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Abstract
Background: Decoding movement-related signals from widespread brain areas may be advantageous
given that diverse brain areas are activated for complex movements and imagined movements.
Electrocorticography (ECoG) is a bene�cial option in that it covers wide brain areas with a high signal-to-
noise ratio. Here, we used ECoG to decode human reach-and-grasp movements and imagined
movements.

Method: Twenty-two epileptic patients with intracranial electrodes were asked to execute and imagine
reach-and-grasp movements toward random targets with training periods of 8.2± 3.4 days. A multiple
linear regression algorithm was used to estimate the o�ine prediction of the movement and imagined
movement trajectories.

Result: The three-dimensional reaching trajectories were decoded in motor execution (ME) and motor
imagery (MI) tasks. The mean correlation coe�cients for the x-axis, y-axis, and z-axis were
correspondingly 0.5, 0.53, and 0.51 for the ME and 0.37, 0.19, and 0.28 for the MI.

Conclusion: MI could be decoded in subjects who were acutely trained with acceptable performance
when given a random target presentation task. ECoG brain-machine interface (BMI) given its wide
coverage may be practical for decoding movements with multiple degrees of freedom in humans.

Introduction
In the 1970s, it was revealed through single-cell recordings of the monkey primary motor coetex (M1) that
certain cells in the M1 �re in a preferred direction 1. This has evolved into a brain-machine interface (BMI)
that connects neural signals to external devices. Several signal platforms can be used as input signals
for BMIs in a clinical setting. Microelectrode arrays (MEAs) were used in monkeys 2 and in paralyzed
patients 3-5, as such arrays are known to convey large amounts of information. However, these signals
were not from diverse cortical areas and used only selected areas (e.g., M1, posterior parietal cortex).
Small, high-impedance recordings make penetrating electrodes vulnerable to signal degradation due to
encapsulation, resulting in device failure. These are crucial obstacles that currently prohibit their clinical
use in humans. Recently, signals linked to macro-scale oscillation activity, such as electrocorticography
(ECoG), have emerged as BMI candidate signals. ECoG, with long-lasting signal quality, can record local
activities from multiple neurons and does not require the penetration of brain tissue. Thus, ECoG
recordings from the cortical surface could be a powerful and practical alternative to current BMI recording
methods.

However, because the people who most need BMI are disabled and cannot move (e.g., spinal cord injury,
locked-in syndrome), they use BMI using motor imagery (MI), in which a person imagines a body part
moving without corresponding motor output 6. In 1995, MI was conceptualized as a type of movement 6.
Since then, numerous neurophysiological studies have reported MI activities. However, the activities
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during MI have been found to be less intense than those of ME 7,8. A magnetoencephalography (MEG)
study found low-frequency activity with MI 7. With ECoG in MI, a similar neural pattern was detected on
the sensorimotor cortex, reminiscent of ME 8,9. Moreover, functional magnetic resonance imaging (MRI)
studies revealed that the super�cial layer of M1 was activated in both ME and MI conditions, while the
deep layer of M1 was only activated in the ME condition 10. Hence, MI could be decoded like ME signals,
though these outcomes are less active and limited. 

Numerous studies have attempted to decode MI in BMI in various ways. First, in MEA studies, researchers
used the neural activity from the M1, not from diverse brain activities, similar to how actual movements
are decoded 3,4. Moreover, most studies which used ECoG signals mainly decoded simple movements,
such as two-dimensional control using MI signals 11-14, and classi�ed two classes of MI 15. Except for
one study 16, researchers have not decoded complex movements of MI such as three-dimensional arm
trajectories using ECoG signals. We intended to decode these types of three-dimensional MI signals with
a regression method. Moreover, because diverse brain areas are activated during MI 17-20, we attempted to
incorporate features from wide cortical areas that may be useful for movement decoding. Also, to
address the gap between ME and MI, we asked the patients who were subjects here to perform ME and MI
in turn to facilitate their somatosensory imagination, also known as kinesthetic motor imagery (KMI).

