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Brain-Computer Interfaces (BCIs) have traditionally been studied in clinical and laboratory contexts, but the rise of consumer-grade devices now allows exploration of their use in daily activities. Virtual reality (VR) provides a particularly relevant domain, where existing input methods often force trade-offs between speed, accuracy, and physical effort. This study introduces NeuroGaze, a hybrid interface combining electroencephalography (EEG) with eye tracking to enable hands-free interaction in immersive VR. Twenty participants completed a 360° cube-selection task using three different input methods: VR controllers, gaze combined with a pinch gesture, and NeuroGaze. Performance was measured by task completion time and error rate, while workload was evaluated using the NASA Task Load Index (NASA-TLX). NeuroGaze successfully supported target selection with off-the-shelf hardware, producing fewer errors than the alternative methods but requiring longer completion times, reflecting a classic speed-accuracy tradeoff. Workload analysis indicated reduced physical demand for NeuroGaze compared to controllers, though overall ratings and user preferences were mixed. While the differing confirmation pipelines limit direct comparison of throughput metrics, NeuroGaze is positioned as a feasibility study illustrating trade-offs between speed, accuracy, and accessibility. It highlights the potential of consumer-grade BCIs for long-duration use and emphasizes the need for improved EEG signal processing and adaptive multimodal integration to enhance future performance.
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1 Introduction

Virtual reality (VR) systems have advanced rapidly in terms of visual immersion and motion tracking, but interaction remains a central challenge (Jerald, 2015; LaViola Jr. et al., 2017; Chong et al., 2018). The input devices that mediate user actions fundamentally shape the quality of the experience, and each current method carries trade-offs. Handheld controllers remain the most common solution, offering speed and precision through ray casting and button presses. However, extended use of controllers can be fatiguing, particularly in tasks that require repetitive pointing or in scenarios where hands-free interaction is desirable (Meier et al., 2021). Gaze-based dwell selection has been proposed as a more natural, ergonomic alternative (Sidenmark et al., 2022) where users fixate on a target and selection occurs after a brief dwell time, building on decades of research into the fundamental dynamics of eye movements (Martinez-Conde and Macknik, 2008; Cannon, 1992). While hands-free, this approach is slower, vulnerable to the “Midas touch” problem (Tang et al., 2025) of unintended activations, and can feel unnatural when prolonged fixations are required (Mohan et al., 2018; Isomoto et al., 2018; Chakraborty et al., 2014). More recently, combinations of eye tracking with manual gestures, such as pinch confirmation, have improved speed and reduced false selections (Zhang et al., 2020; Vertegaal, 2008; Stellmach and Dachselt, 2012). Yet these methods still depend on reliable hand mobility and introduce motor demands that limit accessibility for some users (Gherman et al., 2018).

Brain-Computer Interfaces (BCIs) offer an intriguing pathway to augment VR interaction by providing a neural channel for intent confirmation (Saxena et al., 2024). Traditionally restricted to clinical and tightly controlled experimental contexts (Padfield et al., 2019; Nicolas-Alonso and Gomez-Gil, 2012), BCIs are now becoming accessible outside the lab with the rise of consumer-grade headsets and biosensors. These devices make it feasible to test interaction techniques not only in laboratory studies but also in the context of daily activities (Vasiljevic and de Miranda, 2020; Pan et al., 2017; Rizzo et al., 2024). Prior research has demonstrated the feasibility of integrating electroencephalography (EEG) with eye tracking for selection tasks in desktop environments and experimental prototypes (Putze et al., 2013, 2016; Hild et al., 2014). For example, hybrid EEG+gaze systems have been used to disambiguate visual targets, detect covert attention, or reduce false activations (Shishkin et al., 2016; Kalaganis et al., 2018; Vortmann et al., 2022; Évain et al., 2016). However, most of this work has remained confined to controlled laboratory setups or 2D displays, with limited exploration in fully immersive VR environments (Larsen et al., 2024) and little emphasis on consumer-grade hardware. As a result, the real-world practicality of such systems for daily activities remains uncertain. The present work therefore serves as a proof-of-concept feasibility assessment rather than a full empirical evaluation.

