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Highlights

What are the main findings?
• Four out of six children with severe neuromotor disabilities successfully controlled a 

virtual reality wheelchair simulator using a hybrid EEG–EOG brain–computer interface, 
achieving a mean functional accuracy of 77 percent during successful sessions.

• The combined neural interface and virtual reality framework was well-tolerated, 
demonstrating zero adverse side effects and low user frustration despite the high 
cognitive demands of kinesthetic motor imagery

What are the implications of the main findings?
• Combining hybrid neural interfaces with ecologically valid virtual simulators may offer 

a safe, accessible, and inclusive pathway for powered mobility training in pediatric 
patients lacking residual motor function.

• The significant performance variability observed in this cohort emphasizes the necessity 
for personalized calibration strategies and the future integration of semi-autonomous 
shared control systems before translating this technology to physical wheelchairs.

Abstract

Background: Developing Brain–Computer Interfaces (BCIs) for children with severe neuro-
motor disabilities remains challenging due to developmental neurophysiology and the high 
cognitive demands of motor imagery. Hybrid BCIs integrating electroencephalography 
(EEG) and electrooculography (EOG) can overcome these limitations by combining con-
tinuous motor-related control with reliable discrete commands. This multiple-case study 
investigated the feasibility of a hybrid EEG–EOG BCI integrated with a virtual reality (VR) 
powered wheelchair simulator for mobility training. Methods: Six participants (mean age: 
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13.00 ± 3.52 years; 1 female, 5 males) with severe neuromotor disabilities (i.e., Central Core 
Myopathy, LAMA2 related Congenital Muscular Dystrophy, Spinal Muscular Atrophy Type 
II, and Cerebral Palsy) completed repeated sessions using a self-paced BCI. The system 
combined continuous kinesthetic motor imagery (KMI) for steering and EOG-detected 
voluntary blinks for discrete commands. We evaluated online classification performance 
(accuracy, sensitivity, specificity), user workload (NASA-TLX), and simulator-related dis-
comfort (MSAQ) under fully and semi-immersive VR conditions. Results: Across the 
selected session-level evaluations, mean online classification accuracy was 67%, increasing 
to 77% when considering only successful evaluations. Four of the six participants com-
pleted the experimental protocol, whereas two discontinued after T3 because sufficiently 
stable BCI control could not be achieved. NASA-TLX scores indicated increasing perceived 
workload but generally low frustration, while low MSAQ scores suggested good VR tol-
erability. No participants withdrew because of VR-related discomfort or adverse effects. 
Conclusions: This exploratory study provides preliminary evidence supporting the fea-
sibility of hybrid EEG–EOG BCI control within a VR-based powered mobility simulator 
for children and adolescents with severe neuromotor disabilities. Although simulated 
navigation was feasible for four participants, substantial variability in BCI control highlights 
the need for further technological refinement and validation in larger cohorts.

Keywords: brain computer interface; kinesthetic motor imagery; virtual reality; neuromotor 
disabilities; powered mobility

1. Introduction
Independent mobility is a fundamental prerequisite for cognitive, social, and emotional 

development in children [1]. For children with severe neuromotor disabilities, powered 
wheelchairs (PWs) can provide an important means of achieving independent mobility 
and promoting autonomous exploration and participation in daily life. However, conven-
tional PWs typically require residual upper-limb function for their operation, which may 
be limited or absent in this population [2]. It is indeed estimated that up to 10–15% of 
potential PW users are unable to operate standard joystick-based interfaces due to profound 
motor impairments [3,4]. While powered mobility (PM) systems remain the primary assis-
tive technologies to improve functional independence and, consequently, health-related 
quality of life [5], this physical barrier creates a critical accessibility gap during crucial 
developmental stages.

Even for users capable of alternative access, safe and effective PW use requires specific 
driving skills. Conventionally, wheelchair training (WT) is delivered in structured clinical 
settings under direct therapist supervision. Although this approach ensures patient safety 
and standardized skill acquisition, often guided by pediatric frameworks like the Powered 
Mobility Program (PMP) [6], it places considerable demands on clinical resources, special-
ized personnel, and infrastructure [7]. Technology-assisted and home-based solutions may 
complement conventional training by increasing opportunities for individualized, repeated 
practice outside clinical settings.

Virtual reality (VR) has emerged as a promising platform for mobility training, pro-
viding safe, controlled, and repeatable environments for skill acquisition [8]. Both fully 
immersive (FI) systems, using head-mounted displays, and semi-immersive (SI) desktop 
configurations can simulate ecologically meaningful driving scenarios while removing the 
physical risks of real-world practice [7]. Furthermore, VR enables minimally supervised, 
high-intensity sessions that are highly suitable for home-based WT [9].
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Despite these advantages, existing VR wheelchair training simulators often fail to 
bridge the aforementioned accessibility gap for users with severe upper-limb dysfunc-
tion [10]. Many systems lack realistic driving challenges and, most importantly, do not 
support interoperability with alternative, joystick-free control interfaces [11,12]. The devel-
opment of reliable alternative access strategies is therefore essential to ensure VR-mediated 
PM training is truly inclusive.

Brain–computer interfaces (BCIs) offer a viable solution by enabling users to control 
external devices through physiological signals, bypassing neuromuscular pathways [13]. 
While BCIs have been increasingly investigated as assistive technologies [14,15] and in-
tegrated with VR environments [16], transitioning them from laboratory prototypes to 
practical clinical tools remains hindered by variable performance, demanding training, and 
high user burden [17].

These challenges are exceptionally pronounced in pediatric BCI research. Pediatric BCIs 
represent a particularly challenging and clinically relevant research domain. Recent clinical 
evidence further supports the growing interest in pediatric BCI applications, highlighting 
their potential as assistive technologies while emphasizing the need for developmentally 
appropriate protocols and clinically meaningful outcome measures [18]. A systematic 
review by Orlandi et al. highlighted that pediatric BCI studies are still predominantly 
feasibility-oriented, characterized by small sample sizes and high performance variabil-
ity [19]. Pediatric users present unique challenges, including higher inter- and intra-subject 
variability, shorter attention spans, susceptibility to fatigue, and ongoing neurodevelopmen-
tal changes [19–21]. Nevertheless, clinical studies demonstrate that children with severe 
neurological disabilities can achieve functional BCI control, provided that calibration and 
training procedures are highly individualized and user-centered [22,23].

Among non-invasive BCI paradigms, motor imagery (MI)-based approaches are par-
ticularly suited for mobility applications. Unlike stimulus-driven paradigms (e.g., P300 
or SSVEP), MI enables endogenous, continuous, and self-paced control without relying 
on external sensory stimulation [24,25]. Specifically, kinesthetic motor imagery (KMI), 
the internal reproduction of proprioceptive and somatosensory sensations associated with 
movement [26], is strongly linked to sensorimotor activation, making it a highly effective 
directional control strategy [27,28]. Although KMI is cognitively demanding and can induce 
fatigue [19,29], engaging residual sensorimotor networks actively exploits the high neuro-
plastic potential typical of childhood [30–32]. Previous evidence confirms that pediatric 
users can perform KMI and achieve functional control, albeit with greater variability than 
adults [20–23].

To address these cognitive demands and improve overall reliability, hybrid BCIs com-
bine neural signals with additional physiological inputs. Integrating electroencephalog-
raphy (EEG) with electrooculography (EOG) to detect voluntary eye blinks provides 
complementary control channels that enhance decoding robustness and command sepa-
rability [13,33,34]. This multimodal strategy is especially relevant in pediatric contexts, 
where EEG signal variability can severely limit single-modality control [35]. Recent studies 
support this direction, showing that multimodal paradigms enhance engagement [20,22] 
and that children can achieve meaningful functional mobility outcomes even with variable 
classification performance [36].

Despite these advancements, a significant literature gap remains. Current pediatric 
BCI research focuses heavily on communication tasks or simplified laboratory interfaces, 
while existing VR simulators remain largely joystick-dependent. Although recent clinical 
evidence has demonstrated the feasibility of BCI-enabled powered mobility training in 
children [36], the integration of a hybrid EEG-EOG control framework within an immersive 
VR-based wheelchair training protocol has not yet been investigated.
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In response to these gaps, we developed BCI4VR-PMP, a hybrid EEG-EOG platform 
integrating self-paced KMI control with a VR-powered wheelchair simulator. This multiple-
case feasibility study evaluated BCI-related online controllability, usability, and workload, 
along with VR tolerability in children and adolescents with severe neuromotor disabilities.

