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  Abstract— Brain-machine interfaces (BMIs) translate 

brain signals into control signals for an external device, 

such as a computer cursor or robotic limb.  These signals 

can be obtained either noninvasively or invasively. Invasive 

recordings, using electrocorticography (ECoG) or 

intracortical microelectrodes, provide higher bandwidth, 

more informative signals. Rehabilitative BMIs, which aim 

to drive plasticity in the brain to enhance recovery after 

brain injury, have almost exclusively used non-invasive 

recordings, such electroencephalography (EEG) or 

magnetoencephalography (MEG), which have limited 

bandwidth and information content. Invasive recordings 

provide more information and spatiotemporal resolution, 

but do incur risk, and thus are not usually investigated in 

people with stroke or traumatic brain injury (TBI).  Here, 

we describe a new BMI paradigm to investigate the use of 

higher frequency signals in brain-injured subjects without 

incurring significant risk.  We recorded EEG in TBI 

subjects who required hemicraniectomies (removal of part 

of the skull). EEG over the hemicraniectomy (hEEG) 

contained substantial information in the high gamma 

frequency range (65-115 Hz). Using this information, we 

decoded continuous finger flexion force with moderate to 

high accuracy (variance accounted for 0.06 to 0.52), which 

at best approaches that using epidural signals. These results 

indicate that people with hemicraniectomies can provide a 

useful resource for developing BMI therapies for the 
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I. INTRODUCTION 

RAIN-MACHINE interfaces (BMIs) translate brain 

signals, obtained via both non-invasive and invasive 

methods, into control signals for some external device, such as 

a computer cursor or robotic limb. BMIs that seek to replace 

function through the control of an external device are termed 

assistive BMIs.  Recently, groups have begun to investigate 

BMIs for rehabilitation, aiming to enhance the brain’s own 

recovery after stroke or injury instead of replacing function [1], 

[2]. The concept of rehabilitative BMIs is to drive plasticity, 

most likely by facilitating some type of simultaneous pre- and 

post-synaptic activity [3]. Yet, these types of BMIs have almost 

exclusively relied on non-invasive methods, such as EEG or 

MEG, which provide limited bandwidth (<30 Hz for EEG) and 

spatiotemporal resolution. 

Signals obtained with invasive recording techniques, such as 

subdural ECoG or intracortical microelectrodes, provide higher 

bandwidth, and more informative, signals, such as neural 

spiking activity or broadband high gamma activity (HG, 65-

115Hz) for BMI control [4]–[6]. The higher spatiotemporal 

resolution and information content of neural signals obtained 

invasively, such as high gamma [7], may enable BMIs to drive 

plasticity more effectively due to enhanced synchrony between 
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co-activated regions. However, the risks and expenses 

associated with the surgery required to implant intracranial 

electrodes form a formidable barrier to investigating BMIs that 

use higher fidelity invasive signals in potential end-users. Here, 

we propose a new paradigm to address such limitations: BMIs 

that use the HG acquired from the scalp in people with 

traumatic brain injuries. 

Some patients with severe traumatic brain injury (TBI) 

require hemicraniectomies—removal of part of the skull to 

alleviate or control intracranial pressure—to prevent brain 

herniation [8]. The patients often wait multiple weeks to several 

months until the piece of skull is replaced [9]. Without the 

highly-dense skull present, the EEG over the hemicraniectomy 

(hEEG) provides signals with higher amplitude [10], as well as 

higher spatial resolution [11].   

hEEG signals from motor areas have increased amplitude 

and bandwidth, including HG band, and have been shown to 

modulate with hand movement onset, albeit in a limited sample 

[12]. Analogous studies, using invasive techniques, have shown 

finger kinematics during grasp movements can be decoded 

accurately using high gamma signals from subdural [13], [14] 

and epidural [14] electrodes. Finger pinch force can also be 

decoded with high accuracy using the HG from ECoG [15].  