To address this gap, this study introduces and assesses the feasibility of NeuroGaze, a hybrid EEG and eye-tracking interface designed for immersive VR using readily available consumer devices (Meta Quest Pro for eye tracking and Emotiv EPOC X for EEG). Unlike prior work that has focused narrowly on proof-of-concept demonstrations, this study conducts a focused feasibility comparison of NeuroGaze against two widely adopted VR input methods: hand controllers and eye tracking with a pinch hand gesture. In doing so, we provide one of the first comparative validations of a consumer-grade hybrid EEG+gaze system in immersive VR. While the tested input modalities necessarily differ in their confirmation mechanisms (e.g., button press vs. EEG classifier response), this evaluation emphasizes feasibility and maps the trade-offs between completion time, accuracy, and physical effort. In this way, NeuroGaze is positioned within the broader design space of VR interaction, particularly for contexts that prioritize accessibility and low physical demand.



2 Materials and methods


2.1 Participants

Twenty healthy adult volunteers (12 male, 8 female; age range 18–32 years) were recruited from the university community. All participants reported normal or corrected-to-normal vision, no history of neurological or motor impairments, and no susceptibility to simulator sickness. Inclusion criteria required participants to be at least 18 years of age, proficient in English, and physically able to wear both the EEG headset and the VR head-mounted display.

Participants represented a broad range of prior VR experience, from no exposure to frequent recreational use. Approximately 25% of the sample reported little or no prior VR experience, 60% reported moderate to above-moderate experience, and 15% described themselves as very experienced. Comparable distributions were observed for AR exposure and VR gaming, indicating that the sample encompassed both novices and highly experienced users.

All participants provided written informed consent prior to participation. The study was approved by the university's Institutional Review Board (IRB ID: STUDY00006401).



2.2 Apparatus

The immersive environment was presented using a Meta Quest Pro head-mounted display (Meta Platforms Inc., USA) with integrated binocular eye tracking. The headset provided real-time gaze vectors at a sampling rate of 72 Hz (Hou et al., 2024), and participants completed a standard five-point calibration at the beginning of each session. EEG activity was recorded using an Emotiv EPOC X headset (Emotiv Inc., USA), which features 14 active electrodes positioned according to the international 10–20 system (Khazi et al., 2012) (AF3, F7, F3, FC5, T7, P7, O1, O2, P8, T8, FC6, F4, F8, and AF4) with mastoid references (TP9, P3, P4, TP10) shown in Figures 1a, b. EEG signals were captured internally at 2,048 Hz, then downsampled to 128 Hz for wireless transmission via Bluetooth Low Energy (Emotiv Inc., 2020). Electrode-skin contact quality was continuously monitored, with saline solution (OPTI-FREE) reapplied as needed to maintain stable impedance. The NeuroGaze setup required participants to wear both the Emotiv EPOC X and Meta Quest Pro simultaneously, often secured with a comfort headband to ensure reliable electrode contact (Figures 1c–e).


[image: (a) Electroencephalography (EEG) headset with multiple sensors. (b) Diagram of sensor and reference locations, showing marked positions in green and yellow. (c) Side view of a person wearing the EEG headset. (d) Person wearing both EEG and virtual reality headsets with annotated comfort headband. (e) Close-up of a contact node on the scalp, with saline solution being applied.]
FIGURE 1
 (a) The Emotiv EPOC X headset used for EEG data collection. (b) Electrode montage showing the 14 active sensor locations (green) and mastoid reference electrodes (orange) based on the international 10–20 system. (c) Emotiv EPOC X EEG headset with electrodes in contact with the scalp. (d) Combined configuration of the EPOC X, comfort headband, and Meta Quest Pro VR headset worn simultaneously. (e) Application of saline solution to EPOC X electrodes to maintain stable contact quality.