2. Materials and Methods
2.1. Study Design

This exploratory multiple-case feasibility study was designed to evaluate the accessi-
bility, online controllability, usability, and tolerability of a hybrid EEG-EOG BCI integrated 
with a VR-powered wheelchair simulator in children and adolescents with severe neu-
romotor disabilities. Owing to the rarity and heterogeneity of the target population, a 
multiple-case design was selected instead of a conventional group-comparison design. Par-
ticipants were recruited from the “UOC Medicina Riabilitativa Infantile (UOC-MRI)” unit 
of the IRCCS Institute of Neurological Sciences of Bologna (IRCCS-ISNB). Experiments 
were performed after prior informed consent and under the supervision of physicians, 
neurologists, or physiotherapists. The study was conducted in accordance with the ethical 
principles established by the Declaration of Helsinki and was approved by the local Ethical 
Committee (37-2023-OSS-AUSLBO). The protocol is registered on ClinicalTrials.gov (ID: 
NCT06586125) and is part of a broader research project investigating the integration of VR 
and BCIs. Specifically, this manuscript presents the findings related to the BCI component.

2.2. Participant Recruitment
Participant recruitment was done according to the following inclusion criteria:

1. Both genders.
2. Ages between 6 and 20 years.
3. PMP score higher than 0.
4. Clinical diagnosis of severe neuromotor disability associated with substantial limi-

tations in independent mobility. The mobility-related descriptions of Gross Motor 
Function Classification System (GMFCS [37]) levels III–V were used as a descriptive 
reference to characterize functional mobility limitations, including in participants 
with diagnoses other than cerebral palsy. However, the GMFCS was not considered a 
formally validated classification instrument for neuromuscular disorders.

5. Use of either a PW or a manual wheelchair with an electric propulsion system.
Based on these criteria, six participants without prior experience with VR or BCI tech-

nologies were enrolled (mean age: 13.00 ± 3.52 years; 1 female, 5 males). The inclusion 
criteria regarding age (6 to 20 years) and the absence of sex restrictions were intentionally 
maintained broad to align with the exploratory feasibility nature of this study. Given the 
rarity of severe neuromotor disabilities requiring powered mobility interventions, enforcing 
narrower demographic restrictions would have rendered the recruitment process at the 
clinical center excessively prolonged or practically impossible. Indeed, the limited sample 
size reflects the practical complexities of conducting multiple experimental sessions with 
severely impaired pediatric patients who require continuous caregiver support. Participants 
were intentionally selected to represent the spectrum of pediatric neuromotor disorders 
commonly requiring powered mobility, while preserving sufficient cognitive abilities to 
perform the demanding KMI and VR tasks. Detailed demographic and clinical characteris-
tics are reported in Table 1. The absence of cognitive impairments was established through 
formal evaluations conducted by the referring pediatric neuropsychiatrists. Cognitive 
functioning was assessed using age appropriate standardized psychometric instruments, 
specifically the Wechsler Intelligence Scale for Children Fourth Edition (WISC IV) and the 
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Wechsler Preschool and Primary Scale of Intelligence Third Edition (WPPSI III). Based on 
the available clinical neuropsychological assessments, participants were considered to have 
sufficient cognitive abilities to understand and follow the experimental instructions. This 
determination was made by the referring clinical team and was used to establish eligibility 
for the BCI protocol. Furthermore, none of the participants presented perceptual disorders 
or epilepsy. Regarding visual conditions, BCI03 had mild myopia, and BCI06 had astig-
matism. All participants had previous experience operating powered wheelchairs. While 
a formal baseline assessment of their physical driving skills was not conducted prior to 
enrollment, the duration of their prior powered mobility experience was documented based 
on their first prescription dates. Specifically, the years of first prescription were 2019 for 
BCI01, 2014 for BCI02, 2017 for BCI03, 2021 for BCI04, 2020 for BCI05, and 2024 for BCI06. 
Because the experimental tests were conducted between 2024 and 2025, this confirms that 
the majority of the cohort had several years of daily driving experience prior to the BCI 
intervention. Ongoing pharmacological therapies were reported only for BCI04 and BCI06, 
who were under respiratory bronchodilator and salbutamol therapy, respectively.

The recruited participants presented heterogeneous patterns of residual motor function, 
reflecting the clinical variability of the target population. Lower-limb (LL) motor control 
was severely impaired in all participants, with only BCI01 retaining limited voluntary ankle 
movement, whereas the remaining participants exhibited minimal motor control confined to 
the hip region. Upper-limb (UL) function showed greater variability, ranging from residual 
proximal arm movements (e.g., elbow flexion or forearm pronation/supination) to isolated 
finger movements. Detailed information on residual UL and LL motor abilities for each 
participant is reported in Table 1.

Table 1. Participants’ information.

ID Age Sex Disorder Residual UL 
Motor Function

Residual LL 
Motor Function

BCI01 14 F Central Core Myopathy Forearm 
pronation/supination

Limited ankle 
movement

BCI02 13 M
LAMA2-related 

Congenital Muscular 
Dystrophy (MDC1A)

Elbow flexion Minimal motor 
control at hip

BCI03 18 M SMA II Elbow flexion Minimal motor 
control at hip

BCI04 13 M SMA II Index finger 
dorsiflexion

Minimal motor 
control at hip

BCI05 13 M CP Proximal UL, hand, 
and finger

Minimal motor 
control at hip

BCI06 7 M SMA II Proximal UL, hand, 
and finger

Minimal motor 
control at hip

BCI—Brain Computer Interface, CP—Cerebral Palsy, F—Female, ID—Identifier, LAMA2—Laminin 
Subunit Alpha 2, LL—Lower Limb, M—Male, MDC1A—Muscular Dystrophy Congenital Type 1A, 
SMA II—Spinal Muscular Atrophy Type II, UL—Upper Limb.

Participants with residual motor function were intentionally included, consistent with 
the exploratory feasibility nature of this study. Residual motor experience is considered 
advantageous for KMI, as this paradigm relies on the internal representation of previously 
experienced movements and their associated proprioceptive sensations [38]. Conversely, 
the complete or congenital absence of voluntary motor function may limit the development 
of accurate motor representations and potentially reduce KMI performance. Future studies 
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will extend the evaluation of the proposed framework to participants with more severe 
motor impairments.

2.3. BCI4VR-PMP System
The system used in this study, the BCI4VR-PMP (depicted in Figure 1a) consists of two 

integrated modules: a VR wheelchair-driving simulator (VR-PMP, depicted in Figure 1c) 
and a hybrid EOG-EEG BCI system.

Figure 1. (a) System Description; (b) EEG montage; (c) Task 12 VR-PMP Example.

EEG recordings were acquired through a 32-channel Waveguard cap (EEG64-BIP24CA209, 
ANT Neuro, Hengelo, The Netherlands) arranged according to the international 10–20 layout 
(depicted in Figure 1b). The cap was connected to an eego Sports amplifier (ANT Neuro, 
Hengelo, The Netherlands), and signals were digitized at a sampling frequency of 512 Hz. 
Additionally, ocular activity was monitored by thresholding the deflections of frontal elec-
trodes, specifically Fp1 and Fp2.

The VR-PMP simulator was developed using Unity (Unity Technologies, San Fran-
cisco, CA, USA) and designed to simulate the first 20 tasks of the PMP in both FI and 
SI VR environments.

The hybrid BCI system was developed within the ROS-Neuro framework [39]. Signal 
pre-processing included the application of a Common Average Reference (CAR) spatial 
filter to implement average re-referencing across all channels. The power spectral density 
was computed via Welch’s algorithm using a 1 s Hamming window sliding every 62.5 ms, 
yielding an update frequency of 16 Hz. Following feature selection via Canonical Variate 
Analysis (CVA), continuous classification was performed using a Gaussian classifier. The 
classifier parameters were initialized via self-organizing maps clustering and trained using 
a gradient descent-based supervised learning algorithm. During online control, posterior 
probabilities were accumulated using a leaky integrator based on exponential smoothing. 
A steering command was generated immediately once the integrated probability reached 
the activation threshold, with no additional fixed dwell time required. For the EOG-based 
discrete commands, signals from the frontal electrodes (Fp1 and Fp2) were mirrored in the 
time domain and band pass filtered from 1 to 10 Hz using a second order Butterworth filter. 
An amplitude threshold was applied to detect intentional blinks, immediately followed by 
an empirically validated 1 s refractory period to prevent accidental double triggers from 
subsequent spontaneous eye movements.
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The VR simulator and the BCI module run on two dedicated computers connected via 
a TCP/IP LAN connection, enabling seamless real-time control of the virtual environment 
through the physiological data.

The hybrid BCI can discriminate between three specific classes to drive the virtual 
wheelchair. Specifically, imagining the movement of the UL rotates the wheelchair by 
30 degrees to the left, while imagining the movement of the lower limbs LL rotates it by 
30 degrees to the right. Finally, discrete voluntary eye blinks are used to intentionally start 
and stop the forward motion of the wheelchair at a fixed speed.

More detailed technical information about the system can be found in a previous 
work [40] in which we tested it on a group of six participants without disabilities, demon-
strating the feasibility and usability on that court.