Here, we investigated the suitability of the hemicraniectomy 

model in TBI survivors as an approach for developing 

rehabilitative BMIs for the treatment of people with brain 

injuries. We designed an automated method to reduce muscle 

and eye artifact-related information, while preserving relevant 

high-gamma information, from the hEEG signals of these 

subjects. We examined the extent to which HG in hEEG can be 

used to decode continuous pinch force. We worked with TBI 

survivors that had received hemicraniectomies and were 

undergoing acute inpatient rehabilitation. We found that hEEG 

carried sufficient information in the high gamma range to 

decode finger flexion force with reasonably good accuracy. The 

ability to decode grasp force is particularly important in BMIs 

that are intended to restore grasp (via FES or prosthetic hands). 

These results indicate that this paradigm is a useful platform for 

developing both rehabilitative and assistive brain-machine 

interfaces for the treatment of traumatic brain injury, and 

possibly for stroke as well. 

II. METHODS  

A. Neural Recordings 

We recorded from seven adult participants who had 

undergone decompressive hemicraniectomies after suffering 

traumatic brain injuries. All participants in the study signed 

informed consent forms. Experiments were conducted in 

Chicago, at the Rehabilitation Institute of Chicago (subjects A, 

B, & C) and the Shirley Ryan Ability Lab--the new name for 

the Rehabilitation Institute of Chicago, subjects D & G--and at 

the Rancho Los Amigos National Center for Rehabilitation in 

Los Angeles (subjects E & F). Experimental protocols were 

approved by the Institutional Review Boards of Northwestern 

University and Rancho Los Amigos National Rehabilitation 

Center. Subjects A, E, and F underwent hemicraniectomies over 

their left hemisphere, while subjects B, C, D, and G underwent 

hemicraniectomies over their right hemisphere. For subjects D, 

E, F, & G (18 of the 23 datasets), the location of the 

hemicraniectomy was demarcated with respect to the EEG 

electrodes, whereas, in the case of subjects A, B, & C (5 of the 

23 datasets), only the hemisphere of the hemicraniectomy was 

recorded. All sessions were conducted prior to cranioplasty. For 

subject A, EEG was recorded using a 64-electrode actiCAP 

(Brain Products, Inc.). For subject B, EEG was recorded using 

a 160-electrode headcap with the Active2 system (Biosemi, 

Inc.). In all other subjects, EEG was recorded using a 128-

electrode actiCAP (Figure 1A, 1B).  To ensure good contact 

between electrodes and the skin over the craniectomy, we 

placed several sheets of cotton gauze on top of the cap over the 

craniectomy side, then wrapped the cap gently with kerlix 

gauze.  EEG signals from all cap types were amplified, filtered 

with a pass-band from 0.3 to 500 Hz, and sampled at 2 kHz 

using a Neuroport Acquisition System (Blackrock 

Microsystems).  

B. Behavioral Task 

Subjects performed a 1-dimensional continuous force-

matching task (Figure 1C) with their arms resting in their lap 

while sitting in a chair or in their hospital bed. Subjects pressed 

 
 

Figure 1. Experimental setup. (A) Subject wearing 128-electrode EEG actiCAP (B) Electrodes above hemicraniectomy (hEEG, 

yellow) shown for same subject from the same perspective. (C) Illustration of 1-dimensional continuous finger-flexion force 

matching task (D) Electrodes over the central (green) and peripheral (red) regions shown from overhead view 
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on a load cell by flexing the thumb contralateral to their 

hemicraniectomy site. The generated force controlled the one-

dimensional position of a cursor on a screen placed in front of 

the subject. Targets appeared at randomly selected force levels 

ranging from 0 to 70 N. The subject had three seconds to hit a 

target by generating the appropriate force on the load cell with 

their thumb and holding within the target for 100 ms. At the end 

of each trial, the target would disappear, and a new target would 

appear one second later. A daily session consisted of one or 

more runs: each run lasted 5 minutes, ranging from 15-51 trials. 

A total of 23 runs across the 7 subjects were analyzed for this 

study. 