The experimental software was developed in Unity (Unity Technologies, USA) using the Meta XR All-in-One SDK. Eye tracking was used to control a visual ray pointer and object hover state, rendered as a white line from the midpoint of the user's eyes to 500 meters in the forward direction. This ray cast triggered a scaling effect on the interactable cube objects, causing them to grow to a fixed scale (0.2304m3) when hovered over and shrink back (0.18m3) when not. EEG signals were streamed into Unity through the Emotiv Cortex API. EEG calibration involved training two mental command classes: a neutral state (representing relaxed, unfocused brain activity) and a “pull” command associated with selection. During calibration, participants viewed objects that appeared and shrank in synchrony with their imagined action, providing feedback to reinforce consistent neural patterns (this was achieved through a Wizard-of-Oz approach in which the experiment administrator manually triggered the object to shrink as seen in Figure 2). Once trained, the classifier output was integrated into the Unity selection loop: objects under gaze became eligible for interaction, and a detected pull command triggered selection. The EmotivBCI program handled training profiles, EEG noise sanitization, and classification of EEG artifacts. The EEG classifier stream was linked directly to Unity's gaze-ray events, enabling synchronized neural and visual input handling within a unified control loop. To maintain temporal alignment between modalities, Unity event markers were logged concurrently with EEG data via the Emotiv Cortex API on the same host system.


[image: Flowchart illustrating a process using EmotivBCI and Unity. It starts with launching the software, followed by a neutral scene, creating a training profile, and an eight-second neutral command training. Data is saved, and a twenty-time repeat cycle begins. In “Pull” command training, a VR “Pull” scene triggers a cube to shrink using a “Wizard of Oz” approach. Data is collected for 8 seconds and saved if accepted. Then, a twenty-time repeat cycle begins.]
FIGURE 2
 Flowchart of the NeuroGaze EEG calibration procedure. The process consists of two stages: neutral mental command training (left), where participants repeatedly train a relaxed state in the EmotivBCI program, and “pull” mental command training (right), where participants attempt to imagine a “pull” action while the Unity engine triggers object shrinkage through a “Wizard-of-Oz” approach. Each command was trained in 20 repetitions, with accepted trials saved to the user's training profile for later classification during the experiment.




2.3 Task

Participants completed a 360° object-selection task in a virtual environment (VE). The environment consisted of four surrounding walls, each displaying a 4 × 9 array of white cubes (36 per wall; 144 total) as seen in Figure 3.


[image: A digital environment created in Unity, showing a 3D grid of white cubes arranged in rows on black walls. The interface panels on the top half display the hierarchy, inspector, and assets folder. The bottom half displays the scene in first-person view, with a controller pointing at cubes, highlighting some in red.]
FIGURE 3
 Top: Unity editor view of the 360° object-selection task environment, with four cube arrays surrounding the participant. Bottom: Example participant perspectives during task execution. Left: VR Controller (VRC) condition; Right: Eye Gaze + Hand Gesture (EG+HG) condition.


At the start of each block, 12 random cubes (three per wall) were designated as targets by turning red. Participants were instructed to select these targets as quickly and accurately as possible. When a target was successfully selected, it disappeared from the scene, and the block concluded once all targets had been cleared. Each input condition (VRC, EG+HG, and NG) was performed across three blocks, for a total of nine task blocks per participant. The average distance from the user to each wall of cubes was approximately 2 m.

The task required participants to rotate their heads and bodies to engage with stationary targets distributed across the 360° field.



2.4 Experimental conditions

Each participant completed the selection task under three input modalities. The order of conditions was randomized across participants to minimize order and learning effects.

VR controllers (VRC): Participants used standard handheld VR controllers to interact with the virtual environment. A ray projected from the end of the controller was used to aim at targets, with selection confirmed via a trigger button press. This condition represented the conventional VR input method and served as the baseline for speed and precision.

Eye Gaze + Hand Gesture (EG+HG): Participants fixated on target cubes using the Quest Pro's integrated eye-tracking, confirming selections with a pinch gesture detected by the headset's optical hand tracking. This provided gaze-driven aiming with explicit manual confirmation, similar to interaction paradigms in emerging AR headsets.

NeuroGaze (NG): Participants aimed using eye gaze, with selection confirmed by an EEG-based “pull” mental command classified in real time by the EmotivBCI software from signals acquired by the Emotiv EPOC X headset. This condition provided a fully hands-free interaction method that relied on EEG signal processing for confirmation, inherently involving greater computational latency than the other input modes.



2.5 Measures

Task performance was evaluated using two behavioral measures. Completion time was defined as the total duration (in seconds) from target onset to the confirmed selection of all 12 red cubes, as recorded in Unity environment logs. Error rate was defined as the proportion of incorrect or missed selections relative to the total number of targets per block, encompassing both missed and unintended object selections.

