscles

Some of the recorded muscles exhibited a more or less comparable
temporal pattern in their activity for both forced forelimb and natural
whole-body movements (Figs. 2 and 3). We tested whether ECoG signals
encode the covarying components between multiple muscles. For this, we
extracted the covarying component by applying NNMF to all the muscles

and tested if the extracted components could be decoded by ECoG sig-
nals. Fig. 6A and D shows the results of a prediction of the covarying
component from an ECoG test data set during forced forelimb movement
and natural whole-body movement, respectively. For both movements,
the accuracy of the prediction of most of the covarying components from
ECoG data was much better than that obtained from surrogate shuffled
control data (Fig. 6B, C, E, and F, p < 0.05). This suggests that the co-
varying components across the muscles are indeed encoded by the ECoG
signals in both movements.

Next, we examined if the ECoG signals could also encode the muscle-
specific component intrinsic to each muscle, not only the covarying
components among multiple muscles. For this purpose, individual muscle
activity was reconstructed using (1) the models obtained from the co-
varying components and (2) the models obtained from the individual
muscle activity, and compared the accuracy of prediction between them.
The rationale of which is that if the ECoG signals do not encode the
muscle-specific components, the decoding performance of the latter
model (2) is equivalent to the former model (1). Results for the forced
forelimb and natural whole-body movements are shown in Fig. 7. We
found that the accuracy of prediction was significantly lower (p < 0.05)
when the covarying components were used to build the model in 67% (6
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Fig. 5. Prediction of muscle activity from cortical
activity during natural whole-body movement.
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out of 9) of all the recorded muscles in the forced forelimb movement
(Fig. 7A-C) and 11% (1 out of 9) of the recorded muscles in the natural
whole-body movement (Fig. 7D-F). Regarding the context of movement
performed by the monkeys, this difference between the two conditions is
expected and reasonable. During the natural whole-body movement, for
example, the monkeys spent a majority of the recording period per-
forming several types of stereotyped behavior (e.g. locomotion, jumping,
and sitting) which mainly involves synergistic control of multiple mus-
cles. On the other hand, to perform the forced forelimb movement, the
monkeys need to activate multiple muscles in a rather different way to
match the end-point force with the task requirement. Consequently,
ECoG signals more preferentially encoded muscle-specific information in
the forced forelimb movement. Overall, the results suggest that ECoG
signals could encode both the covarying component among muscles and
the muscle-specific component for individual muscles.

3.5. High-gamma activity in the primary motor cortex significantly
contributes to decoding accuracy

Next, we compared the decoding performance between three
different frequency bands of ECoG signals (beta, gamma, and high-
gamma). We explored the proportion of channels that were selected by

the SLiR for each frequency band. For both forced forelimb and natural
whole-body movements, the activity within the high-gamma frequency
band was more frequently selected than that for other frequency bands
(Fig. 8, Supplementary Table 3). This suggests that the high-gamma ac-
tivity could be more informative than other frequency bands. To validate
this result, we examined the most informative frequency band by
building a model from the signal power of individual frequency bands.
Consequently, we found the model using high-gamma activity provided a
more accurate prediction than those from other frequency bands (Sup-
plementary Fig. 4, p < 0.05) for both forced forelimb and natural whole-
body movements. Thus, high-gamma activity in the sensorimotor cortex
encodes muscle activity during natural whole-body movement as well as
forced forelimb movement in unrestrained marmosets.