The present study aimed to examine whether using ECoG signals from the widespread motor-related
areas would be useful for three-dimensional arm movements and for movement imagery decoding and
whether the decoding performance of this method is comparable to that of population neural activities.
Therefore, we hypothesized that MI could be decoded identically to ME decoding, even if underperforming
ME.

Methods

Patients
We recruited medically intractable epilepsy patients who needed intracranial electrodes for localizing the
seizure onset zone and for functional mapping. The experiment involved a total of 22 patients (11
females; age range, 21-49 years). However, four datasets were excluded from the analysis due to
technical issues when recording the neural signals. Also, one of the remaining subjects failed to perform
ME properly due to arm weakness, causing the data from this additional patient to be excluded (Figure 1).
Subdural ECoG electrodes were used as strips and/or grids (Ad-tech Medical Instrument, Racine, WI, USA)
and high-density grids (PMT Corporation, Chanhassen, MN, USA). The locations of the electrodes were
purely determined for clinical purposes and are illustrated in Figure 2. ECoG electrodes were implanted for
8.2 ± .4 days and the experiment were performed once, except for S1, S4, S8, and S10, who participated
twice. The average task time for the experiment was 42.3±7.5 minutes. For each patient, preoperative MR
images and postoperative computed tomgraphy (CT) images were acquired. Co-registrations between
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preoperative MRI and postoperative CT images for localization of ECoG electrodes were performed semi-
automatically using CURRY software (version 7.0; Compumedics Neuroscan).

This study was performed under the Declaration of Helsinki and was approved by the Institutional Review
Board (IRB) of Seoul National University Hospital (1403-093-566). All patients provided written informed
consent before participating. Table 1 contains demographic and clinical information for all 17 patients.
All of them were right-handed, and all electrode arrays were located in the unilateral hemisphere.  

Instructions and Tasks
The patients performed three-dimensional center-out reach-and-grasp tasks. Patients moved their arm
contralateral to the implantation sites. The task comprises ME and MI. Each trial consisted of a cue,
reaching, grasping, and return periods. Before the task, the patients had to position in the initial status,
referring to the positioning of the patient's hand in front of their abdomen (see Figures 3A and 3B). In the
cue period, the experimenter presented a target ball in one of the four directions to the patients. The
position of the target was the corner of a square, and the center of the square was the position of the
hand in the initial status. Patients were instructed to move their arm as far as possible toward the target.
This was done to elicit the greatest difference in movement that the subject could make with his/her
arms. The target position was slightly different despite the fact that it was in the same quadrant because
the experimenter presented the target at every trial. After the cue period, the patient reached the target ball
and when they completely reached the target, they grasped around the target. This occurred because the
experimenter presented the target outside of the range of where the patient could reach and grasp while
sitting. They then returned to their initial status in the grasped state. They released their grasp when they
completely reached the initial status (Figure 3C). After the movement task, the patients performed an
imagery task. From the initial status, after the experimenter presented the target ball, the patients were
asked to perform kinesthetic imagery by feeling the somatosensations of the prior movement. In the
imagery task, the target direction was identical to that in the previous execution task because motor
imagery is di�cult to perform without any prior sensory stimuli 21,22. The four directions of the target
were presented in a random order. A block consists of an execution trial and an imagery trial. One session
was composed of several blocks. The number of trials for each subject is illustrated in Table 1. For
subject 1 and subject 3, the ME task was performed more frequently. All experiments were recorded on
video to monitor the task performance of the patients. 

Electrophysiological Recordings and Preprocessing
ECoG data were recorded with a 128-channel ampli�er system (Neuroscan synamps2, Compumedics,
Abbotsford, Victoria, Australia). The movements of the arm and hand were tracked by a motion-capture
system with an active optical marker. Six markers were �xed to the patients’ arms and hands,
contralateral to the implanted hemisphere (3D investigator, Northern Digital Inc., Waterloo, Ontario,
Canada) during the neural signal recording process. The sampling frequency was 2,000Hz for the ECoG.
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Kinematic data were sampled at 100Hz and were synchronized with ECoG signals. We delivered a 5 V
input simultaneously to all devices before starting the sessions to synchronize the ECoG ampli�er and the
motion tracker (i.e., through the transistor-transistor logic (TTL) port of the ECoG ampli�er and the
external trigger port of the 3D investigator ampli�er). In the imagery trials, because it was impossible to
�nd the exact onset time, the experimenter noted only the target presentation time. The common average
reference (CAR) was used to re-reference the recorded data. To remove power noise at 60 Hz and the
related harmonics, the signals were notch-�ltered with a �nite impulse response (FIR) �lter using the
eeg�lt function in the EEGLAB toolbox 23. We used splitters and Y-shaped connectors, allowing us to send
signal copies of voltage traces to the clinical ampli�er so as not to interrupt the clinical monitoring
process.