Subjective workload was evaluated after each condition using the NASA Task Load Index (NASA-TLX), which provides ratings across six sub-scales: Mental Demand, Physical Demand, Temporal Demand, Performance, Effort, and Frustration. To derive the overall workload score, the sub-scales were combined according to Equation 1.

NASA-TLX=Mental Demand+Physical Demand      +Temporal Demand+(7-Performance)      +Effort+Frustration      (1)

Both aggregated NASA-TLX scores and individual sub-scale ratings were retained for analysis.

Although EEG and eye-tracking data were continuously streamed, the present analysis focused on behavioral performance and subjective workload (NASA-TLX) in keeping with the feasibility scope of this study. Objective physiological indices of cognitive or visual load were not computed due to processing complexity and the low signal-to-noise ratio of consumer-grade hardware.

Finally, overall preference was captured through a post-experiment ranking task. After completing all three input conditions, participants ranked the modalities from most preferred (rank = 1) to least preferred (rank = 3). This ranking provided a simple comparative index of participants' subjective impressions of each input method.



2.6 Analysis plan

Task completion time was analyzed with a repeated-measures design. Mauchly's test of sphericity was first applied; if violations were detected (p < 0.001), Greenhouse-Geisser corrections were used. A repeated-measures ANOVA was then conducted with Input Condition (VRC, EG+HG, NeuroGaze) as the within-subjects factor. Significant effects were followed up with Bonferroni-corrected pairwise t-tests. Effect sizes (partial η2) were reported alongside significance values. Pairwise contrasts were followed by computation of 95% confidence intervals and corresponding effect sizes (d or r), reported for each comparison to provide standardized measures of difference magnitude and directionality.

Error rates were analyzed similarly. Mauchly's test indicated that the assumption of sphericity was met (p = 0.85), so a repeated-measures ANOVA was conducted on average error counts. Post-hoc comparisons were performed with paired t-tests, and η2 effect sizes were reported.

Subjective workload was evaluated using NASA-TLX ratings. Aggregated workload scores were compared across conditions using a Friedman test. Individual sub-scales (Mental Demand, Physical Demand, Temporal Demand, Performance, Effort, and Frustration) were analyzed with Wilcoxon signed-rank tests. Bonferroni correction was applied, setting the adjusted threshold for significance at α = 0.0157.

User preference rankings were analyzed with a Chi-squared test of independence to examine associations between input modality and rank position. Visualizations were prepared to illustrate group-level performance, including bar plots for completion time, error rate, and NASA-TLX scores.




3 Results

The results are organized into three subsections corresponding to the main dependent measures: task completion time, error rate, and subjective workload. Statistical analyses were performed using repeated-measures designs with Condition (VRC, EG+HG, NeuroGaze) as the within-subjects factor. All reported pairwise comparisons used Bonferroni-corrected p-values, and effect sizes are presented alongside significance values.


3.1 Completion time

Task completion time differed significantly across input conditions. Mauchly's test indicated that sphericity was not violated, χ2(2) = 5.766, p = 0.056, εGG = 0.785. A repeated-measures ANOVA revealed a robust main effect of condition, F(2, 38) = 275.4, p < 0.001, ηp2 = 0.935.

Participants completed the selection task fastest with VR Controllers (M = 9.25 s, SD = 2.26 s), followed by Eye Gaze + Hand Gesture (M = 15.02 s, SD = 1.61 s), and slowest with NeuroGaze (M = 29.23 s, SD = 4.33 s) (Figure 4). Pairwise comparisons confirmed that both VR Controllers [t(19) = 20.98, p < 0.001, d = 4.69, 95% CI (3.14, 6.23)] and Eye Gaze + Hand Gesture [t(19) = 14.03, p < 0.001, d = 3.14, 95% CI (2.05, 4.21)] were significantly faster than NeuroGaze. VR Controllers were also significantly faster than Eye Gaze + Hand Gesture [t(19) = 9.47, p < 0.001, d = 2.12, 95% CI (1.31, 2.91)].