2.4. Experimental Protocol
The experimental protocol is illustrated in Figure 2a. It consists of a clinical assessment 

(Tca), a preliminary session (Tprel), and three to four experimental sessions (T1–T4), with 
at least 3 days between consecutive time points.

Figure 2. (a) Acquisition protocol scheme; (b) KMI training protocol (BCI: brain computer interface; 
KMI: Kinesthetic Motor Imagery; LL: Lower Limbs; MSAQ: motion sickness assessment questionnaire; 
NASA-TLX: NASA task load index; UL: Upper Limbs).

2.5. Preliminary Session
Once the movements were chosen, the next preliminary phase (Tprel) started, the 

same day as Tca. In the beginning, cybersickness, a known adverse effect associated with 
VR exposure [41], was tested on a dedicated assessment module of the VR-PMP simulator. 
To this aim, participants were instructed to navigate two distinct virtual environments 
(a park and a city scenario) for a cumulative duration of 8 min. The simulator modality 
was then selected according to predefined age and VR-tolerability criteria. In compliance 
with VR headset usage guidelines [42,43], participants younger than 13 years old were 
restricted to the SI version of the VR-PMP simulator due to safety concerns and the potential 
for adverse effects. For participants aged 13 years or older, the presence or absence of 
VR-related side effects observed during the preliminary assessment was used to determine 
the most appropriate simulator modality (FI or SI).

To assess cybersickness, the motion sickness assessment questionnaire (MSAQ) [44] 
was used. Although the Simulator Sickness Questionnaire (SSQ) [45] is commonly em-
ployed to assess symptoms associated with VR exposure, the MSAQ provides a broader 
multidimensional characterization of motion sickness symptoms, encompassing gastroin-
testinal, central, peripheral, and sopite-related manifestations. Moreover, previous research 
using the MSAQ showed that cybersickness and classical motion sickness are characterized 
by largely comparable symptom profiles [41]. The MSAQ has also been previously used to 
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assess visually induced motion sickness in VR-based wheelchair simulators [46], further 
supporting its use in the present study. Importantly, cybersickness monitoring was not 
limited to questionnaire administration. At each session, participants were explicitly asked 
about discomfort and modality preferences, with the possibility to switch VR modality, 
when necessary, in order to minimize adverse effects and prevent study withdrawal.

Afterwards, each participant underwent the KMI training (KMIT). This training had 
two aims. Primarily, it provided standardized training on the KMI paradigm adopted 
for BCI calibration and control. Additionally, it was systematically administered at the 
beginning of each of the subsequent sessions to orient participants’ attention toward the 
target movements before EEG acquisition and BCI operation. As illustrated in Figure 3b, the 
KMIT protocol began with 1 min of motor execution of the specific UL movement decided 
for each participant, followed by a corresponding KMI of the same movement. Both the 
execution and imagery blocks consisted of 10 consecutive trials, each comprising a few 
seconds of active task followed by a brief rest. The same sequence was then performed 
for LL movements. The protocol concluded with a mixed condition in which participants 
responded to visual cues by alternately executing and imagining UL and LL movements 
presented in randomized order (seven trials per effector). The mixed block had a total 
duration of approximately 90 s. The duration of each block was intentionally kept short 
to ensure focused engagement and to minimize cognitive and physical fatigue, given the 
overall length of the experimental sessions and the pediatric clinical population involved.

To guide participants through the KMI training, visual cues corresponding to the 
target movements and preparation intervals were presented on a laptop screen, as shown 
in Figure 3.

Figure 3. KMIT Feedback: (a) Hands MI or ME feedback; (b) Fixation cross feedback; (c) Feet MI or 
ME feedback.

These specific visual cues were selected to ensure consistency with the subsequent BCI 
calibration procedure, detailed in the following section. To further support the cognitive 
association between the target movement, the visual cue, and the resulting wheelchair 
direction, visual aids depicting hands and feet were attached to the sides of the laptop 
monitor. This setup was specifically designed to help pediatric participants internalize the 
control strategy and minimize cognitive load.

Crucially, these visual aids were kept physically attached to the monitor throughout 
the later BCI calibration, evaluation, and VR navigation phases. This strategy aimed to 
continuously help the children in recalling the correct imagery-to-command associations 
without increasing memory burden.

The previous literature on motor imagery training suggests that shorter, repeated blocks 
may help preserve imagery quality and attentional resources, especially in rehabilitation 
settings [47–49]. Participants were instructed to continue KMIT at home for a minimum of 
three days between each experimental sessions. To support them during this independent 
practice, participants were provided with video recordings, replicating the exact visual cues 
and timing used in the laboratory setting. This was meant to ensure consistent guidance 
and reinforcing the correct imagery-to-command associations during the execution of 
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the home-based KMIT. However, it must be noted that while home practice was strongly 
recommended, compliance was not objectively monitored through digital logs or diaries. 
Participants were simply asked, during the ambulatory sessions, if they had performed the 
KMIT in the previous days or not.

Conversely, no specific preliminary training was conducted for the eye-blinking com-
mand. Prior to calibration, each participant’s ability to voluntarily and reliably produce eye 
blinks was assessed and confirmed. Given the adequate voluntary control observed in all 
participants, individual calibration of the EOG detection threshold during the session was 
considered sufficient to ensure reliable system operation.

2.6. Experimental Sessions
After a minimum interval of three days, participants attended the first experimental 

session (T1), starting with the repetition of the KMIT. The structure and progression of all 
experimental BCI sessions (T1–T4) are summarized in Table 2.

Table 2. Structure of BCI experimental sessions.

Session Calibration (Training) Evaluation VR Navigation

T1 Yes Yes Preview (5 levels)
T2 If needed Yes Full (20 levels)
T3 If needed Yes Full (20 levels)
T4 If needed Yes Full (20 levels)

VR–Virtual Reality.

Subsequently, the BCI classifier was trained for each participant by acquiring at least 
three runs, each composed of ten repetitions of UL and ten of LL KMI, presented randomly 
through visual cues, as described by the article of Tonin et al. [50]. Then, the online accuracy 
of each participant with the system was tested through the evaluation session, in which 
participants performed in random order 20 trials (10 UL, 10 LL), with the aim of reaching 
a predefined activation threshold. A session was considered successful if classification 
accuracy exceeded 60% (see Marcaccini et al. [40] for the detailed methodology), and it 
could have been repeated twice. In the case of a successful evaluation phase, the threshold 
for detection of eye blinking was individually calibrated. Participants were instructed to 
perform voluntary blinks while different values were tested, aiming to identify the optimal 
threshold that reliably discriminated intentional blinks from involuntary ones. To ensure 
system reliability before proceeding, the selected threshold was definitively confirmed 
only if the participant successfully triggered the command with five consecutive voluntary 
blinks, without eliciting any false positives during spontaneous blinking. A higher number 
of trials was deliberately avoided to prevent unnecessary physical and visual fatigue prior 
to the main navigation task, taking into consideration the young age and clinical conditions 
of the participants. Subsequently, participants used the BCI system to navigate through 5 
of the 20 levels of the VR-PMP in order to provide a preview of the tasks they would have 
to perform in the next sessions. Full navigation across all VR-PMP levels was intentionally 
avoided since, given the relatively young age of the population, the session duration was 
intentionally kept as short as possible.

Later sessions (T2–4) were separated by at least three days to allow continued at-home 
KMIT. These sessions followed the same general structure as T1 with minor adaptations. 
Specifically, the evaluation stage was performed immediately after KMIT, using the classifier 
trained during T1. Recalibration was carried out only if performance during evaluation was 
considered insufficient, followed by a repeated evaluation. Upon completion of the final 
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system evaluation, participants proceeded to the VR-BCI Navigation phase, during which 
they completed all 20 tasks of the VR-PMP simulator by controlling the virtual wheelchair 
via BCI.

Session T4 was optional and scheduled only when adequate BCI control was not 
achieved in T2 or T3. Study discontinuation would have occurred if reliable BCI control was 
not obtained in more than one session among T2, T3, and T4. Failure at T1 was considered 
acceptable, given the expected adaptation challenges during first exposure in pediatric and 
adolescent participants.

Perceived workload was assessed in all BCI sessions using the NASA Task Load Index 
(NASA-TLX) questionnaire [51], administered in three different time-points: before the 
session (pre-session, PS), after system evaluation (post-evaluation, PE), and when partic-
ipants had control of the system, after the navigation phase (post-navigation, PN). The 
evaluation of potential VR-related side effects was performed after the navigation phase, 
using the MSAQ.

2.7. Data Analysis
To evaluate the feasibility of the proposed system within this multiple-case design, 

study outcomes were divided into primary and secondary measures. Primary outcomes 
focused on online controllability and BCI performance metrics, including online accuracy, 
sensitivity, and specificity. Secondary outcomes encompassed system usability and patient 
tolerability, evaluated through the NASA-TLX workload index, MSAQ side effects, drop-outs, 
user tolerance, and adherence to the protocol.