Next, we identified the ECoG electrode that predominantly contrib-
uted to the decoding output by analyzing the weight value of the high-
gamma activity in each channel for both forced forelimb (Fig. 9A) and
natural whole-body movements (Fig. 9C). Channels with positive values
were predominantly located in the M1. In decoding activity of most of the
muscles (67% during forced forelimb movement and 89% during natural
whole-body movement), the channel with the highest positive value was
in the M1 for both forced forelimb and natural whole-body movements
(Fig. 9B and D). However, the locational bias of weight values was not
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Fig. 6. Prediction of the covarying component
Component 1 (C1) Observed Predicted shared by multiple muscles from the cortical activity.
=) R=0.83 FVAF=068 (A) Reconstruction of the covarying component of
< 0.5+ : ’ EMGs using ECoG signals during forced forelimb
% movement (Monkey H, the lever-pull task). Black and
2 . red traces show the observed and predicted covary-
?EL 0 ing components. The correlation coefficient (R) and
1 1 T 1 . .
< 0 25 50 FVAF between the observed and predicted covarying
Time (s) components are shown in the upper right corner of
each graph. (B, C) Mean accuracy of the prediction of
B - * * * * * * the covarying components of monkeys (Component 1
g 0.8 7 & ® From data (C1) for Monkey H, Components 1 (C1) and 2 (C2)
E i ® ® O From shuffling data for Monkey S, and Components 1 (C1), 2 (C2) and 3
'E 0 i { (C3) for Monkey J). The filled circles depict the
@ g 041 * * p<0.05 correlation coefficient (B) and FVAF (C) between the
o 2 actual and predicted profiles from the data. The open
8 % J circles depict the correlation coefficient (B) and
g E o § § § § FVAF (C) between the actual profile and the profile
L O 0 9 predicted from random shuffling of ECoG signals.
’ Error bars represent the S.E. *p < 0.05 (adjusted for
C 5 - * * * * multiple testing using the Holm method (n = 2)). (D)
1 » Reconstruction of the covarying component using
i e & i ECoG signals during natural whole-body movement
o o o (Monkey H, free movement in the cage). The diagram
é i © © o) uses a similar format for Fig. 6A. (E, F) Mean accu-
E i racy of the prediction of the covarying components of
061 monkeys (Component 1 (C1) for Monkey H, Com-
’ i ponents 1 (C1) and 2 (C2) for Monkeys S and J). The
i i . . i i diagram uses a similar format for Fig. 6B and C.
ct C1 C2 C1 C2 (3
Monkey H Monkey S Monkey J
D Climbing
= Component 1 (C1) R=0.76 FVAF=0.58
< o3
[}
2
=
S 0
<
E . * * * * *
= g
8 ® | & * ]
o 8
° s 047 L *
= & ] 2 o 3 @
E 5 .
2 o o
F 06 * * * *
1 & L ) *
L 01 e e o Q
s 1 5 °
-0.6
ct C1 C2 C1 cC2
Monkey H Monkey S Monkey J
apparent for beta and gamma activity (Supplementary Figs. 5 and 6). 3.6. A larger area of the sensorimotor cortex contributes to decoding during
These results suggest that high-gamma activity in the M1 was the most natural whole-body movement than forced forelimb movement

informative for decoding muscle activity during natural whole-body

movement as well as forced forelimb movement. The color maps in Fig. 9A and C indicate that more electrodes
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Fig. 7. Comparison of prediction performance of models derived from the individual muscle activity and that from the covarying component among multiple muscles.
(A) Reconstruction of the shoulder (Del) and hand (FDS) muscle activities using ECoG signals during forced forelimb movement (Monkey H, the lever-pull task). The
black trace shows the observed EMG profile. Red and cyan traces show EMG profiles predicted by models derived from individual muscle activity and the covarying
component, respectively. The correlation coefficient (R) and FVAF between the observed and predicted EMG profiles are shown in the upper right corner of each
graph. Arrows indicate typical points at which a model derived from individual muscle activity reconstructed the EMG profile better than those derived from the
covarying component. (B, C) Mean accuracy of the prediction of each muscle activity. The filled circles depict the correlation coefficient (B) and FVAF (C) between the
actual and predicted profiles from the data. Red and cyan circles show the performance of models derived from the individual muscle activity and the covarying
component, respectively. Error bars represent the S.E. *p < 0.05 (adjusted for multiple testing using the Holm method (n = 2)). (D) Reconstruction of the elbow (TB)
muscle activity using ECoG signals during natural whole-body movement (Monkey J). The diagrams use a similar format for Fig. 7A. (E, F). Mean accuracy of the
Erediction of each muscle activity. The diagrams use a similar format for Fig. 7B and C.

