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A B S T R A C T

Purpose: Brain–computer interfaces (BCIs) offer a pathway to restore ambulation in individuals with spinal cord 
injury (SCI). However, existing BCI systems for gait are unidirectional and lack sensory feedback. This study 
aimed to demonstrate that a bidirectional brain–computer interface (BDBCI) can simultaneously enable real-time 
brain-controlled walking and artificial leg sensation via electrical stimulation of the sensory cortex.
Methods: Epilepsy patients undergoing bilateral interhemispheric subdural electrocorticography (ECoG) im
plantation were recruited for this proof-of-concept study. Motor mapping identified electrodes in the leg motor 
cortex for decoding stepping intent, while sensory stimulation mapping determined stimulation sites in the so
matosensory cortex to elicit artificial leg percepts. A custom embedded BDBCI decoded motor intent in real time 
to actuate a robotic gait exoskeleton (RGE) from ECoG signals and delivered leg swing sensory feedback via 
direct cortical stimulation. Performance was assessed through correlations between cued and decoded states, 
sensory reliability tasks, and control experiments.
Results: One subject was recruited and achieved a high decoding performance (ρ = 0.92 ± 0.04, lag of 3.5 ± 0.5 
s) across 10 runs of operating the BDBCI-controlled RGE. Bilateral leg percepts were validated through a blind 
step-counting task (92.8% accuracy, p < 10− 6). Control experiments verified that decoding was not affected by 
stimulation artifacts. No adverse events were reported.
Discussion: This study establishes the feasibility of an embedded system BDBCI for restoring both motor control 
and artificial sensation of walking. Leveraging interhemispheric leg sensorimotor cortices is safe and yields 
superior decoding compared to prior lateral brain convexity approaches. These findings provide a foundation for 
translating BDBCI technology into fully implantable systems for SCI patients with paraplegia.

* Corresponding author.
** Corresponding author. University of Southern California (USC) Neurorestoration Center, Keck School of Medicine of USC, Los Angeles, CA, USA.
*** Corresponding author. Department of Biomedical Engineering, University of California, Irvine (UCI), Irvine, CA, USA.

E-mail addresses: znenadic@uci.edu (Z. Nenadic), cliu@usc.edu (C.Y. Liu), and@uci.edu (A.H. Do). 
1 These authors contributed equally to this work.
2 Work done while at Department of Neurology, UCI School of Medicine, Orange, CA, USA.
3 Work done while at Division of Biology and Biological Engineering, California Institute of Technology (Caltech), Pasadena, CA, USA.

Contents lists available at ScienceDirect

Brain Stimulation

journal homepage: www.journals.elsevier.com/brain-stimulation

https://doi.org/10.1016/j.brs.2026.103065
Received 4 December 2025; Received in revised form 22 February 2026; Accepted 23 February 2026  

Brain Stimulation 19 (2026) 103065 

Available online 28 February 2026 
1935-861X/© 2026 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license ( http://creativecommons.org/licenses/by- 
nc-nd/4.0/ ). 

https://orcid.org/0000-0001-8337-3600
https://orcid.org/0000-0001-8337-3600
https://orcid.org/0000-0003-4391-2491
https://orcid.org/0000-0003-4391-2491
https://orcid.org/0000-0002-0798-8731
https://orcid.org/0000-0002-0798-8731
https://orcid.org/0000-0001-5569-3797
https://orcid.org/0000-0001-5569-3797
https://orcid.org/0000-0001-6423-8577
https://orcid.org/0000-0001-6423-8577
mailto:znenadic@uci.edu
mailto:cliu@usc.edu
mailto:and@uci.edu
www.sciencedirect.com/science/journal/1935861X
https://www.journals.elsevier.com/brain-stimulation
https://doi.org/10.1016/j.brs.2026.103065
https://doi.org/10.1016/j.brs.2026.103065
http://crossmark.crossref.org/dialog/?doi=10.1016/j.brs.2026.103065&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


1. Introduction

Individuals with paraplegia due to spinal cord injury (SCI) typically 
experience a loss of lower extremity motor and sensory function. This 
often results in severe gait impairment and a dependence on wheel
chairs, which increases the risk of other comorbidities such as heart 
disease, osteoporosis, and/or pressure ulcers [1]. These individuals 
typically rate the recovery of ambulatory function highly among their 
rehabilitation priorities [2–4]. Physical therapy is the current clinical 
standard of care and provides limited recovery [1]. Robotic gait exo
skeletons emerged as a new standard in restoring gait after SCI, but are 
manually controlled and provide no sensory feedback. Recently, spinal 
cord stimulation (SCS) [5] has demonstrated a dramatic ability to 
restore motor, sensory, and autonomic function in people with SCI. 
However, this is typically only achieved in SCI recipients with more 
preserved function (i.e., ASIA C/D). More severely affected SCI re
cipients (i.e., ASIA A/B) have a <5% chance of regaining independent 
walking [6–11]. The combination of an electrocorticography (ECoG)-
based brain-computer interface (BCI) and SCS [12] provided some 
additional motor improvement over SCS alone, but was only tested in a 
single subject with significant retained motor function (ASIA C). As 
such, improved methods to restore gait and sensory function after SCI 
are still needed, especially for those with the most severe injuries.