2.8. BCI Performance
BCI performance was quantified during the evaluation phase of each session. For every 

session, classification outcomes were summarized in a confusion matrix, from which overall 
accuracy and class-specific metrics were derived. Correct identification of UL imagery trials 
was defined as the positive class (true positive, TP), whereas correct LL imagery trials 
were defined as the negative class (true negative, TN). Misclassifications were limited to 
incorrect activation of the non-target class, corresponding to false positives (FP) or false 
negatives (FN). Trials in which the instructed class did not reach any activation threshold 
were not considered classification errors and were therefore excluded from FP and FN 
counts. This definition was selected because failure to activate the classifier resulted in no 
directional command rather than an unsafe movement, as initiation and termination of 
wheelchair movement were controlled independently via voluntary eye blinks. This choice 
reflects the operational logic of the system, in which the KMI paradigm was used to steer 
the virtual wheelchair left or right. An incorrect class activation would have resulted in 
steering in the unintended direction, being a potentially unsafe event. In contrast, failure 
to reach the activation threshold resulted in no directional command, which did not pose 
safety concerns. Based on this framework, sensitivity reflected the proportion of correctly 
detected UL imagery trials, while specificity represented the correct identification of LL 
imagery trials.

It is worth noting that formal classification metrics were not computed for the EOG-
based voluntary blink commands.

2.9. VR Navigation Performance
Task completion times and collision counts were extracted to characterize navigation 

performance within the virtual environment. Since the virtual environment is a custom-
built platform, contextualizing these values required a standardized baseline. To this 
aim, reference recordings were obtained from an experienced adult laboratory member 
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(26 years old, female) under two conditions: BCI-based control and conventional manual 
control. These recordings were used as exploratory reference values rather than as normative 
benchmarks or estimates of theoretical maximum performance.

2.10. System Usability
Subjective workload was assessed using the NASA-TLX, computed according to the 

original scoring procedure [51]. Percentual scores were obtained for each of the six fields 
(mental demand, physical demand, temporal demand, performance, effort, and frustration), 
and the overall workload index was calculated. In addition to the raw scores collected at 
each assessment point, delta values were computed to quantify changes between PS and PE, 
and between PE and PN. NASA-TLX workload scores were collected across three assessment 
phases: PS, PE, and PN. Given the small sample size of participants who completed the full 
protocol (i.e., 4 individuals), participants completed repeated sessions across the study.

Due to the small sample size and the feasibility nature of the study, subjective workload 
data derived from the NASA TLX questionnaire were evaluated using purely descriptive 
statistics rather than inferential hypothesis testing. Data distributions are reported using 
medians, interquartile ranges, and absolute minimum to maximum ranges to represent the 
data spread without risking inferential overreach. To assess phase dependent workload 
changes, differential scores comparing the workload increases generated by the calibration 
phase and the virtual reality navigation phase were visually evaluated using boxplots.

2.11. VR-Related Side Effects
The evaluation of potential VR-related side effects was performed using the MSAQ. In 

accordance with Gianaros et al. [44], four subscales (gastrointestinal, central, peripheral, 
and drowsiness) as well as the total score were computed and expressed as percentage 
values. Comparisons across sessions (Tprel, T1, T2, T3 and T4) and stimulation modalities 
(SI and FI) were explored descriptively through graphical representations. Inferential 
statistical analyses were not conducted due to the extremely limited sample size and the 
structural characteristics of the dataset. Specifically, only four participants completed all 
sessions with sufficient BCI control, yielding four repeated observations per time point. In 
addition, the number of sessions conducted with the FI modality (n = 6) was markedly 
lower than those performed with the SI modality (n = 13), resulting in an unbalanced 
design. Importantly, the choice of stimulation modality was not randomized but driven 
by individual clinical needs and practical constraints, introducing potential confounding 
factors that would not be adequately controlled in a formal statistical comparison.

All computations were implemented in MATLAB (R2025b).

3. Results
3.1. Feasibility and Protocol Adherence

Four out of six participants (67%) successfully completed the protocol, whereas two 
participants (BCI01 and BCI06) did not achieve stable online control and discontinued the 
study after T3, in accordance with predefined protocol cut offs. Moreover, only one partici-
pant (BCI004) required session T4. The overall study progression, including enrollment 
and session completion, is summarized in Figure 4.

Furthermore, regarding the independent training protocol, all participants verbally re-
ported adherence to the recommended at-home KMI practice when queried at the beginning 
of each clinical session.
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Figure 4. Study progression and protocol adherence.

3.2. Individualized KMI Task Selection
As a result of the clinical evaluation session, specific UL and LL movements were 

selected for each participant based on their residual motor abilities. The LL movement was 
standardized as hip adduction–abduction for almost all participants, with the exception of 
BCI01 who performed feet dorsiflexion. Conversely, UL movements were highly individ-
ualized: hand opening-closing for BCI05 and BCI06; bicep curl for BCI03; elbow flexion–
extension with a pronated forearm supported on the wheelchair tray for BCI02; stabilized 
forearm pronation–supination for BCI01; and gravity-assisted index finger flexion–extension 
for BCI04.

3.3. Navigation Eligibility and Recalibration
Participants BCI02, BCI03, BCI04, and BCI05 achieved sufficient accuracy in at least two 

sessions among T2, T3, and T4; therefore, they were eligible to perform the corresponding 
full navigation phases and successfully completed the protocol. Regarding system recal-
ibration, all participants required it during session T2. In session T3, recalibration was 
necessary for participants BCI01, BCI04, and BCI05, while BCI04 required it during the 
optional session T4.

3.4. Features and Thresholds
Table 3 summarizes the EEG used to train the classifier and the corresponding threshold 

values.
The feature columns report, for each participant and session, the combination of EEG 

channels (in bold) and the associated frequencies (in Hz, indicated in round brackets), 
used to extract the power spectral density as input features for the BCI. Specifically, these 
features were selected by identifying the most discriminative ones between the two KMI 
classes using a Canonical Variate Analysis. The table also reports the thresholds used for 
the recognition of UL and LL KMI, as well as the thresholds for voluntary blink detection 
expressed in microvolts (μV). When a threshold was modified during the navigation session, 
the most recent value is reported in round brackets, whereas the value outside the brackets 
corresponds to the one used during the BCI calibration and evaluation phases. Given the 
deterministic nature of the thresholding approach and the inherently high signal-to-noise 
ratio of ocular artifacts, the blink detection proved to be highly reliable. All participants 
successfully used the blink command to intentionally initiate and terminate the wheelchair 
movement without reported operational issues during the sessions.

https://doi.org/10.3390/children13111531

https://doi.org/10.3390/children13111531


Children 2026, 13, 1531 13 of 30

Table 3. Selected features and thresholds in sessions T1–T4.

ID
T1 T2 T3 T4

Features Thresholds Features Thresholds Features Thresholds Features Thresholds

BCI01 C3 (8, 14 Hz)
UL: 0.56
LL: 0.56

EOG: 100 uV

FC1 (12 Hz), FC5 
(14 Hz)

UL: 0.56
LL: 0.56

EOG: 100 uV

FC1 (16 Hz), 
CP1 (14 Hz), 
CP6 (16 Hz)

UL: 0.52
LL: 0.77

BCI02
FC5 (16 Hz), 
FC2 (16 Hz), 
FC1 (18 Hz)

UL: 0.59
LL: 0.54

EOG: 200 uV
C3 (10, 12 Hz)

UL: 0.68 (0.61)
LL: 0.64

EOG: 120 uV
C3 (10, 12 Hz)

UL: 0,63
LL: 0,63

EOG: 125 uV

BCI03
C3 (12 Hz), 
C4 (16 Hz),
CP6 (20 Hz)

UL: 0.58
LL: 0.55

EOG: 120 uV

C3 (12 Hz), 
CP1 (12 Hz)

UL: 0.55
LL:0.53

EOG: 125 uV

C3 (12 Hz),
CP1 (12 Hz)

UL: 0.55
LL: 0.58

EOG: 125 uV

BCI04 CP5 (10, 12 Hz), 
C3 (10, 12 Hz)

UL: 0,60
LL:0.57

EOG: 125 uV

C4 (10, 16, 18 Hz), 
CP5 (10 Hz)

UL: 0.60
LL: 0.65 (0.60)
EOG: 125 uV

CZ (16 Hz),
CP2 (16 Hz)

UL: 0.59
LL: 0.54

C4 (10, 12 Hz), 
CP6 (12 Hz)

UL: 0.59
LL: 0.55

EOG: 125 uV

BCI05 FC2 (16 Hz), 
FC6 (16, 18 Hz)

UL: 0.56
LL: 0.62

FC5 (14 Hz), FC2 
(16 Hz), C4 (12 Hz)

UL: 0.77
LL: 0.53

EOG: 121 uV

FC5 (14 Hz), 
FC2 (16 Hz), 
C4 (12 Hz)

UL: 0.60
LL: 0.55

EOG: 121 uV

BCI06
FC5 (18 Hz), 
FC2 (18 Hz), 
CZ (10 Hz)

UL: 0.62
LL: 0.63

C3 (26,28 Hz), 
CP2 (26,28 Hz)

UL: 0.58
LL: 0.63 C4 (10, 12 Hz) UL: 0.60

LL: 0.63

C—central; CP—Centro-parietal; ID—identifier; EOG—electrooculography; F—frontal; FC—fronto-central; LL—lower limbs; UL—upper limbs.
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3.5. Classification Metrics
Table 4 summarizes the classification performance obtained in each session. When 

participants performed multiple evaluations within the same session (i.e., in case of failed 
evaluation sessions), only the evaluation with the highest accuracy was retained to character-
ize the best performance achieved following calibration or recalibration. This approach was 
consistent with the operational objective of determining whether participants could proceed 
to VR navigation. However, selecting the highest-performing evaluation may provide an 
optimistic estimate of sustained BCI performance, and the reported session-level metrics 
should therefore not be interpreted as averages across all evaluation attempts.