Decoding Algorithms
We used a simple regression algorithm from the published literature 24. Brie�y, low-frequency ECoG
signals (0.5-8 Hz) were used to predict the movement velocity. Velocity predictions were selected because
it is known that velocity provides higher performance than position and acceleration 25. We chose a low
frequency because the low frequency band shows the highest performance 26. We analyzed low
frequency bands as in our previous papers 24,27. The signals resampled at an interval of 12ms were used
to estimate the current movement velocity 28. We also estimated the current movement velocity using the
current time point plus the corresponding 20 previous time points (for a total of 21 points) corresponding
to 252ms intervals 28. These 21 points for all channels were used as features; also, the x, y, and z
velocities of the movements were estimated using a multiple linear regression method, as follows:
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Evaluation of the prediction performance
We calculated the correlation coe�cients using �ve-fold cross-validation. This method separates the data
into four-�fths for training and one-�fth for testing 29. Therefore, �ve combinations of training and testing
data were available. Weight parameters were obtained using the training data, and the correlation
coe�cients of the estimations were evaluated using the testing data by calculating the Pearson’s
correlation coe�cients (r) between the real and predicted movement trajectories for each cross-validation
fold. The correlation coe�cients were averaged throughout the cross-validation folds.

Trajectories of Arm Movements
To visualize the trajectories of the real and predicted arm movements, we compute the position by
integrating the actual velocity and the predicted velocity, respectively. Given that the motion tracker
measures the position data, we differentiated the position data to calculate the velocity. The initial status
was set to zero when visualizing the results. We illustrated the trajectories only during reaching
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movements. Because the patients did not move under the MI condition, the averaged trajectory of ME
was used as the MI trajectory in each case when training the weights for the MI condition (Figure 4C).

Results

Decoding Performance
The mean Pearson’s correlation coe�cients between the real and predicted trajectories (ME and MI,
respectively) are shown in Table 2. The mean correlation coe�cients for the x-axis, y-axis, and z-axis for
17 subjects were correspondingly 0.5, 0.53, and 0.51 for ME and 0.37, 0.19, and 0.28 for MI. The average
correlation coe�cients of the �ve subjects with the highest correlations were likewise 0.59, 0.67, and 0.63
for ME and 0.49, 0.38, and 0.49 for MI. 

The arm trajectory is successfully decoded from the widespread cortical areas. This indicates that in
addition to the primary motor cortex, the movement information is encoded in other cortical areas. The
performance was varied between ME and MI. Figure 4 shows the data from subject 8, whose decoding
performance of MI was highest among all subjects. Figures 4A and 4B show the ME and predicted ME
trajectories, respectively. Figures 4C and 4D likewise show the averaged ME trajectory used to train the MI
data and the predicted MI trajectory.

Discussion
In this study, we asked patients undergoing ECoG recording to move their natural arm and to perform
imaginary movements in turn. The correlation coe�cients between the real and predicted ME trajectories
were comparable to those in recent studies which decoded three-dimensional arm movements (average
Pearson’s correlation coe�cients for velocity were 0.45, 0.35 and 0.42 in �ve patients) 30. In addition, the
decoding performance of MI is comparable to the results after the training of tetraplegic patients to use
attempt movement-based BMI for one to two years with wireless ECoG implantation 16. 