BCI technology is one such method for restoring gait after severe SCI. 
BCIs can bypass the site of SCI by using signals from the primary motor 
cortex (M1) to control ambulation devices. This has been achieved by 
both non-invasive [13,14] and invasive BCIs [15]. Notably, the motor 
aspect of walking after SCI has received significant attention in BCI 
research, overshadowing the restoration of sensation. Although motor 
restoration without sensory function is possible, it is highly suboptimal 
given the critical role of sensation in normal gait. For example, while 
gait restoration with leg prostheses, such as with RGEs, can be achieved 
without sensory feedback, it is well known that sensory impairment 
reduces gait velocity [16,17] and increases fall risk [18–20]. To address 
this, a bidirectional BCI (BDBCI) for ambulation could potentially elicit 
artificial leg sensation during BCI-controlled walking via direct cortical 
electrostimulation (DCES) of the primary somatosensory cortex (S1) 
[21–23], thereby restoring the able-bodied-like motor-sensory loop. 
However, such BDBCIs have yet to be demonstrated in SCI subjects; only 
unidirectional, invasive, ECoG-based BCIs controlling a robotic gait 
exoskeleton (RGE) exist [15]. Specifically, BDBCIs for walking with leg 
sensory feedback have not advanced beyond a highly limited feasibility 
demonstration in able-bodied individuals [24].

While the above examples indicate that restoring brain-controlled 
ambulation with leg sensory feedback in paraplegic SCI subjects is 
possible, existing BCI and BDBCI technologies for walking still face 
several shortcomings. First, in both of the ECoG-based BCI examples 
above [15,24], the decoding performances were inferior to that ach
ieved by an EEG-based BCI for walking [13]. This is likely attributed to 
the fact that both studies utilized signals from the lateral M1. This area 
predominantly represents the upper extremities and only has limited 
lower-extremity motor representation compared to the robust leg rep
resentation in the interhemispheric leg M1 area [25]. Although the 
interhemispheric leg area is difficult to access surgically, it is likely 
optimal for invasive BCIs for walking and allows the delivery of artificial 
leg sensation. Finally, existing BCI systems typically rely on external 
computers to perform computationally intensive tasks, e.g., motor 
decoding. Such constant reliance wirelessly tethers the BCI to external 
systems and limits their practicality and energy efficiency in mobile 
applications. Instead, an embedded systems design approach where all 
functions are executed on board, would allow future BDBCIs to be highly 
compact, fully independent, and fully implantable systems. However, 
even though the BDBCI system in Ref. [24] leveraged an embedded 
system approach to achieve leg percepts during BCI operation, it only 
involved unilateral sensory feedback. Motivated by these outstanding 
problems, the current work demonstrates the feasibility of a BDBCI-RGE 

system for bilateral motor and sensory restoration of ambulation by 
utilizing bilateral interhemispheric ECoG implants. Real-time, bilateral 
sensorimotor functions were achieved using an embedded systems 
approach that served as a benchtop analogue to a fully-implantable 
BDBCI. This functionality was safely demonstrated 3 weeks 
post-implantation in an able-bodied epilepsy subject with bilateral 
interhemispheric ECoG grids, and high performance was rapidly estab
lished over the course of 9 days.

2. Methods

2.1. Study design and participants

This study seeks to demonstrate that an ECoG-based BDBCI can 
enable both brain-controlled RGE stepping and elicit artificial leg 
sensation (via S1 DCES in response to RGE stepping) without disrupting 
BCI control. Adults (age>18) undergoing Phase II epilepsy evaluation 
with subdural ECoG over M1/S1 were recruited. Exclusions were 
neurological comorbidities beyond epilepsy or medical conditions pre
cluding safe participation. Implant locations were determined solely by 
clinical needs. Research occurred during the ICU admission. Any DCES 
was performed only after clinical monitoring ended and anti-seizure 
medications were resumed.

2.2. BDBCI–RGE system overview

The portable BDBCI system comprises a custom PCB, an FDA-cleared 
powered RGE (Ekso GT, Ekso Bionics, San Rafael, CA), and a custom 
RGE Interface (Fig. 1a). The BDBCI connects to 1.5 mm touch-proof 
ECoG leads, performs onboard motor decoding, S1 stimulation, and 
communicates over the MedRadio band (~406 MHz). A base station 
facilitates system configuration and data logging but is not required for 
online operation. The RGE Interface converts BDBCI MOVE commands 
into step actuation and reports left/right leg swings to trigger contra
lateral S1 stimulation.