Table 4. Evaluation phase no-decision rate, raw accuracy, sensitivity, and specificity scores.

ID Session No-Decision Rate Accuracy Sensitivity Specificity

BCI01

T1 0.45 0.70 0.40 1.00

T2 0.25 0.53 0.00 1.00

T3 0.00 0.50 0.00 1.00

BCI02

T1 0.05 0.52 0.40 0.67

T2 0.40 1.00 1.00 1.00

T3 0.35 0.85 1.00 0.60

BCI03
T1 0.40 0.92 0.86 1.00

T2 0.25 0.67 0.86 0.50

T3 0.20 0.69 0.89 0.43

BCI04

T1 0.20 0.62 0.29 0.89

T2 0.30 0.71 0.78 0.60

T3 0.15 0.41 0.71 0.20

T4 0.30 0.79 1.00 0.50

BCI05

T1 0.15 0.53 0.67 0.38

T2 0.25 0.93 0.88 1.00

T3 0.60 0.62 0.40 1.00

BCI06

T1 0.35 0.77 0.40 1.00

T2 0.25 0.53 1.00 0.12

T3 0.30 0.50 0.83 0.25
Bold values represent sufficient (i.e., ≥0.60) accuracies. (ID—Identifier).

Across all evaluation sessions and participants, mean online accuracy was 0.67 ± 0.16 
(mean ± standard deviation, SD), with a sensitivity of 0.65 ± 0.32 (mean ± SD) and a 
specificity of 0.69 ± 0.31. When evaluating the temporal progression across the protocol, 
the overall mean online accuracy and SD values were 0.68 ± 0.15 at T1, 0.73 ± 0.20 at T2, 
and 0.60 ± 0.15 at T3.

Considering only successful sessions (i.e., the ones with accuracy ≥ 60%), mean online 
accuracy increased to 0.77 ± 0.12, alongside a sensitivity of 0.87 ± 0.11 and a specificity 
of 0.90 ± 0.16. Finally, when isolating the subgroup of four participants who successfully 
completed the entire protocol, the mean online accuracy trends across the sessions were 
0.65 ± 0.19 in T1, 0.83 ± 0.16 in T2, and 0.64 ± 0.18 in T3.

As defined by the protocol, a session was considered successful and proceeded to the 
navigation phase if the classification accuracy exceeded the a priori functional threshold of 
60%, a standard benchmark for effective BCI control [52,53]. Across the control periods that 
met this criterion, the mean online classification accuracy was 77%. This value is descriptive, 
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and no formal inferential test against chance was performed. Therefore, the 60% threshold 
should be interpreted as an operational criterion for proceeding to navigation, rather than 
as evidence of statistically significant above-chance classification.

To fully characterize the system’s responsiveness for real-world application, we also 
evaluated the frequency of trials in which no command was produced (i.e., the KMI classifier 
did not reach the activation threshold for either class), calling this parameter the no-decision 
rate. Consistent with the accuracy metrics, this rate was extracted exclusively from the best 
evaluation run of each session. Across all evaluation sessions, the mean ‘no-decision’ rate 
was 27.37 ± 13.98%. When considering only the successful sessions (accuracy ≥ 60%), the 
mean rate of unclassified trials was 33.75 ± 11.51%.

A formal accuracy value for the EOG-based eye-blinking command was not computed. 
During calibration, participants were required to achieve five consecutive successful vol-
untary activation without false-positive detection before proceeding to the VR navigation 
phase. Accordingly, all participants who advanced to the VR navigation phase had already 
demonstrated highly reliable control over the blinking command.

3.6. VR Navigation Performance
Figure 5 presents the mean completion times and number of collisions for the four 

successful participants, compared against reference values from the expert user with and 
without BCI control.

Figure 5. Quantitative behavioral metrics for VR navigation. The (top panel) displays the mean task 
completion times in seconds for each participant across the simulator tasks, compared to reference 
BCI and non-BCI control values. The (bottom panel) displays the mean number of collisions per task.

3.7. System Usability
For consistency, descriptive analyses were performed only on sessions in which par-

ticipants completed the calibration, evaluation, and navigation timepoints, yielding all 
NASA-TLX values (i.e., PS, PE, and PN). For this reason, the following sessions were ex-
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cluded: BCI01 sessions T2 and T3, BCI02 session T1, BCI04 session T3, BCI05 session T1, 
and BCI06 session T2 and T3.

The distribution of NASA-TLX mental demand and overall scores across participants 
and BCI sessions (PS, PE, and PN) is reported in Figure 6a,b. Mental demand was specifically 
highlighted as the proposed task is primarily cognitive.

To provide an overview, Table 5 reports the median and the ranges for all NASA-TLX 
subscales, calculated across the sessions and divided into timepoints. Figure 6c,d present 
the differential workload scores used to visually compare the relative demands of the 
calibration and navigation phases. The plotted values represent the absolute changes in 
NASA TLX scores between the assessment intervals: Pre Session to Post Evaluation, and 
Post Evaluation to Post Navigation.

Table 5. NASA-TLX median scores across timepoints.

Pre Session Post Evaluation Post Navigation

Total Score
Median: 36.66 Median: 56.16 Median: 69.50

IQR: 23.33 to 48.00 IQR: 45.33 to 66.33 IQR: 59.67 to 78.33
Range: 8.33 to 66.00 Range: 11.67 to 75.67 Range: 25.67 to 86.00

Mental Demand
Median: 35.00 Median: 67.50 Median: 85.00

IQR: 0.00 to 50.00 IQR: 55.00 to 80.00 IQR: 65.00 to 85.00
Range: 0.00 to 65.00 Range: 0.00 to 85.00 Range: 45.00 to 95.00

Physical Demand
Median: 20.00 Median: 30.00 Median: 42.50

IQR: 0.00 to 25.00 IQR: 10.00 to 45.00 IQR: 20.00 to 45.00
Range: 0.00 to 45.00 Range: 0.00 to 55.00 Range: 0.00 to 60.00

Temporal Demand
Median: 10.00 Median: 22.50 Median: 30.00

IQR: 0.00 to 15.00 IQR: 5.00 to 35.00 IQR: 20.00 to 55.00
Range: 0.00 to 45.00 Range: 0.00 to 55.00 Range: 0.00 to 60.00

Performance
Median: 50.00 Median: 52.50 Median: 72.50

IQR: 30.00 to 70.00 IQR: 45.00 to 65.00 IQR: 65.00 to 85.00
Range: 25.00 to 85.00 Range: 35.00 to 90.00 Range: 40.00 to 100.00

Effort
Median: 25.00 Median: 60.00 Median: 70.00

IQR: 5.00 to 35.00 IQR: 30.00 to 70.00 IQR: 45.00 to 85.00
Range: 0.00 to 65.00 Range: 0.00 to 85.00 Range: 0.00 to 100.00

Frustration
Median: 2.50 Median: 2.50 Median: 22.50

IQR: 0.00 to 10.00 IQR: 0.00 to 30.00 IQR: 0.00 to 45.00
Range: 0.00 to 45.00 Range: 0.00 to 60.00 Range: 0.00 to 65.00

Values are reported as Median, interquartile ranges (IQR) and range percentage scores across all fully 
completed sessions.

Consistent with the rationale described above, both the mental demand and the overall 
workload differential scores are shown.