C. Artifact Removal 

Since EEG can be contaminated by artifacts from eye 

movements (EOG) and head and neck muscles (EMGs), we 

sought to remove these artifacts from hEEG. We modified 

established methods, which are focused largely on low-

frequency, EOG artifacts. Using EEGLAB [16], we first low-

pass filtered the data at 300 Hz with a two-way least squares 

FIR filter, and then performed independent component analysis 

(ICA) on the data. We created a novel, automated method, 

termed annular component removal (ACR), for artifact removal 

using these components. More specifically, in ACR, the 

components were first categorized into two regions of 

activation. The central region was composed of electrodes that 

were posterior to and including the F-row, anterior to and 

including the P-row, and no more lateral than column 5/6 

(Figure 1D). The peripheral region was composed of all other 

electrodes, including those anterior to the F-row, posterior to 

the P-row, or more lateral than column 5/6. Components that 

had activation levels on the periphery equal to or larger than 

activation in the central region were marked as being dominated 

by EMG or EOG artifact, since both of these artifacts originate 

from peripheral sources [17]. We subtracted the projections 

from these components from the EEG prior to further analysis 

to remove such artifacts. Since broadband (0-300 Hz) EEG, and 

thus components derived from it using ICA, are dominated by 

low frequencies, we employed an extra step to ensure we also 

removed artifacts specific to the high-gamma frequency range 

(which is particularly important to remove broadband EMG).  

In addition, we re-processed the data using the same methods 

as stated above, but with a band-pass filter of 65-115 Hz (HG) 

instead of a low-pass filter of 300Hz. Our artifact removal 

method generated two types of data in the time domain: the 

high-gamma artifact-removed data and the broadband artifact-

removed data were used for the remainder of the analysis. 

D. Feature Extraction 

We used time-varying power as EEG features. To create 

EEG features, we common average referenced the high-gamma 

artifact-removed data. We computed FFTs in a series of shifted 

time windows (window size: 256 ms, window overlap: 206 ms) 

and squared the resulting amplitudes to compute time-varying 

 
 

Figure 2. Characteristics of hEEG. (A) High gamma signal (blue) recorded from four hEEG electrodes overlaid on finger 

flexion force (black) in one run. (B) Correlations between HG and force from electrodes in the central region from same run. 

(C) Distributions of force-HG correlations for hEEG and cEEG after ACR. (D) Distributions of force-HG correlations for 

hEEG before and after ACR 
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power. In addition, we used the same method with the 

broadband artifact-removed data to compute the power in four 

frequency bands for each electrode—delta (<4 Hz), mu (7 to 12 

Hz), beta (12 to 30 Hz), and HG—in addition to computing the 

local motor potential (LMP, mean amplitude in the same 

window [18],[15], [19]).  The power in each 50-ms bin was log-

normalized—the log of the mean power over the entire run for 

each electrode was subtracted off from the log of the time-

varying power of that electrode [14]. 

E. Correlation High Gamma with Force 

To examine the relationship between force and high gamma 

on individual electrodes, we subsampled the force from 2 kHz 

to 20 Hz and smoothed both the force and high gamma power 

using a moving average filter of 1 second width, with filter 

coefficients equal to the reciprocal of the span. Pearson’s 

correlation coefficients were calculated between the force and 

time-varying log HG power for each electrode. Differences 

between distributions of correlation coefficients were tested for 

significance using single-tailed t-tests. 