2.3. BDBCI hardware

Three 48 MHz microcontrollers (Microchip Technology, Chandler, 
AZ) jointly execute all BDBCI tasks, including neural acquisition, real- 
time decoding, stimulation, and wireless communications. An ampli
fier/digitizer array (Intan, Intan Technologies, Santa Monica, CA) ac
quires up to 32 channels (plus reference/ground) at 500 Hz (16-bit). The 
programmable stimulator (charge pump cascade, programmable current 
source, and H-bridge) delivered biphasic, current-controlled trains up to 
12 mA, 300 Hz, 250 μs/phase [26], with charge restriction ≤30 
μC/cm2/phase [27], and active charge balancing facilitated by onboard 
sensing [26]. Two MedRadio-band transceivers facilitate wireless com
munications with the base station and RGE Interface. Power was sup
plied by a 3.7 V, 2500 mAh Li-polymer battery.

2.4. Base-station software

A custom Windows C# user interface (UI) [26,28] on the base station 
was used for configuring BDBCI training (epochs/duration) and online 
decoding parameters (i.e., state transition thresholds), setting stimula
tion parameters per leg (current, frequency, pulse width, duration), 
delivering manually triggered stimulation, and logging cues/decoded 
outputs/timestamps for performance analysis. Note that online decod
ing and stimulation ran onboard the embedded BDBCI.

2.5. RGE interface

The RGE Interface consists of a microcontroller board interfaced with 
a MedRadio wireless transceiver, microphone, servo/cantilever, and two 
RGE ankle-mounted IMUs. The servo/cantilever was attached to the 
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RGE controller and depressed the step button upon command from the 
BDBCI. The RGE Interface records the IMU angular velocity, detects 
onset/offset of left/right swings using a threshold approach, and signals 
the BDBCI to deliver contralateral percepts during swing. At each 
completed step, the RGE emits an audio tone, which was captured by the 
microphone to inform the RGE Interface that another step could be 
initiated. This setup avoids modifying the RGE, preserves all regulatory- 
approved safety features, and allows an experimenter to quickly disable 
the RGE Interface if necessary.

2.6. CT–MRI co-registration

Post-implant CT (contacts) and MRI (anatomy) were co-registered 
using MATLAB [29,30] and Elastix [31,32] to localize interhemi
spheric leg M1/S1 (Fig. 1b).

2.7. Motor mapping and electrode selection

To enable brain-controlled walking, we first mapped the M1 region 
to identify channels exhibiting ECoG signal modulation corresponding 
to lower extremity movement. The subject performed stepping leg 
movements in the ICU bed (seated configuration) while ECoG data were 
acquired using the clinical amplifier array (Natus® Quantum™, Natus 
Medical Incorporated, Pleasanton, CA, USA, 512 Hz sampling rate). 
During this task, the subject alternated between 10 s IDLE/MOVE 
(seated bilateral marching) epochs. Channels on both interhemispheric 
grids were screened for modulation in common physiological EEG 
bands, including μ (8–12 Hz), β (12–25 Hz), high-β (30–50 Hz), and γ 
(80–160 Hz). Channels exhibiting robust γ synchronization and/or μ or β 
desynchronization were selected for decoder training (see Section 2.9). 
Unstable or artifact-laden channels were also excluded.

2.8. Sensory mapping

To enable sensory feedback during BDBCI operation, we relied on 

clinical cortical mapping which stimulated adjacent electrode pairs with 
current escalation (up to 20 mA) at 50 Hz, 2 s, and 250 μs pulse width to 
identify leg percepts (Natus® Nicolet™ Cortical Stimulator, Natus 
Medical Incorporated). We then re-verified these percepts with the 
BDBCI stimulator and systematically explored additional stimulation 
parameters not tested by the clinical mapping (pulse frequencies from 
100 to 300 Hz and current amplitudes from 1.61 to 10.86 mA). The 
phase width was fixed at 250 μs and the total stimulation duration at 2 s. 
The mapping space was restricted to channels exhibiting sensory re
sponses during clinical cortical mapping (primarily the superior half of 
each grid; see Supplement Section 3). After each stimulation, the subject 
reported the sensation quality and location. One contralateral electrode 
pair and parameter set per leg was chosen for subsequent testing, and 
reliability was assessed using the following blind step counting and blind 
sensory discrimination tasks.

In the blind step counting task, an experimenter wore a thigh- 
mounted IMU that triggered one percept per step. In 14 10-s trials per 
leg, the experimenter walked 2–8 steps out of subjects' view and hearing. 
The subject reported counts with a hand counter and feedback was given 
only after testing. Accuracy was compared to 106 Monte Carlo simula
tions. The empirical p-value was the fraction of simulations matching 
the subject's correct trials.

In the blind sensory discrimination task, a randomized list of 25 left 
leg percepts, 25 right leg percepts, and 25 null stimulation events (null 
stimulation involved parameters without any response during mapping) 
was delivered. After each stimulus, subjects identified the percept (left/ 
right/null) they experienced without feedback. The accuracy of the 
subjects’ response was compared with 106 Monte Carlo permutations to 
derive an empirical p-value.