As detailed in Table 5, descriptive NASA-TLX results suggested an increase in perceived 
workload across the assessment points, particularly in mental demand and effort. The 
median overall Total Score increased from a baseline of 36.66 before the session to 56.16 
after the evaluation phase, ultimately reaching 69.50 following the continuous navigation 
task. The median Mental Demand score instead increased from 35.00 prior to the session to 
67.50 after the evaluation, peaking at 85.00 after virtual navigation. Effort and Performance 
dimensions followed similar increasing trends. Conversely, Frustration remained generally 
low throughout the core BCI interaction, maintaining a median floor value of 2.50 through 
the evaluation phase and rising to 22.50 after navigation.
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Figure 6. (a) Distribution of NASA-TLX mental demand scores across all sessions, expressed as 
percentage values. (b) Distribution of NASA-TLX total scores across all sessions, expressed as 
percentage values. (c) Distribution of the delta values between the three time points for the NASA-TLX 
mental demand scores, expressed as percentage values. (d) Distribution of the delta values between 
the three time points for the NASA-TLX total scores, expressed as percentage values. (e) MSAQ scores 
across sessions for the different extracted subscales. Session T4 includes data from a single participant 
(i.e., BCI04).

Regarding the differential score analysis, visual inspection of the delta values indicates 
that both the calibration phase and the navigation phase contributed to the cognitive burden 
in similar magnitude.
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However, substantial variability was observed across participants and sessions. Given 
the small number of independent participants, these patterns should be interpreted de-
scriptively rather than as evidence of statistically significant changes.

3.8. Virtual Reality Modality and Tolerability
Regarding the VR modalities used across the experimental protocol, participants BCI05 

and BCI06 used the SI setup exclusively. For BCI06, this choice was dictated by age-related 
restrictions associated with VR headset use, whereas for BCI05 the SI modality was selected 
a priori because of severe visual impairment and involuntary head movements, which could 
have been exacerbated by the weight and visual demands of the headset. The remaining 
participants initially used the FI modality but transitioned to the SI setup during the protocol 
to improve comfort: BCI03 and BCI04 switched from T2 onwards, while BCI01 and BCI02 
transitioned during T3. Reasons for FI-to-SI change are reported for each participant in the 
next section.

As illustrated by Figure 6e, the MSAQ total scores remained below 20% across all 
sessions and modalities.

3.9. Individual Case Studies
To address the inter-subject variability, individual clinical profiles and performance 

trajectories are summarized in Table 6 and detailed below.

Table 6. Individual participant findings.

Participant Main Findings

BCI01 Persistently insufficient control
BCI02 Rapid learning effect and high accuracy
BCI03 Early and stable proficiency
BCI04 Control achieved through extended training
BCI05 Variable but functional performance
BCI06 Progressive performance instability (age-related)

BCI01 was a 14-year-old female with central core myopathy presenting minimal residual 
motor control (limited ankle movement and forearm pronation/supination). In session T1, 
classification accuracy reached 0.70, with a sensitivity of 0.40. In subsequent sessions (T2 
and T3), performance declined to accuracies of 0.53 and 0.50, respectively, and a sensitivity 
of 0.00. The participant transitioned from the FI to the SI modality in T3. Overall, she 
tolerated the VR environment without significant side effects, but the inability to reach 
consistent control thresholds led to her exclusion after T3.

BCI02 was a 13-year-old male diagnosed with LAMA2-related congenital muscular 
dystrophy (MDC1A), presenting residual elbow motor control and minimal lower-limb 
function. Following an unsuccessful evaluation in T1 (accuracy = 0.52), online performance 
substantially improved, reaching perfect classification accuracy in T2 (accuracy = 1.00; sen-
sitivity = 1.00; specificity = 1.00). Performance remained above the predefined success 
threshold (i.e., 60%) in T3 (accuracy = 0.85), allowing successful completion of all nav-
igation sessions. The participant initially used the FI VR modality but switched to the 
SI configuration from T3 onward because of discomfort related to the brightness of the 
head-mounted display.

BCI03 was an 18-year-old male with SMA II, presenting mild myopia, minimal hip 
control, and residual elbow motor control. The participant achieved an accuracy of 0.92 
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in T1. In subsequent sessions, accuracies decreased but remained sufficient for control 
(0.67 in T2; 0.69 in T3). During T1, BCI03 reported an MSAQ total score of 20.83% and an 
overall NASA-TLX score increase of 38.34 between PS and PE. The participant switched 
from FI to SI VR from T2 onward due to pre-existing cervical musculoskeletal limitations. 
BCI03 maintained reliable functional control and completed the experimental protocol 
successfully.

BCI04 was a 13-year-old male with SMA II, presenting severe UL impairment (re-
stricted to index finger dorsiflexion) and minimal hip control. The participant required the 
maximum number of sessions (T1-T4) to complete the protocol due to an insufficient T3. 
Accuracy values were 0.62 in T1 and 0.71 in T2, dropping to 0.41 in T3, before recovering to 
0.79 in T4. System recalibration was necessary in T3 and T4. BCI04 switched from FI to SI 
modality starting in T2, reporting pronounced fatigue related to the VR headset. During 
sessions T1 and T2, the participant exhibited increases between PS and PE in NASA-TLX 
mental demand (approximately 80%) and overall workload (between 50% and 60%). The 
participant successfully completed the protocol.

BCI05 was a 13-year-old male with CP who retained residual finger, hand, and proximal 
UL motor abilities. Due to severe visual impairment and involuntary head movements, this 
participant used the SI modality exclusively throughout the protocol. After an accuracy of 
0.53 in T1, performance peaked at 0.93 in T2, but fell to 0.62 in T3, necessitating recalibration. 
The participant achieved the required thresholds in T2 and T3, successfully completing the 
protocol without notable VR-related side effects. Substantial increases in NASA-TLX scores 
were observed between the PE and PN time points in session T3, with delta values reaching 
approximately 85% for mental demand and 72% for overall workload.

BCI06 was a 7-year-old male with SMA II who retained residual finger, hand, and 
proximal UL motor control. Due to age restrictions associated with head-mounted display 
usage guidelines, the participant utilized the SI modality exclusively. He achieved functional 
control in T1 (accuracy = 0.77) but failed subsequent sessions, scoring 0.53 in T2 and 0.50 in 
T3. While sensitivity was high in later sessions (1.00 in T2; 0.83 in T3), specificity dropped 
drastically (0.12 in T2; 0.25 in T3). Consequently, the participant was excluded after T3.

Overall, no participant reported serious adverse events related to either the BCI system 
or the VR environment, and no withdrawals occurred because of cybersickness.

4. Discussion
The present multiple-case feasibility study demonstrated that most participants 

achieved functional online control of the proposed hybrid EEG–EOG BCI while main-
taining good tolerability and minimal VR-related adverse effects. Although classification 
performance was characterized by substantial inter-subject variability, the observed online 
accuracies were consistent with previous pediatric MI-based BCI studies [54–56]. Indeed, 
the primary objective of a mobility-oriented BCI is not maximizing classification accuracy 
per se, but enabling safe, interpretable, and functional interaction with the environment.

From a clinical feasibility perspective, our system prioritized accessibility and usability. 
Four out of the six enrolled participants effectively completed the protocol, demonstrating 
reliable controllability of the virtual wheelchair. When considering the classification metrics, 
it is essential to analyze both the overall baseline performance and the performance during 
successful control periods. Across all conducted evaluations, the system achieved a mean 
overall accuracy of approximately 67%. This metric is highly representative of the inherent 
day-to-day variability and the significant challenges encountered when deploying MI-
based BCIs in a pediatric clinical setting, capturing the instances where fatigue, attention 
deficits, or suboptimal calibration temporarily hindered control. However, despite these 
fluctuations, when participants were able to surpass the minimal control threshold, the 
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mean accuracy reached 77%. Both the overall 67% baseline and the 77% peak functional 
performance must be contextualized within the clinical and developmental characteristics 
of the population under investigation. Pediatric BCI studies have consistently reported 
performance values typically ranging between 60% and 80% [20,21]. As highlighted by 
a systematic review focusing on pediatric BCI applications, performance variability and 
training requirements represent key limiting factors in this demographic [19]. For these 
reasons, in clinical pediatric settings, accuracy values around or above 70% are generally 
considered indicative of effective and functional BCI control [23].

Comparable findings have been reported in studies targeting BCI-based powered 
mobility. For instance, Hammond et al. [36] showed that nine pediatric users achieved 
functional control despite high BCI calibration variability. While they evaluated physical 
wheelchairs using commercial EEG systems in real-world settings, our study utilized a 
custom hybrid EEG–EOG framework within a VR simulator prior to physical exposure. 
Despite these methodological differences, both studies converge on a critical conclusion: 
variable classification accuracy does not prevent pediatric users from acquiring functional 
BCI control. Similarly, Floreani et al. [22] reported that children with severe motor dis-
abilities successfully engaged with BCI systems at performance levels comparable to those 
seen in the present study. When compared to controlled or non-clinical MI studies, the 
observed performance appears lower but stays clinically meaningful. A substantial part 
of the literature reports classification accuracies above 80% or 90% derived from offline 
analyses on public datasets, often involving neurotypical participants [24]. However, such 
values do not reflect real-time interaction. In contrast, real-time BCI applications involving 
mobility control commonly report performance in the 60–85% range, supporting the validity 
of the present online evaluations.