It is generally thought that ECoG signals are not su�cient to decode MI owing to their low level of
informativeness compared to MEAs. However, we demonstrated that ECoG signals can be used to predict
three-dimensional reaching movements and movement imagery with a high correlation coe�cient using
simple regression algorithms. This may have been possible due to the bene�t of collecting movement-
related signals from broader brain areas, which is important for complex movements. Diverse brain
regions are involved in skilled movements, such as reaching and grasping, as skilled movements require
multiple cognitive functions, such as generating potential action plans, selecting from among them, and
converting the plans into detailed motor commands 31.  

We designed a task paradigm similar to that in our previous paper 32. We used a block design because
movement imagery is di�cult without any preceding practical task 21. We also expect that the prior
execution tended to prime the imagery sequences and to elicit somatosensations easily when performing
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MI 33. Also, our previous paper showed signi�cant Pearson’s correlation coe�cients (p < 0.01) between
the connectivity of ME and KMI 32, suggesting that ME and MI share similar brain networks.

We found that neural signals during ME and MI are successfully decoded through ECoG signals (Table 2).
High performance of ME and MI decoding could be established by large-scale neural signal acquisitions.
Also, we trained our subjects in four directions, but the target positions in each direction differed slightly.
Therefore, we can argue that we trained subjects with the paradigm of random target tasks and
successfully decoded these types of neural activities. It could thus be further presumed that the subjects
may have used their natural movements easily with this type of BMI.

Some subjects showed high decoding performance in ME, while MI showed low performance (e.g.,
Subject 3). Decoding of an actual movement is primarily governed by the movement-related information
from the predestined location of the electrodes. Therefore, if the patient's ME performance is low, it is
reasonable to conclude that there may be little movement-related information from the electrodes.
However, if the subject’s decoding performance in ME is high but low in MI, this may not be due to low-
movement-related information per se, but to other reasons. One plausible reason is BMI illiteracy 34. More
training time, additional training methods, and feedback are needed to train people with BMI illiteracy.
However, the training time is limited here due to the clinical monitoring period. Therefore, more research is
needed to train people who are not adept with regard to their use of these types of BMIs, and it is
expected that the correlation coe�cients between the real and predicted trajectories would increase
through su�cient training.

Although our results exhibited high performance, the study has limitations in that we made only o�ine
predictions. For more practical meaning, closed-loop BMI should be implemented, as feedback
information is crucial for learning MI. Future research should provide feedback information to the
subjects when training MI. The second limitation of the present study is related to the variability of
performance outcomes. For example, the correlation coe�cients of subject 5 in the ME condition were
0.40, 0.19, 0.30 for the x, y, and z axis, respectively, representing the lowest performance on ME among all
subjects, while the highest performance outcomes on ME were 0.63, 0.67, and 0.73 for x, y, and z axis
respectively, by subject 8. The locations of the electrodes can be a cause of the performance variability.
The electrode location of subject 5 was mainly in the temporal lobe, with 12 electrodes, the lowest
number of electrodes among the subjects (average number of electrodes for the 17 subjects = 34±14).
However, subject 8 had 54 electrodes in the temporal, parietal and occipital cortexes (37, 13 and 4,
respectively). This may explain the high performance in this case, as the electrode number is crucially
related to the decoding performance 35. The low performance of MI could be the reason for the BMI
illiteracy. However, the high performance of MI by subject 8, as illustrated in Figure 4, was exceptional and
thus can infer that subject 8 is an excellent participant in the MI control task. 

Conclusion
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In this study, we show that the decoding performance of MI, which performed an average of 1.24±0.42
experiments per subject, was acceptable. The acceptable performance of ECoG-based BMI can be
attributed to the fact that subjects performed MI after actual movements, which could facilitate
kinesthetic sensation. These �ndings imply that patients with tetraplegia can use BMI by using MI with
multiple degrees of freedom. This result will open up new vistas on ME and MI in the research on ECoG
BMI.
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Table 1 

CHARACTERISTICS OF THE SUBJECTS
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Diagnosis Electrode location Number of electrodes Sex/Age Trial number
 (ME)/(MI)