F. Decoding Force 

For decoding force, the raw force signal was first smoothed 

using a moving average filter with a width of 256 ms and 

interpolated down to a resolution of 20 Hz to match the 

resolution of the EEG features. For subjects D, E, and F, we 

restricted the electrodes used for decoding to those directly 

above the hemicraniectomy that were also in the central region 

(see Methods: Artifact Removal). In the case of subjects A, B, 

and C, since only hemispheric information on the craniectomy 

was available, we restricted the electrodes used for decoding to 

those in the recorded craniectomy hemisphere (not including 

the z-electrodes) that were also in the central region.  For each 

run, we compared the decoding performance using only HG 

power vs. using all the lower power bands plus LMP.  Decoders 

were built using techniques similar to those we have used in the 

past [15], [19]. Using training data, we first ranked the features 

by the absolute value of their correlation coefficients with force 

and selected the top 50% of these features. We built Wiener 

cascade filters [20], [21] with 3rd-order polynomial 

nonlinearities with 10 taps (10 bins of 50 ms each), using ridge 

regression to reduce potential overfitting [22]. Decoder input 

features were derived from all of the electrodes above the 

hemicraniectomy (hEEG), and from all the homologous 

electrodes, of the same mediolateral and anteroposterior 

locations, on the contralateral hemisphere (cEEG). For 

example, if C3 was over the hemicraniectomy, the homologous 

contralateral electrode would be C4. We used 10-fold cross-

validation to generate the mean performance (measured as the 

variance in actual force accounted for by decoded force) in each 

run. The variance accounted for (VAF) was computed as  

𝑉𝐴𝐹 = 1 −
𝑆𝑆𝑟𝑒𝑠

𝑆𝑆𝑡𝑜𝑡
, where 𝑆𝑆𝑟𝑒𝑠 was the residual sum of 

squares and SStot was the total sum of squares. Differences in 

decoding performance were tested for significance using single-

tailed, paired t-tests. 

III. RESULTS 

We recorded from seven adult subjects with varying degrees 

of weakness in their hands, with Action Research Arm Test 

(ARAT) scores ranging from 39/57 to 57/57.  We found 

substantial high-gamma activity using hEEG in all seven 

subjects.  HG activity from hEEG electrodes (Figure 2A) were 

more highly correlated with force (mean ± SD R=0.13 ± 0.22) 

than those from cEEG electrodes (R=0.05 ± 0.20) after ACR 

(Figures 2B, 2C; p=4x10-7).  ACR preserved the movement-

related information in hEEG HG (Figure 2D, no difference in 

correlation distributions; p= 0.6).  

 We decoded force with moderate to high accuracy (mean ± 

SEM VAF of 0.21 ± 0.02 over all subjects, range of 0.06 to 

0.52) using just the high gamma signals from hEEG after ACR 

 
 

Figure 3. Decoding flexion force from hEEG. (A) Overlaid traces of predicted (color) vs actual (gray) finger flexion force 

in three datasets from three subjects. VAF for each run labeled above each trace. (B) Distribution of decoding performance 

(VAF) across all datasets from all subjects (arrows indicate where decoding examples from A fall within distribution). 
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(Figure 3).  

The decoding performance using HG alone was highly 

correlated (Figure 4A, R=0.51, p=0.01) with that using all 

frequency bands plus the LMP (all-bands VAF = 0.27 ± 0.03). 

Moreover, decoding performance was higher using HG from 

hEEG than from the cEEG (Figure 4B, cEEG VAF of 0.19 ± 

0.02; p=0.008). This suggests that HG from hEEG contains 

cortically sourced force-related information above and beyond 

potential artifact which could be present in the HG range. 

Decoding performance was marginally better in subjects for 

whom we marked the exact location of the hemicraniectomy 

relative to the electrodes than in subjects with unmarked 

hemicraniectomies (VAF = 0.23 ± 0.03 vs. 0.15 ± 0.03 for 

marked and unmarked, respectively; p = 0.09). ACR preserved 

the hEEG HG-only decoding performance (no significant 

performance difference before and after artifact removal, 

Figure 4C, p = 0.40), while only marginally preserving cEEG 

HG-only decoding performance (Figure 4D, p = 0.07), and not 

preserving the hEEG all-feature performance (p = 0.01).  

IV. DISCUSSION 

These results demonstrate the ability to obtain high gamma 

band activity using hEEG in people with TBI. The high gamma 

activity contained substantial information about finger flexion 

force, enough to decode continuous force with reasonably high 

accuracy. The best performances approached levels observed in 

similar epidural and ECoG studies of finger force and 

movement decoding [14], [15]. Further, decoding accuracy 

using HG was comparable to that using all frequency bands and 

the LMP (see Figure 4A), which implies that hEEG provides 

highly informative, high-bandwidth signals.  