contributed to the decoding of muscle activity during natural whole-body 3.7. Generalization of models between forced forelimb movement and
movement than during forced forelimb movement. To verify this, we natural whole-body movement was not achieved

explored the proportion of electrodes that were selected by the SLiR for

exhibiting high-gamma activity. First, we examined all electrodes posi- A number of previous studies have reported the successful decoding
tioned over the sensorimotor cortex. More electrodes showed a signifi- of muscle activity during repetitive movements (Flint et al., 2012a;
cant contribution to the decoding of EMG during natural whole-body Morrow and Miller, 2003; Pohlmeyer et al., 2007; Shin et al., 2012). It is
movement than during forced forelimb movement (Supplementary not yet clear whether these results can be generalized to other behaviors,
Table 4). This was the case for only positive contribution (Fig. 10A), particularly natural behavior in daily life. To address this point, we
which suggests that a larger area of the sensorimotor cortex contributed compared the models in terms of generalization performance. We first
to decoding during natural whole-body movement than during forced assessed the generalization performance of models across different ses-
forelimb movement. However, neither beta nor gamma activity showed sions for the same movement. Both indices of the prediction accuracy
any difference in the number of selected electrodes between two types of were better than those obtained from surrogate shuffled control data for a
behavior (Supplementary Fig. 7 and Supplementary Tables 5 and 6). part of muscles (3 muscles in forced forelimb movement and 4 muscles in
Next, we compared the contribution of the electrodes located over three natural whole-body movement; Fig. 11; p < 0.05). We next assessed
discrete regions to the decoding of muscle activity (the M1, premotor generalization performance of models across two types of movements.
cortex, or S1). Over the M1, we found no difference in the number of The correlation coefficient of the model's prediction was better than that
electrodes that contributed to decoding for forced forelimb vs. natural obtained from surrogate shuffled control data for most of the muscles
whole-body movements (Fig. 10B). However, electrodes over both the (Fig. 11A and C), but the FVAF of the model's prediction was not better
premotor cortex and S1 showed a higher proportion of positive contri- than that obtained from surrogate shuffled control data for all the mus-
butions to decoding during natural whole-body movement than during cles (Fig. 11B and D). Furthermore, generalization performance between
forced forelimb movement (Fig. 10C and D). These results indicate that different sessions for the same movement was significantly better than
the premotor cortex and S1 processed more information about muscle that between two types of movements (8 muscles in forced forelimb
activity during natural whole-body movement than during forced fore- movement and 7 muscles in natural whole-body movement, Fig. 11).
limb movement. We confirmed this result by examining covariation be- These results suggested that the model obtained from data in forced
tween high-gamma activity and muscle activity using a correlational forelimb movement could not be appropriately applied to natural
analysis on single channels; we found that high-gamma activity over the whole-body movement, and vice versa.

premotor cortex and S1 was more covariate with muscle activity during

natural whole-body movement than during forced forelimb movement 4. Discussion

(Supplementary Fig. 8). Therefore, a larger cortical area, including the

premotor cortex and S1, contributes to decoding during natural whole- In the present study, we simultaneously recorded cortical and muscle
body movement than during forced forelimb movement. activities in freely moving marmosets. We demonstrated that muscle

activity during forced forelimb movement could be decoded from ECoG
signals recorded over the sensorimotor cortex of marmosets, as is the case

A Forced forelimb B Natural whole-body
* * *
60 - * 60 1 *
* p<0.05

5 5
£ 301 £ 301
[e) o
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<] o
o ) o b

0 0
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Fig. 8. The contribution of each frequency band in the prediction of muscle activity. (A, B) Each bar represents the proportion of electrodes selected by the SLiR in the
prediction of muscle activity from respective frequency bands during forced forelimb (A) and natural whole-body movements (B). Error bars represent the S.E. (n =9
muscles from three monkeys). *p < 0.05 (adjusted for multiple testing using the Holm method (n = 2)).
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Fig. 9. The contribution of high-gamma activity recorded in each electrode to the prediction of muscle activity. (A, C) Color maps represent the weight values of high-
gamma activity at each electrode on the grid in models that predict the activity of a shoulder muscle (Del) during forced forelimb (A) and natural whole-body
movements (C). (B, D) The position of the electrode with the largest positive weight value in the model during forced forelimb (B) and natural whole-body move-
ments (D). Colors represent muscles activity of which were predicted by the model (Del: blue; TB: purple; ECR: green; FCR: gray; FDS: red).

with other species (Nakanishi et al., 2017; Shin et al., 2012). We also
found that the model could be used to successfully reconstruct muscle
activity recorded during natural whole-body movement. For both forced
and natural movements, high-gamma activity in the M1 was identified to
be the most informative signal for decoding. A larger area of the senso-
rimotor cortex contributed significantly to the decoding of muscle ac-
tivity during natural whole-body movement than during forced forelimb
movement. Furthermore, generalization performance of the models
across two types of movements was not achieved. These results indicate
that while a linear combination of ECoG signals yields muscle activity
during both forced forelimb and natural whole-body movements, cortical
signals from a larger area are required for the decoding of muscle activity
during natural whole-body movement. This suggests that decoding
models obtained using the forced, repetitive behavior in many earlier
reports may be specific to that type of movement, and cannot be gener-
alized to other types of movement, such as free movement.