2.9. Decoder training

Before online operation, the BDBCI collected 300 s of alternating 10 s 
IDLE/MOVE using mapped channels during seated marching. The 
BDBCI stored raw ECoG windows in memory and computed state- 

Fig. 1. a: BDBCI–RGE system. ECoG signals are decoded onboard to wirelessly control the RGE. The RGE Interface detects left/right leg swing and commands the 
BDBCI stimulator to elicit the corresponding percept via DCES. b: Co-registration of post-implant CT electrodes onto a 3D render of the post-implant MRI. Teal: 
decoding electrodes; Yellow: stimulation. c: Task schematic: the seated subject alternates IDLE/MOVE to control the RGE worn by an experimenter; RGE leg swings 
trigger contralateral S1 stimulation. d: Photograph of the setup.
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specific feature extraction matrices.

2.10. Decoder architecture

The BDBCI's state decoder was developed similarly to our prior work 
in Ref. [28]. It facilitates subjects' brain control of RGE stepping by 
translating their ECoG signals to machine commands for the RGE. 
Briefly, the decoder preprocessed each window of 32-channel real-time 
ECoG data by the common average re-referencing and calculating the 
average power in the two bands. To reduce the dimensionality of the 
data, d ∈ R64 (32 channels, 2 bands), and enhance the class-separability, 
a 1D feature f ∈ R was extracted. Formally, f = TLDAΦcPCA(d), where 
ΦcPCA : R64→Rm is the cPCA mapping with the intermediate dimension, 
m, determined by an eigenvalue criterion [33], and TLDA ∈ R1×m is the 
LDA feature extraction matrix. Due to cPCA's piecewise linear nature, 
each ECoG data window was projected onto two 1D subspaces: one 
principally informed by the MOVE state and the other principally 
informed by the IDLE state.

The parameters of a linear Bayesian classifier (class-conditional 
likelihoods modeled as Gaussians with pooled variances) were then 
estimated offline from the training data, with PI(M|f) and PM(M|f) being 
the posterior probability of walking based on the features in the IDLE 
and MOVE subspace, respectively. Note that PI(I|f)= 1 − PI(M|f) and 
PM(I|f) = 1 − PM(M|f). Subsequently, a real-time data window was 
transformed into a feature, f*, and the overall posterior probability 
P(M|f*) was estimated from the subspace with the highest posterior 
probability ratio.

To determine the decoded state from P(M|f*), a binary state machine 
governed the transitions between the MOVE and IDLE states (illustrated 
in Fig. 2). When P(M|f*) exceeded the MOVE threshold (TM), the deco
ded state transitioned from IDLE to MOVE state. When P(M|f*) < TI, the 
state transitioned from MOVE to IDLE state. Finally, when TI ≤ P(M|f*)

≤ TM, the decoder remained in the current state.

2.11. Online calibration

A 10-fold cross-validation was used to estimate the offline decoding 
model's performance. Default transition thresholds were set at TM = 0.6 
and TI = 0.4 and then calibrated online by recording posterior proba
bilities (P(M |f*)) during alternating cue runs without RGE control or 
stimulation. The 90th and 10th percentiles of these distributions were 
used to update TM and TI, respectively. This calibration process was 
typically repeated for at least 5 iterations to finalize threshold values. If 
decoding performance fell below ρ < 0.85 offline or online, training was 
repeated and the selected channel set adjusted as needed.

2.12. Online BDBCI validation

Once the decoding model was calibrated, subjects proceeded to on
line BDBCI–RGE operation. Here, ECoG signals underlying bilateral 

stepping-like movements in bed were used to control RGE stepping, and 
visual and artificial sensory feedback provided for each step (Fig. 1d). 
The BD-BCI processed 750 ms windows online, and decoded MOVE 
states triggered steps via the RGE Interface. Stimulation parameters for 
left and right leg percepts (Section 2.8) were triggered by the corre
sponding RGE leg swings. For safety, an experimenter wore the RGE 
while the subject controlled it wirelessly from the hospital bed. Real- 
time operation utilized an interleaved decoding motif (Fig. 3), where 
ECoG acquisition paused during leg swings to avoid stimulation artifacts 
[30] and resumed after swing completion. Since the RGE cannot idle 
mid-step, the decoded state updated at the end of each step (MOVE: step 
again, IDLE: stand still). Decoding performance (ρ) was assessed as the 
lag-optimized Pearson correlation between instructional cues and 
decoded states. Before combined BDBCI–RGE operation, the subject 
completed short cue-following runs with online decoding only (no RGE 
or stimulation) for familiarization. RGE leg kinematics were recorded 
with wearable motion capture (XSens Movella, Enschede, Netherlands) 
at 100 Hz.

2.13. Control experiments

To verify that BCI control was not driven by the effects of stimulation 
(i.e., decoder classifying electrical artifacts as motor cortex activation) 
or mirror motor neuron activity from observing the RGE, two control 
experiments were performed. In the first control experiment (“BCI- 
RGE”), the RGE control was enabled with real-time camera feedback, 
but stimulation was disabled. In the second control experiment (“BCI- 
Stimulation”), the RGE control and the subject's camera feedback were 
turned off, and the BDBCI automatically stimulated left and right leg 
percepts (2-s alternating epochs during MOVE state).