Prior studies have shown that grasping kinematics can be 

decoded accurately using HG information in subdural [13], 

[14], [23], [24] and epidural [14] signals (VAF 0.4±0.04). HG 

information in ECoG can also decode finger precision pinch 

force with high accuracy [15]. The decoding performances 

observed in these studies ranged from comparable to 

substantially better than the distribution of decoding 

performances we observed using hEEG. This is not surprising, 

given that ECoG is much closer to the cortical source, while 

hEEG still has attenuation from the CSF and skin [11]. ECoG 

is also much less susceptible to EMG and EOG artifacts [25].  

Indeed, it is encouraging that the best several hEEG channels 

performed nearly as well as epidural signals, especially in 

epidural recordings using more coarsely-spaced electrodes (1 

cm, which is closer to the hEEG spacing here) [14].  These 

results indicate that the TBI hemicraniectomy paradigm may be 

a useful platform for developing BMI therapies for brain-

injured patients.  

We developed an automated method, ACR, to reduce muscle 

and eye artifact-related information in the signals recorded from 

these patients. After artifact removal, there was still was some 

information in the high gamma range in cEEG (Figure 4B). One 

potential explanation is that the high-gamma band activity 

recorded on the non-craniectomy hemisphere were derived 

from ipsilateral cortical activation with motor activity, which 

has been reported using invasive recordings during reaching 

[26], and that it could be recorded through the skull, which has 

also been reported [27], [28]. Another explanation could be that 

there was insufficient EMG artifact removal [29]. We have 

found that there is inherent tradeoff between removing muscle-

related artifact and retaining relevant HG signal from cortical 

sources. Notably, the difference in the means of the 

distributions of force-hEEG and force-cEEG correlation 

coefficients was significant, but small (R = 0.08), Given that 

high gamma activity is highly localized in the brain, we would 

not necessarily expect the majority of hEEG electrodes to have 

substantially greater force-related HG activation than the 

cEEG, but rather just a few hEEG electrodes in each dataset. 

The greatest advantage to hEEG is that it enables viable non-

invasive recording of high-bandwidth signals, allowing for the 

development of rehabilitative or assistive BMIs in a potential 

end-user population (TBI patients). To date, several assistive 

BMI studies using high-bandwidth signals from invasive 

recording techniques have been conducted in end-user 

populations [30]–[35]. Notably, these studies included only 1-3 

subjects each. Only one studies has investigated the feasibility 

of a rehabilitative BMI using epidural signals; again in one 

person [36]. While two studies have shown that a modest 

amount of HG can be recorded from EEG [27], [28], neither 

single-trial nor continuous decoding was demonstrated. The 

hEEG-based paradigm enables concurrent research and 

development of BMIs in TBI patients, providing the ability to 

 
 

Figure 4. Decoding performance comparisons. (A) Decoding performance using only hEEG HG correlated with all-feature 

decoding performance over all subjects (dots denote runs, colored by subject). (B) Performance of decoders that use high 

gamma signals from hEEG vs. from cEEG. (C) Performance of decoders that use high gamma signals from hEEG pre- vs. post-

ACR. (D) Performance of decoders that use high gamma signals from cEEG pre- vs. post-ACR. 
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test feasibility and design and to optimize both to benefit 

patients. This platform can also enable prototyping of invasive 

BMI paradigms (mainly epidural or subdural) without 

significant risk to patients, allowing for larger patient cohorts to 

be studied, which is important for testing clinical treatments.  

For example, we are examining the extent to which a hEEG-

based BMI can help to rehabilitate motor function in TBI 

patients. If successful, this investigation could potentially lead 

to investigations of moderately invasive BMIs for the 

rehabilitation or replacement of function in patients with TBI, a 

leading causes of death and disability worldwide [37], and 

possibly for stroke as well. 
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