For a more direct comparison, an earlier study evaluating the same BCI system in 
neurotypical adults reported a mean online accuracy and SD of 71 ± 21% [40]. The com-
parable performance achieved by the pediatric clinical cohort in the present study shows 
that no specific modifications to the calibration procedure or classifier configuration were 
needed to accommodate potential neurophysiological differences [57]. Notably, unlike 
the earlier study [40] where sensitivity was disproportionately higher than specificity, the 
present results show a more balanced relationship between the two metrics. This symmetric 
detection of the two KMI classes shows a more stable classification behavior, which is critical 
for reliability in practical BCI mobility applications.

Furthermore, the evaluation of trials where no command was produced provides 
important context for real-world usability. The observed no-decision rates highlight an 
important trade-off between directional classification reliability and command availability. 
Although conservative activation thresholds may reduce unintended directional commands, 
failure to generate a command can impair navigation responsiveness. In particular, maintain-
ing the current trajectory may not always be safe when approaching obstacles or performing 
complex maneuvers. Therefore, both incorrect activations and command omissions should 
be considered when evaluating the functional reliability and potential safety of the system.

4.1. Hybrid EEG–EOG Control and KMI Training
A key innovative aspect of the present work lies in the integration of KMIT, hybrid 

EEG–EOG control, and a structured VR-based WT paradigm. While many pediatric BCI 
systems rely on stimulus-driven paradigms, such as the P300, due to their robustness [58], 
these approaches are typically limited to discrete and exogenous interactions. In contrast, 
KMI-based paradigms enable endogenous, continuous, and self-paced control, which is 
strictly needed for realistic navigation tasks [24]. However, MI-based approaches are 
intrinsically more demanding and less stable, particularly in pediatric populations [19].
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To mitigate these challenges, the hybrid integration with EOG signals enhances sys-
tem robustness by introducing complementary control channels, reducing classification 
ambiguity, and overall improving usability. Hybrid BCIs have been shown to improve 
reliability in complex interaction scenarios [13]. In the present study, the effectiveness of 
this approach was confirmed by the participants’ subjective experience. Specifically for the 
EOG-based eye blinking control, none of the participants reported any difficulty in executing 
the voluntary eye-blinking commands during the VR navigation, suggesting that the control 
strategy was well-tolerated and functionally adequate for the navigation task. Furthermore, 
the implementation of a structured KMI training protocol, supported by the continuous 
visual aids (i.e., the virtual steering wheel providing directional feedback, alongside the 
images of hands and feet displayed on the screen sides), represents an additional strength. 
Guided motor imagery training has been shown to improve performance and engagement, 
particularly in rehabilitation settings [47], and proved to be highly beneficial in supporting 
the specific cognitive demands of the pediatric participants in this study.

4.2. Inter-Subject Variability
The substantial inter-individual variability observed in this study may reflect differ-

ences in age, clinical diagnosis, residual motor abilities, motor imagery strategies, and 
participant-specific neurophysiological characteristics. However, the small and heteroge-
neous sample does not allow the independent contribution of these factors to be determined. 
Accordingly, these potential associations should be interpreted as hypotheses for future 
investigation rather than as established explanations of individual BCI performance.

A key finding of the present study is the marked inter-subject variability in BCI per-
formance. While some participants rapidly achieved stable control (ranging up to 100% 
accuracy), others struggled to reach consistent activation thresholds. This variability is a 
defining characteristic of MI-based BCIs, and it is heavily amplified in pediatric populations 
due to interconnected clinical and neurodevelopmental factors [21].

The relationship between motor impairment and KMI abilities warrants particular 
consideration. In children with CP, a systematic review found moderate evidence of similar 
imagery vividness compared with typically developing peers, although evidence concerning 
the capacity to generate motor imagery and its temporal correspondence with actual move-
ment remained inconclusive [59]. In a small EEG study, children with CP demonstrated 
cortical activation during KMI involving the sensorimotor, premotor, and supplementary 
motor areas, although their activation patterns differed from those of typically developing 
children [60]. Moreover, a BCI study involving 14 individuals with CP found that eight 
participants achieved statistically significant online control with at least one of two tested 
BCI paradigms, including six who controlled a sensorimotor-rhythm-based BCI [61]. To-
gether, these findings indicate that CP does not necessarily preclude motor-imagery-related 
cortical activity or BCI control, although the ability to generate usable control signals varies 
across individuals.

Relevant evidence is also available for neuromuscular disorders, although studies 
involving children with the specific diagnoses represented in our cohort remain limited. 
Georgiadis et al. investigated motor-imagery-based EEG decoding in six adults with neuro-
muscular disorders, including spinal muscular atrophy and different muscular dystrophies. 
They reported altered functional connectivity patterns and showed that phase-synchrony 
features could support individualized decoding of imagined left- versus right-hand move-
ments [62]. In a separate single-case study, an adult with severe muscular dystrophy 
controlled a virtual avatar through motor imagery of the feet and hands. Following five 
months of training, the EEG classification error rate decreased from 40% to 28% [63]. These 
studies support the feasibility of motor-imagery-based BCI control in individuals with sub-
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stantial neuromuscular impairment. However, their adult samples, different classification 
tasks, and distinct signal-processing and training procedures preclude direct comparison 
with the mean online accuracy observed in the present study.

Motor imagery should nevertheless not be assumed to remain unaffected by neuro-
muscular disease. In a study of children with Duchenne muscular dystrophy, scores on 
validated motor-imagery questionnaires were lower than those of healthy controls [64]. 
Although Duchenne muscular dystrophy was not represented in our cohort, this finding 
suggests that motor-imagery ability may vary in neuromuscular populations. Severe mo-
tor impairment should therefore not be treated as either evidence of preserved imagery 
or proof of imagery failure. The relationship may depend on the specific condition and 
individual characteristics, as well as on the method used to assess imagery. Evidence from 
related disorders cannot, however, establish how motor imagery is affected specifically in 
spinal muscular atrophy type II, LAMA2-related congenital muscular dystrophy, or central 
core myopathy.

In the present cohort, initial difficulty achieving reliable control did not necessarily 
preclude subsequent functional use. The individual trajectories suggest that training and 
recalibration may help some participants establish or recover effective control, although 
the present sample does not allow us to determine which clinical or neurophysiological 
factors explain these changes [22,23,65]. Indeed, while all participants required system 
recalibration in T2, only one needed it in later sessions.

Furthermore, neurodevelopmental heterogeneity and fatigue play crucial roles in 
these performance fluctuations. Maintaining sustained attention for repetitive KMI tasks is 
particularly challenging for very young pediatric users, where cognitive fatigue can lead to 
a sudden drop in performance across sessions despite an initially successful calibration.

This need for individualization was also reflected in the clinical choice of the target KMI 
tasks. A greater task variability was seen for UL movements compared to LL ones, reflecting 
both the broader inclusion criteria for UL residual function and the intrinsically higher 
degrees of freedom of UL articulations. Nevertheless, this task heterogeneity is unlikely to 
have affected the classification outcomes. Current literature indicates that standard EEG-
based techniques struggle to discriminate different MI tasks within the same limb [56,66], 
suggesting that simple differences between imagined UL movements were less relevant for 
the classifier than the macroscopic spatial distinction between the UL and LL classes.

The validity of the classification process is further supported by the feature selection 
outcomes. For all participants, the selected channels consistently localized over the senso-
rimotor cortex, and the identified frequency components (8–28 Hz) overlapped perfectly 
with classical alpha (8–12 Hz) and beta (12–30 Hz) rhythms. This is consistent with the 
well-established role of these cortical areas and oscillatory activities in voluntary motor 
planning and execution [67,68]. Interestingly, these spatial and spectral features closely 
mirror those selected in our earlier work with neurotypical individuals using the exact same 
system. While the present feasibility study cannot draw firm conclusions on neurophys-
iological differences between populations, this similarity shows that the neural patterns 
exploited by the classifier remained robust and comparable despite the presence of severe 
neuromotor disabilities.

4.3. VR Navigation Performance
Beyond successful command classification, the kinematic outcomes demonstrated that 

the four participants who achieved sufficient BCI control could use the hybrid framework 
to navigate the virtual environment and complete all 20 tasks. Performance was generally 
comparable to the BCI reference values, particularly during basic navigation, stopping, 
and simple turning maneuvers. However, Task 12, involving a continuous zigzag slalom 
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around cones, and Task 20, requiring multiple consecutive left and right turns, resulted 
in the longest completion times and highest collision rates. These findings highlight the 
limitations of the current KMI-based control strategy when handling complex maneuvers 
that require frequent and sustained switching between upper limb and lower limb motor 
imagery. Such transitions may increase cognitive demands and contribute to delayed or 
missed directional commands, potentially explaining the reduced performance observed 
in these tasks. Nevertheless, successful completion of the entire task set indicates that the 
proposed hybrid framework can support functional powered mobility within a simulated 
environment, although further improvements are needed to enhance the precision and 
reliability of complex maneuvers.