3. Results

3.1. Subject and implantation

The Institutional Review Board (IRB) of University of California, 
Irvine and Rancho Los Amigos National Rehabilitation Center approved 
the study. One participant (female, 50 years old) was recruited for this 
study. The subject had two 8 × 8 high-density ECoG grids (PMT; 2 mm 
diameter, 4 mm pitch) implanted in the left and right interhemispheric 
fissures over leg M1/S1 (L1–64 and R1–64, electrode locations shown in 
Fig. 1b) over 19 days (research procedures occurred on days 11–19). 
Supplement Section 1 provides details on implantation methodology 
and clinical details.

3.2. Motor decoding model characteristics

During the motor mapping (Section 2.7 and 2.9), we identified 
localized ECoG high-β and γ bands contained salient associated with 
cyclic leg movements. This included robust high-β desynchronization 
and γ synchronization on several channels (Fig. 4). Supplement Fig. 1
shows a map of M1 channels that exhibit significant high-β and γ band 
modulation during seated leg movements based on the motor mapping 
procedure. The μ and β bands were excluded as the subject exhibited 
frequent random bursts within these bands unrelated to leg movements. 
These were interpreted as a normal variant of background rhythm (see 
Supplement Fig. 6 for examples of subject's ECoG signals). Fig. 4 shows 
decoder spatial weights and representative envelopes. For experimental 
expedience, the base station downloads training ECoG data from the 
BDBCI to generate the BCI decoding model (process is equivalent to the 
onboard model generation [28]), which is then uploaded to the BDBCI. 
To optimize the BDBCI decoding performance, only a subset of 15 
electrodes (Fig. 1b) exhibiting robust motor-related modulation in the 
high-β (30–50 Hz) and γ (80–160 Hz) bands (Fig. 4) were ultimately 
chosen for the BDBCI-RGE task.

Fig. 2. Decoder state machine governing transitions between IDLE and MOVE 
based on posterior probability thresholds TM and TI.
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Fig. 3. A: Online sequence for acquisition, decoding, actuation, and stimulation. B: Example timing diagram from a BDBCI-RGE run illustrating an IDLE-to-MOVE 
state transition. Inter-leaved actuation/stimulation is depicted during the MOVE state.

Fig. 4. Left: Spatial weights of motor decoding model mapped to locations of corresponding coregistered ECoG electrodes in the left and right interhemispheric 
grids. Warmer colors indicate electrodes containing relevant decoding features for the given frequency band (high-β or γ), whereas cooler colors indicate electrodes 
that were less relevant for decoding. Right: Time-domain power envelopes from a subset of training data in the electrodes with the strongest decoder weights (two 
electrodes are shown from each side). Red and blue shades: IDLE and MOVE states, respectively. Red and blue horizontal bars: median band powers in each state. White 
gaps represent brief discontinuities between recording epochs, where no data were acquired. The γ power synchronization occurs during the MOVE state (i.e., red 
shade compared to blue shade). Conversely, high-β power desynchronizes during the MOVE state.
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3.3. Sensory mapping and validation

Sensory mapping was performed (full responses in Supplement Ta
bles 1 and 2). Ultimately, we chose channel L29–30 (Figs. 1 b), 8.22 mA, 
100 Hz for the right-leg percept (posterior lower leg to heel tingling), 
and channel R13–14, 3.80 mA, 300 Hz for the left-leg percept (posterior 
lower leg tingling). These were validated with the blind step counting 
task, where the subject correctly counted the steps taken in 100% and 
86% of right/left leg trials, respectively (empirical p-value<10− 6). In 
the blind sensory discrimination task, the subject identified 96%, 84%, 
and 100% of right leg, left leg, and null percepts, respectively (empirical 
p-value<10− 6). See Supplement Section 4 for sensory task validation 
from additional subjects.

3.4. Online familiarization performance

Across 5 runs (~4–5 min each; 20–25 min total), the subject ach
ieved mean online performance of ρ = 0.89 ± 0.06 with lag 2.2 ± 0.4 s 
while following alternating walk/idle cues without RGE control or 
stimulation.

3.5. BDBCI–RGE online control with sensory feedback

After both motor decoding and artificial sensory feedback estab
lished, the subject performed 5 runs/day over 2 days (~2.5 min/run; 
~25 min total). Mean performance was ρ = 0.92 ± 0.04 with lag 3.5 ±
0.5 s (Day 1: ρ = 0.89 ± 0.02, lag 3.4 ± 0.5 s; Day 2: ρ = 0.94 ± 0.03, lag 
3.6 ± 0.5 s). Performance of a representative run is shown in Fig. 6 and 
Supplementary Video (see Supplement, Section 5 for performance 
metrics for all individual runs). For each cue change, state transitions 
occurred within 1–2 decoding windows (1.8–3.8 s) with high accuracy. 
The subject confirmed in all 10 runs that RGE steps triggered matching 
contralateral leg percepts and reported that sensation aided task per
formance. With ~2.5 s steps and ~1 s decoding windows, the nominal 
decoding rate was ~0.29 Hz during stepping and ~1 Hz while idle. The 
BCI decoding performance results for all experimental conditions are 
summarized in Fig. 5.