522

4.1. Models for forced forelimb and natural whole-body movements:
common features

We detected a number of common features of models for forced
forelimb and natural whole-body movements. First, high-gamma activity
better predicted muscle activity than beta and gamma activities. High-
gamma activity in local field potentials is considered to represent the
summation of the synaptic transmission near the recording electrode
(Buzsaki et al., 2012; Crone et al., 1998; Ray et al., 2008), and hence is
indicative of neuronal activity near the electrode. Since an ensemble of
neuronal activity in the sensorimotor cortex is known to encode muscle
activity (Cherian et al., 2011; Fitzsimmons et al., 2009; Morrow and
Miller, 2003; Pohlmeyer et al., 2007), it is possible that high-gamma
activity represents information about muscle activity. High-gamma ac-
tivity in local field potentials or ECoG signals is known to contribute to
the decoding of muscle activity, kinematics, and forces during reaching
movements in rhesus monkeys and humans (Chao et al., 2010; Flint et al.,
2012b, 2014, 2017; Milekovic et al., 2015; Rickert et al., 2005; Shin
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Fig. 10. Comparison of models for between forced forelimb movement and
natural whole-body movement. (A) Comparison of the proportion of high-
gamma activity selected by the SLiR in the prediction of muscle activity dur-
ing forced forelimb and natural whole-body movements. The left graph repre-
sents results from electrodes for which the weight value was positive in the
model, and the right graph represents results from electrodes for which the
weight value was negative in the model. The gray circles indicate the proportion
of models for each muscle (n = 9 muscles from the three monkeys), and the red
circles show the average of all the models. *p < 0.05. (B-D) Comparison of the
proportion of selected high-gamma activity recorded from electrodes at the M1
(B), premotor cortex (C), and S1 (D) (M1: n = 9 muscles from the three monkeys;
premotor cortex: n =7 muscles from two monkeys; S1: n = 6 muscles from two
monkeys). The diagrams use a similar format for Fig. 10A.

<
<

et al., 2012; Zhuang et al., 2010). Our findings not only confirm these
previous results (Fig. 4), but also extend these findings to natural
whole-body movement (Fig. 5). A lower contribution of beta and gamma
activity to decoding muscle activity was also a common feature between
both forced and free movements, which also supports previous findings
in monkeys (Flint et al., 2012a; Shin et al., 2012). By contrast, it is well
known that cortical activity in the sensorimotor cortex is synchronized
with muscle activity at a lower (beta) frequency range during isometric
contraction (Baker et al., 1997; Conway et al., 1995; Mima and Hallett,
1999). A lower contribution of the beta range (Fig. 8 and Supplementary
Fig. 4) than the high-gamma range may suggest that beta band cortico-
muscular coherence might play roles other than generating a global
pattern of muscle activity.

For both types of movements, the M1 region provided the most useful
information for decoding muscle activity. This is in agreement with
previous studies (Ball et al., 2009; Flint et al., 2014; Nakanishi et al.,
2017; Schalk et al., 2007; Shin et al., 2012). Additionally, we propose
that the contribution of the M1 was not restricted to forced movement,
but was also applicable to natural movement.

4.2. Models for forced forelimb and natural whole-body movements:
independent features

We found a difference between the models for forced forelimb vs.
natural whole-body movements, and there was a poor generalization
performance of the models between the two movements. Specifically, the
size of the cortical area that contributed to the decoding of muscle ac-
tivity was different between these two movements; a larger area of the
sensorimotor cortex was involved in natural whole-body movement than
forced forelimb movement. This finding is somewhat unexpected given
the well-known contribution of spinal and subcortical systems in eliciting
locomotion (Kiehn, 2006; Orlovsky et al., 1999), which was the type of
behavior most frequently observed when monkeys were freely moving in
their cage (Fig. 3A, Supplementary Tables 1 and 2). However, recent
studies have shown that the motor cortex is involved in leg movement
control, even during natural walking (Artoni et al., 2017; DiGiovanna
et al., 2016).