4.4. Usability, Workload, and Engagement
Beyond classification accuracy, the present study contributes important insights into 

system usability, specifically regarding the interplay between cognitive workload, user 
frustration, and task engagement.

The NASA-TLX results indicated moderate-to-high overall workload levels, with evi-
dent increases across sessions primarily driven by the mental demand and effort sub-scales. 
This trend is consistent with earlier findings showing that MI-based BCI control is inherently 
cognitively demanding [69]. In pediatric populations, this cognitive fatigue is a critical 
factor influencing both performance and compliance, as demonstrated by Keough et al. [29]. 
Notably, the differential workload scores between the calibration and navigation phases did 
not show relevant differences. This contrasts with the adult neurotypical group evaluated in 
our previous work [40], where VR navigation was found to be significantly less demanding 
than standard calibration.

Despite this high cognitive burden, the reported frustration remained low compared 
to the other workload dimensions. As detailed in Table 6, the median frustration score 
maintained a floor value of 2.50 during the baseline and evaluation phases, before rising 
modestly to 22.50 following the continuous virtual navigation. While this represents a 
visible descriptive increase induced by the complex steering tasks, this peak value remains 
substantially lower than the primary cognitive drivers such as mental demand. This overall 
low frustration profile, coupled with the absence of dropouts related to task intolerance, sug-
gests that the system was well-tolerated by the participants even when physical navigation 
proved challenging.

Anyway, even if these observations indicate acceptable task tolerability among partici-
pants who completed the protocol, they do not establish a causal relationship between VR 
engagement, workload, and perceived performance.

Crucially, this tolerance can be explained by a high level of engagement. Scores in 
the NASA-TLX performance sub-scale, which reflects perceived success, showed a clear 
upward descriptive trend across the assessment phases, reaching a median of 72.50 after the 
navigation task. This suggests that the goal-oriented VR interaction successfully fostered a 
strong feeling of achievement and motivation, effectively compensating for the high mental 
demand and mitigating frustration.

The evaluation of VR-related side effects further supports this feasibility. As measured 
by the MSAQ, minimal negative effects were seen. Interestingly, participants did not switch 
VR modality because of cybersickness. Instead, the 4 transitions made by participants 
BCI01-BCI04 were motivated by comfort, fatigue, musculoskeletal limitations, or hardware-
related factors. This suggests that prolonged VR use is feasible even in pediatric neuromotor 
populations when the stimulation modality is individualized. The integration of VR stands 
as a key contribution of the present study, enabling the implementation of ecologically 
valid training scenarios. VR is widely recognized as an effective tool for skill acquisition in 
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rehabilitation [70], and its combination with BCI systems may enhance accessibility and 
motivation for users with severe motor impairments.

4.5. Limitations
Despite these promising findings, several limitations should be acknowledged. First, 

the small sample size limits generalizability, although this is consistent with a feasibility-
oriented design and the inherent challenges of recruiting a pediatric clinical population 
requiring caregiver support. Second, participant clinical heterogeneity and unavoidable 
variability in session scheduling, primarily driven by real-world logistical constraints, may 
have influenced learning effects and fatigue levels. In addition, while all participants self-
reported high adherence to the independent at-home KMI training between sessions, this 
compliance was not objectively monitored through digital logs or telemetry. Because self-
reported data is susceptible to recall bias or overestimation, the observed session-to-session 
performance fluctuations cannot be definitively separated from actual differences in training 
volume, cognitive fatigue, or classifier recalibration effects.

Moreover, while the EOG-based blink command was validated prior to navigation, we 
did not quantitatively record missed or unwanted blinks during the actual VR driving task. 
Gathering these data would have required constantly probing the participants regarding 
their real-time movement intentions, which would have limited the ecological validity of the 
simulation and may have artificially increased frustration. Consequently, online command 
reliability during navigation was inferred from qualitative observation and participant task 
completion rather than quantitative trial-by-trial metrics.

Although the number and duration of experimental sessions were intentionally limited 
to reduce participant burden, this design restricted the assessment of long-term BCI learning 
and performance stability.

From a technical and methodological perspective, the reliance on conventional gel-
based EEG systems, which require time-consuming preparation, may limit the scalability 
and daily applicability of the setup. In addition, the absence of a comparator condition 
(e.g., joystick control or a non-hybrid BCI) prevents direct quantification of the added value 
provided by the hybrid architecture.

Finally, although all participants were habitual powered wheelchair users, a formal 
standardized assessment of their physical driving skills was not performed prior to the 
study. Consequently, the extent to which their varying degrees of pre-existing wheelchair 
proficiency influenced their virtual navigation success remains unquantified, representing 
an additional limitation when interpreting the behavioral metrics.

4.6. Future Work
To address these limitations and move toward clinical translation, future work should 

focus on expanding the cohort through multicenter studies. This will be necessary to 
validate the findings on a larger scale, particularly including individuals with more severe 
or congenital motor disabilities.

From a hardware and usability standpoint, the adoption of more user-friendly tech-
nologies, such as dry or semi-dry EEG sensors, will be crucial to reduce setup times and 
facilitate the potential home deployment of the system.

Moreover, future protocols should incorporate a higher number of sessions to assess 
long-term learning effects. This longitudinal approach, combined with detailed neuro-
physiological analyses comparing neural patterns between successful and unsuccessful 
users, will inform the development of robust, adaptive decoders capable of continuous 
personalized classification.
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Translating these VR-based findings into physical environments by testing the frame-
work on a real wheelchair, alongside the systematic integration of safety metrics and func-
tional outcome measures, will be the ultimate step to confirm clinical efficacy. Furthermore, 
deploying this technology in a physical environment will fundamentally require the in-
tegration of the BCI with shared control approaches and semi-autonomous navigation 
systems [71–74]. As demonstrated by the recent literature, embedding intelligent robotic 
assistance to share the steering burden and prevent environmental collisions is essential to 
guarantee user safety and ensure effective daily mobility. Finally, as pediatric BCI technolo-
gies move closer to daily applications, evaluating the impact of different VR modalities (e.g., 
SI versus FI) and addressing ethical and regulatory considerations, particularly regarding 
future invasive and implantable solutions, will become increasingly important [75].

5. Conclusions
This exploratory multiple-case study provides preliminary evidence supporting the 

feasibility of integrating a hybrid EEG–EOG BCI with a VR-based powered mobility sim-
ulator for children and adolescents with severe neuromotor disabilities. Four of the six 
participants completed the experimental protocol, while substantial inter-individual vari-
ability and difficulties in achieving stable BCI control were observed. Although the VR 
environment was generally well-tolerated and participants who achieved sufficient BCI 
control completed simulated navigation tasks, the findings do not establish improvements 
in powered mobility skills or safety in real-world wheelchair operation. Further studies are 
needed to improve command reliability, optimize individualized training strategies, and 
validate functional navigation outcomes.

Unlike many laboratory BCI studies, the present framework was specifically designed 
around an existing clinical assessment (i.e., PMP), increasing its potential for integration into 
pediatric rehabilitation pathways. The possibility of combining standardized wheelchair 
training with hybrid BCI control may facilitate future implementation in rehabilitation 
centers and, eventually, home-based training programs.
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BCIs Brain–Computer Interfaces
CAR Common Average Reference
CP Cerebral Palsy
EEG Electroencephalography
EF–E Elbow Flexion–Extension
EOG Electrooculography
F Female
FI Fully Immersive
FN False Negative
FP False Positive
GMFCS Gross Motor Function Classification System
HanOC Hand Opening–Closing
HMDs Head-Mounted Displays
ID Identifier
IF F–E Index Finger Flexion–Extension
IRCCS-ISNB IRCCS Institute of Neurological Sciences of Bologna
KMI Kinesthetic Motor Imagery
KMIT KMI Training
LL Lower Limbs
M Male
MI Motor Imagery
MSAQ Motion Sickness Assessment Questionnaire
NASA-TLX NASA Task Load Index
PE Post Evaluation
PM Powered Mobility
PMP Powered Mobility Program
PN Post Navigation
PS Pre Session
PW Powered Wheelchairs
SD Standard Deviation
SI Semi-Immersive
SMA II Spinal Muscular Atrophy Type II
SSQ Simulator Sickness Questionnaire
SSVEPs Steady-State Visual Evoked Potentials
TN True Negative
TP True Positive
UL Upper Limb
UOC-MRI UOC Medicina Riabilitativa Infantile
VR Virtual Reality
WISC-IV Wechsler Intelligence Scale for Children–Fourth Edition
WPPSI-III Wechsler Preschool and Primary Scale of Intelligence–Third Edition
WT Wheelchair Training
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