3.6. Control experiments

Performance for the BCI–RGE task (RGE control on, DCES off) was ρ 
= 0.93 ± 0.01, lag 3.6 ± 0.9 s. Performance for the BCI–Stimulation task 
(no RGE control, automatic cycling between left/right leg percept DCES 
during MOVE) was ρ = 0.94 ± 0.02, lag 3.8 ± 0.4 s. Both were com
parable to BDBCI–RGE (two-sided Wilcoxon rank sum, p = 0.75 and p =
0.27, respectively), indicating decoding was driven by intended M1 
activity rather than artifacts or mirror motor neuron activity.

3.7. Safety

No adverse events occurred. In particular, no seizures were induced 
during cortical mapping, sensory tasks, or BDBCI procedures. Channels 
R52–53, R53–54, and R55–56 elicited pain percepts during clinical 
mapping and were avoided during BDBCI sensory mapping.

4. Discussion

Herein we described a BDBCI-RGE system that enabled real-time 
brain-controlled walking and provided bilateral artificial leg sensory 
feedback. This was safely achieved in a subject with ECoG implantation 
in the bilateral interhemispheric leg M1 area, and with high decoding 
performance. Furthermore, sensory leg percepts were consistent, 
repeatable, and did not interfere with the BDBCI performance. The high 
accuracy of identifying steps during the blind step counting task in
dicates that the contralateral S1 stimulation triggered by BDBCI-RGE 
steps conveyed step-based sensory information with gait-phase resolu
tion (i.e., stimulation during swing, no stimulation during stance). 
Finally, this was achieved with the entire BDBCI implemented on a 
portable embedded form factor without compromising overall function.

Whereas our prior work [24] demonstrated a BDBCI-RGE utilizing 
ECoG grids implanted on the lateral convexity M1, the current work 
represents the first implementation of a BDBCI for walking that in
corporates bilateral inter-hemispheric leg sensorimotor areas. Our cur
rent work achieved a high performance (ρ up to 0.97, overall average ρ 
of 0.92) over a short period of time (~9 days). This represents a marked 
decoding performance increase compared to Ref. [24] (ρ of 0.80). This 
difference in performance may be attributed to a more direct coverage of 

Fig. 5. Box-and-whisker plot of median BCI decoding performance across all 
experimental and control conditions (box: upper and lower 25th percentile; 
whiskers: maximum and minimum). No significant difference existed between 
any condition and the BDBCI-RGE condition.

Fig. 6. Representative BDBCI–RGE online run. Instructional Cue: Orange 
blocks represent MOVE cues. Decoded State: Teal represents decoded MOVE 
states. P(M|f) denotes MOVE probability for each window (dots); TM/TI are 
transition thresholds. When decoding MOVE, the RGE steps, as indicated by L/ 
R Hip Angular Velocity. L/R stimulation shows periods of contralateral S1 
stimulation corresponding to RGE leg swings.
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the leg M1 area in the interhemispheric space. The leg M1 area likely 
provides more robust and reliable localized ECoG modulation associated 
with leg movements. Furthermore, the BCI performance using signals 
from the lateral M1 convexity [15,24] was inferior to that achieved by 
an EEG-based BCI [13], which reinforces the notion that the inter
hemispheric region is likely the most optimal recording site for 
BCI-walking applications. Finally, although interhemispheric ECoG 
implants are uncommon and complex to perform, this study demon
strates interhemispheric ECoG implantation can be safely leveraged for 
invasive BDBCI systems.

DCES likely represents the safest and most optimal approach to elicit 
artificial leg sensation. Non-invasive approaches, including transcranial 
magnetic and electrical stimulation involves equipment that is too bulky 
and power hungry for ambulatory applications, or is too non-specific to 
elicit leg sensation. Alternatively, peripheral nervous system stimulation 
(as in Ref. [34]) will only work above the lesion in paraplegic and 
insensate SCI recipients. However, stimulation of the torso or upper 
extremity may result in confusion or competition for neural resources, as 
recipients would be forced to associate these “non-ecologic” sensory 
locations with leg swing. Finally, alternative invasive approaches as 
superlesional spinal cord stimulation [35] would require additional 
surgery, which would incur additional risks. Conversely, ECoG electrode 
arrays can often be implanted such that cortical coverage for S1 DCES 
and M1 motor control is achieved simultaneously (as in this work), 
thereby incurring no additional surgical risk. Furthermore, DCES may be 
capable of delivering rich sensory modalities (e.g., proprioception [36]) 
and long-term DCES has been shown to be safe in existing FDA-approved 
commercial devices (e.g., Neuropace [Neuropace, Mountain View, CA, 
USA]) and other large clinical trials [37].