S1 TLE Frontal Lobe 5 M/41 171/56

Temporal Lobe 12

Parietal Lobe 15

S2 FLE Frontal Lobe 25 M/29 126/126

Temporal Lobe 4

Parietal Lobe 3

S3 TOLE Frontal Lobe 10 F/32 123/70

Temporal Lobe 4

Parietal Lobe 4

Occipital Lobe 4

S4 FLE Frontal Lobe 14 F/22 286/286

Temporal Lobe 25

Parietal Lobe 17

S5 Medial-TLE Frontal Lobe 2 F/29 169/169

Temporal Lobe 10

S6 TLE Frontal Lobe 10 F/23 166/166

Temporal Lobe 33

Occipital Lobe 1

S7 FLE Temporal Lobe 10 M/24 172/172

Parietal Lobe 29

Occipital Lobe 23

S8 TLE Temporal Lobe 37 M/28 227/227

Parietal Lobe 13

Occipital Lobe 4

S9 TLE Frontal Lobe 9 F/22 159/159

Temporal Lobe 11

Parietal Lobe 4

S10 TLE Frontal Lobe 3 F/27 237/237
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Temporal Lobe 9

Parietal Lobe 6

S11 TLE Frontal Lobe 13 F/36 158/158

Temporal Lobe 18

Parietal Lobe 11

S12 TLE Frontal Lobe 7 M/21 148/148

Temporal Lobe 12

Parietal Lobe 5

S13 TLE Frontal Lobe 15 F/29 84/84

Temporal Lobe 28

Parietal Lobe 7

S14 TLE Frontal Lobe 11 M/58 143/143

Temporal Lobe 12

Parietal Lobe 16

Occipital Lobe 1

S15 TLE Temporal Lobe 17 M/49 164/164

Parietal Lobe 9

Occipital Lobe 2

S16 TLE Frontal Lobe 1 M/36 152/152

Temporal Lobe 8

Parietal Lobe 5

Occipital Lobe 2

S17 TLE Frontal Lobe 7 F/31 173/173

Temporal Lobe 13

Parietal Lobe 6

TLE, temporal lobe epilepsy; TOLE, temporo-occipital lobe epilepsy; FLE, frontal lobe epilepsy; F,
Female; M, Male;
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Table 2
 TRAJECTORY CORRELATION COEFFICIENTS (PEARSON’S R) OF REAL AND PREDICTED ARM

TRAJECTORIES.

Corr(ME) Corr(MI)

 x y z x y z

S1 0.60 0.51 0.46 0.67 0.06 0.31

S2 0.35 0.21 0.32 0.08 0.10 0.12

S3 0.42 0.72 0.54 0.12 0.19 0.16

S4 0.57 0.72 0.56 0.54 0.42 0.57

S5 0.40 0.19 0.30 0.26 0.07 0.04

S6 0.65 0.71 0.58 0.50 0.37 0.45

S7 0.53 0.55 0.55 0.21 0.08 0.09

S8 0.63 0.67 0.73 0.63 0.63 0.68

S9 0.63 0.67 0.66 0.53 0.34 0.56

S10 0.37 0.63 0.57 0.30 0.36 0.46

S11 0.47 0.57 0.59 0.25 0.13 0.18

S12 0.72 0.49 0.44 0.41 0.05 0.15

S13 0.55 0.44 0.47 0.39 -0.13 -0.10

S14 0.38 0.55 0.63 0.18 0.10 0.25

S15 0.39 0.44 0.49 0.32 0.32 0.32

S16 0.41 0.48 0.45 0.46 -0.05 0.23

S17 0.48 0.48 0.34 0.42 0.24 0.21

Figures
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Figure 1

Subject recruitment �ow diagram
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Figure 2

Locations of ECoG electrodes in all subjects
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Figure 3

An example of the initial status from this study: (A) top-view of the initial status, (B) lateral view of the
inietial status, and (C) graphical illustration of the task design
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Figure 4

Real and predicted arm trajectories of subject 8, each color indicates one of four different directions. A)
trajectory of ME, B) predicted ME trajectory, C) average of the ME trajectory used for training MI data, and
D) predicted MI trajectory