The fact that a larger area of the sensorimotor cortex contributed to
the decoding of muscle activity during natural movement may be due to
greater variability in both motor and sensory information during natural
movement compared with forced movement. For example, the shape of
the EMG profile during natural whole-body movement was more varied
than that during forced forelimb movement (Supplementary Fig. 3). A
previous report has indicated that more complex limb kinematics are
associated with a greater number of neuronal populations required to
decode the hindlimb kinematics (Fitzsimmons et al., 2009). Since muscle
activity represents the output from the “final common pathway”, greater
variation in EMG profiles might reflect variable motor commands from a
larger area of the motor cortex. Variable sensory inputs to the cerebral
cortex may also play a role in this phenomenon. Since the sensorimotor
cortex receives multimodal sensory information during movement
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(Kuehn et al., 2018; Tkach et al., 2007; Waldert et al., 2015), the
involvement of a larger area of the sensorimotor cortex might reflect
richer sensory inputs provided by the external world to these cortical
regions during the behavior in a naturalistic environment.
Generalization performance of the models between two types of

Model from different sessions for the same movement > Model from the shuffling data
Model from another type of movement > Model from different sessions for the same movement

Model from another type of movement > Model from the shuffling data

movements was low (Fig. 11). This conclusion was based on the result of
low FVAF values, which means that the models could not accurately
predict the shape of the EMG profile. It is noteworthy, however, that the
correlation coefficients derived from the model were better than those
obtained from the surrogate shuffled control data. Since this correlation
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coefficient was obtained from a whole 50-s epoch of data that contains a
frequent alternation between active and non-active period, it may more
preferentially represent the active period, rather than the EMG shape, of
each behavior. In that case, it is possible that ECoG signals might pref-
erentially encode the active period of ongoing behaviors, but not its
quality, in a common way for both forced forelimb and natural whole-
body movements. In any case, these results indicate that decoding per-
formance is movement-specific.

4.3. Future applications

Various models of human diseases involving impaired movement
have been developed with the common marmoset. These include models
of artificial cerebral infarction (Bihel et al., 2010; Ikeda et al., 2013;
Marshall and Ridley, 1996; Puentes et al., 2015; Virley et al., 2004),
spinal cord injury (Bowes et al., 2013; Fouad et al., 2004; Iwanami et al.,
2005; Kobayashi et al., 2012), and transgenic spinocerebellar ataxia
(Tomioka et al., 2017). The applications of these models in preclinical
research are limited, partly due to the challenges in evaluating their
behavioral phenotypes using classical methods. Since these models
inherently involve movement disorder/disability, monkeys may not be
able to perform pre-trained movements. The ability to decode behaviors
observed in freely moving animals will be useful for preclinical studies
using these disease models because it does not require animals to perform
any pre-trained movement.

The proposed decoding approach using a wireless recording system
could potentially be applied to other species. Application in rodents
would be especially advantageous because, unlike primates, an abundant
number of human disease models have been established in rodents
(Vandamme, 2015). Since individual techniques such as recording of
muscle activity (Bercich et al., 2016) and cortical activity (Jia et al.,
2018; Khorasani et al., 2016) using wireless recording from rodents have
been independently reported, a combination of these technologies may
enable analyses of cortical effects on movement in various disease
models.

The proposed technique may also be applied to the field of BMI for
human patients. One potential application is the functional electrical
stimulation of muscles to move individual limbs. By generating electrical
stimulus parameters based on predicted muscle activity, researchers have
been able to use electrical stimulation to restore lost motor functions in
tetraplegic patients and monkeys with a paralyzed hand (Ajiboye et al.,
2017; Bouton et al., 2016; Ethier et al., 2012; Moritz et al., 2008).
Another application could be the calculation of endpoint kinematics of
prosthetic hands from muscle activity, using a similar algorithm to
simulate limb kinematics from muscle activity (Crouch and He, 2015).
According to the poor generalization performance between two types of
movements found in the present study, decoders should ideally be built
from data obtained under the same condition as the prosthetic hand is
used. With the application of this technique to unrestrained, freely
behaving patients, BMI techniques have an increased potential for
improving the quality of life in patients with movement disorders.
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