Our BDBCI system is also the first to implement bilateral lower ex
tremity artificial sensation alongside motor decoding in a single BDBCI- 
RGE system. By comparison, our work in Ref. [24] only involved uni
lateral sensory feedback. Beyond this report, there have been no other 
BDBCIs for gait and the lower extremities. The primary concern for 
employing DCES for sensory feedback is the risk of compromising the 
motor decoding, either through electrical artifacts [30,38] or evoked 
neural activity. We addressed these problems by interleaving motor 
decoding and stimulation processes. The results from our control ex
periments (Section 3.5) suggest that the BDBCI operation was driven by 
M1 ECoG activity underlying leg movement intent, and not by stimu
lation artifacts, evoked motor neuron activity, or mirror neuron acti
vation. This approach is similar to that used in Ref. [39], which 
employed amplifier blanking to accomplish interleaving of acquisition 
and stimulation processes (see Supplement, Section 6 for example of 
artifact free ECoG signal during BDBCI operation with interleaving). 
However, interleaving approaches are suboptimal as they introduce 
discontinuities in decoding and delay BDBCI responses. The normal 
human sensorimotor loop requires constant simultaneous sensory 
feedback, which is not permitted by interleaving or blanking. Hence, 
this makes it difficult for users to appreciate critical gait events such as 
transitions to double support, gait perturbations, etc. This continues to 
be a problem in BDBCI technologies, and will require novel methods of 
real-time stimulation artifact elimination [40,41] to achieve “full 
duplex” capability.

Our BDBCI-RGE device achieved high performance with and without 
the artificial sensory feedback. Though BCI decoding performance 
showed no significant change with sensory feedback (as seen in the 
control experiments), it is possible that such feedback instead improves 
functional outcomes, particularly for future, insensate, paraplegic SCI 
users. More specifically, since sensory impairments reduce gait velocity 
[16,17] and increase fall risk [18–20], we therefore expect that artificial 
sensory feedback may facilitate improved functional and safety out
comes in these areas. Specifically, with respect to BDBCI-RGE operation, 
users may achieve faster gait velocity or reduced risk of falls by 
providing sensory confirmation of weight transfer and acceptance. 
Although not directly tested here, such a finding would be consistent 

with prior work [22,42] which showed that sensory feedback can 
improve functional outcomes in upper extremities neuroprosthesis 
application.

An important aspect of our BDBCI is that all functions are imple
mented as an embedded system within a compact footprint. While a base 
station computer was used, it was only required for setting parameters, 
initiating/aborting decoding functions, and logging experimental data. 
In particular, the BDBCI can operate entirely independently once 
configured and initialized via the base station computer. The portability 
of the entire system could be further improved by replacing the base 
station computer with a mobile device or tablet. Furthermore, the 
existing BDBCI form factor would allow it be readily mounted onto the 
RGE, and therefore enable applications where the subject (as opposed to 
an experimenter) is in the RGE. By comparison, other existing BDBCI 
systems such as [22,42], rely on large, rack-mounted, off-the-shelf sys
tems, or are constantly tethered to external computers for signal pro
cessing, which limit their applicability in mobile applications. Although 
the current system is not yet implantable, the design lends itself to be 
translated into a fully implantable device (discussed below). When 
compared to existing implantable BCI walking applications as [12,15], a 
fully implantable incarnation of our BDBCI is expected to operate fully 
independently on rechargeable battery power. As such, improved 
mobility, power efficiency, and aesthetics could be achieved by elimi
nating the need for constant wireless streaming to a permanently teth
ered computing system and constant magnetic power induction from an 
external power source.

A limitation of this study is that it was only performed in 1 able- 
bodied epilepsy subject. However, this subject provided a unique op
portunity, as the bilateral interhemispheric ECoG implants used here for 
Phase 2 epilepsy surgery evaluations are extremely rare. An additional 
limitation is that the motor behavior used in this study was seated step- 
like movements instead of stepping while standing or actually walking. 
This leaves open the concern that the high BDBCI performance 
demonstrated here may not generalize to the paraplegic SCI population. 
For example, one concern in translating the BDBCI-RGE from able- 
bodied epilepsy subjects to SCI subjects is that ECoG modulation un
derlying walking intent may not be present or sufficient for BCI control. 
Though leg M1 behavior is generally assumed to be intact post-injury, it 
is possible that the neural circuitry has changed as a direct result of the 
injury or due to an extended period of disuse [43]. However, previous 
literature has indicated that this behavior can be retrained or reacquired 
by SCI subjects. For example, King et al. [44] demonstrated the ability 
for a SCI subject to control an EEG-based BCI connected to 
lower-extremity FES. Although the subject initially had a low degree of 
control over the BCI due to inadequate EEG motor-related modulation, 
the subject was eventually able to achieve extremely high performance 
in BCI-controlled walking after 21 weeks. Similarly, Benabid et al. [15] 
and Lorach et al. [12] demonstrate the ability for SCI subjects to operate 
BCI gait systems 1–2 years post-implantation using signals from the M1 
lateral convexity area. The decoding performance analysis showed a 
maximal correlation at a lag of ~3.5 s. Much of this lag can be attributed 
to the slow RGE stepping rate, slow physiological response of high-β 
band signals, and (to a lesser extent) delays in data processing and 
wireless transmission. However, this latency is commensurate to the 
0.29 Hz step rate of the RGE. Nevertheless, future BDBCI-RGE walking 
will likely need to have lower latency, and this can be achieved by 
increasing the RGE step rate/speed and by limiting the BDBCI to only 
using high-γ as the input signal (known for its high temporal coupling 
with motor behavior [45] and stepping [25]). Future work will need to 
directly address the above limitations by implanting the BDBCI device in 
the target SCI population. In addition, since the subject's ability to 
distinguish gait phase information was inferred in this study through the 
blind step counting task and the fact that stimulation is only delivered 
during the swing phase of the BD-BCI RGE task, future studies will need 
to directly assess subjects' perception and sensory-motor integration of 
gait phase specific artificial sensory information (e.g., via formal 
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psychophysical or functional metrics). Anecdotally, our BDBCI-RGE 
system has received an FDA IDE to proceed with such investigations.

Ultimately, we envision a fully implantable version of our device, 
which was previously described in [26]. Briefly, a skull-implanted unit 
interfaces with ECoG electrodes placed over M1/S1, and performs signal 
acquisition and stimulation channel selection. This skull unit is con
nected to a chest-wall implanted unit via a subcutaneous tunneling 
cable. The chest unit contains electronic components to perform all 
BDBCI functions, including signal processing, generation of electrical 
stimulation pulses, and wireless communication with the base station 
and end effector units. Such a fully-implantable BDBCI would facilitate 
chronic implantation in future paraplegic SCI recipients without the 
need for any transdermal components that could pose infection risks. 
The work presented here serves as an important foundation for the 
advancement of BDBCI technology towards such a fully implantable 
system, which may in turn present new avenues for treating sensori
motor deficits in affected patient populations. However, miniaturization 
of the BDBCI system is necessary for full implantability. We expect the 
BDBCI to be implementable with a footprint comparable to that of 
existing implantable neural devices (e.g., NeuroPace RNS® system: 60×

27.5mm, Medtronic Percept™ PC neurostimulator: 68× 51 mm). A 
unidirectional version of our system [28] already reached a similar size. 
Further applying advanced multilayer PCB design techniques, smaller 
surface-mounted components, and CMOS system-on-a-chip (SOC) inte
gration of all electronic hardware components can drastically reduce the 
device footprint. For example, our earlier work showed that significant 
footprint and power reduction was achieved via CMOS integrated circuit 
implementation of an amplifier array and stimulator module [46–49]. 
However, more comprehensive SOC implementation and subsequent 
testing and validation are expensive. As such, SOC solutions are typically 
implemented only after the proof-of-concepts are thoroughly 
demonstrated.

Additional future directions may include providing sensory training 
to enhance the accuracy in sensory discrimination and detection in 
BDBCI operation, as well as addressing long-term challenges such as 
changes to artificial sensation due to habituation/adaptation to elec
trical stimulation. Other non-BDBCI sensory applications may also be 
implemented, such as skin ischemia-related warning percepts or bladder 
distension signals. Outside of neuroprosthesis applications, the BDBCI 
may also be able to utilize the neurorehabilitative effects of DCES. 
Inspired by prior work demonstrating that combining BCI and spinal 
cord stimulation provided rehabilitative benefits after SCI [12] the 
addition of sensory feedback to BCI-controlled spinal cord stimulation 
may activate novel Hebbian processes which could improve the recov
ery of function in damaged sensory pathways.
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Bloch Jocelyne, Courtine Grégoire. Walking naturally after spinal cord injury using 
a brain–spine interface. Nature June 2023;618(7963):126–33. Number: 7963 
Publisher: Nature Publishing Group.

[13] King Christine E, Wang Po T, McCrimmon Colin M, Chou Cathy CY, Do An H, 
Nenadic Zoran. Brain-computer interface driven functional electrical stimulation 
system for overground walking in spinal cord injury participant. In: 2014 36th 
annual international conference of the IEEE engineering in medicine and biology 
society; August 2014. p. 1238–42. ISSN: 1558-4615.

[14] Do An H, Wang Po T, King Christine E, Chun Sophia N, Nenadic Zoran. Brain- 
computer interface controlled robotic gait orthosis. J NeuroEng Rehabil 2013;10 
(1):1–9. Publisher: Springer.

[15] Louis Benabid Alim, Costecalde Thomas, Eliseyev Andrey, Charvet Guillaume, 
Verney Alexandre, Karakas Serpil, Foerster Michael, Lambert Aurélien, 
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