[image: Bar charts compare three metrics across NG, EG+HG, and VRC. The first chart shows average completion time, with NG having the highest and VRC the lowest. The second chart displays average error rate, where EG+HG is highest. The third chart presents average NASA-TLX scores, with EG+HG and VRC having similar higher scores compared to NG. Error bars are included.]
FIGURE 4
 Task performance and subjective workload across input devices. Left: Average task completion time (s). Middle: Average error count. Right: Aggregated NASA-TLX workload scores. Conditions are labeled as follows: EG+HG, Eye Gaze + Hand Gesture; VRC, VR Controllers; NG, NeuroGaze. Error bars represent 95% confidence intervals.


This pattern indicates that while NeuroGaze enabled reliable hands-free selection, its current implementation introduced substantial latency compared to standard input methods.



3.2 Error rate

Error rates differed significantly across input conditions. A repeated-measures ANOVA (Mauchly's test indicated sphericity was met: χ2(2) = 1.291, p = 0.524) revealed a main effect of condition, F(2, 38) = 6.27, p = 0.004, ηp2 = 0.25.

On average, participants made the fewest errors with NeuroGaze (M = 2.25, SD = 2.12), followed by VR Controllers (M = 4.15, SD = 2.78) and Eye Gaze + Hand Gesture (M = 5.30, SD = 2.98) (Figure 4). Pairwise comparisons showed that NeuroGaze resulted in significantly fewer errors than Eye Gaze + Hand Gesture [t(19) = 3.18, p = 0.005, d = 0.71, 95% CI (0.21, 1.20)]. Differences between NeuroGaze and VR Controllers [t(19) = 1.52, p = 0.146, d = 0.34, 95% CI (–0.12, 0.79)] and between VR Controllers and Eye Gaze + Hand Gesture [t(19) = −2.15, p = 0.044, d = −0.48, 95% CI (–0.94, –0.01)] were not significant after correction.

These results indicate that participants made significantly fewer errors when using NeuroGaze compared to Eye Gaze + Hand Gesture, while differences between other pairs did not reach significance.



3.3 NASA-TLX

Subjective workload ratings from the NASA-TLX revealed differences across conditions, although patterns varied by sub-scale. Aggregated workload scores did not differ significantly between modalities (VRC: M = 19.30; EG+HG: M = 20.10; NeuroGaze: M = 15.75), Friedman χ2(2) = 0.29, p>0.05 (Figure 4).

When sub-scales were examined individually using Wilcoxon signed-rank tests with Bonferroni correction (α = 0.0157), several distinctions emerged. Physical Demand was lowest for NeuroGaze (M = 2.4), which was significantly lower than Eye Gaze + Hand Gesture (M = 3.8, p = 0.006). NeuroGaze also trended lower than VR Controllers (M = 3.85, p = 0.020), but this did not survive correction. No difference was observed between Eye Gaze + Hand Gesture and VR Controllers (p = 0.943).

Temporal Demand showed the strongest effects. NeuroGaze (M = 2.4) was rated significantly less demanding than both Eye Gaze + Hand Gesture (M = 3.6, p = 0.002) and VR Controllers (M = 4.35, p = 0.001). Eye Gaze + Hand Gesture trended higher than VR Controllers (p = 0.028) but did not reach the adjusted threshold.

For Mental Demand, no significant differences were found. NeuroGaze (M = 3.2) did not differ from either Eye Gaze + Hand Gesture (p = 0.129) or VR Controllers (p = 0.840); however, Eye Gaze + Hand Gesture appeared slightly more demanding than VR Controllers (p = 0.028), representing a weak trend.

No significant differences emerged for Perceived Performance, Effort, or Frustration. Several comparisons trended toward significance but did not survive Bonferroni correction (α = 0.0157): for Perceived Performance, Eye Gaze + Hand Gesture (M = 4.75) tended to be rated lower than VR Controllers (p = 0.040). For Effort and Frustration, no comparisons approached significance (p > 0.15).

Overall, NeuroGaze was associated with lower physical and temporal demand relative to the other modalities, confirming its ergonomic advantage but showing no reliable differences in cognitive or affective workload dimensions.



3.4 User preference

After completing all three conditions, participants ranked the input modalities by overall preference. NeuroGaze was most often ranked first (10 participants), followed by VR Controllers (5) and Eye Gaze + Hand Gesture (5). Intermediate rankings were more evenly distributed (VR Controllers: 8; NeuroGaze: 6; Eye Gaze + Hand Gesture: 6). Least-preferred rankings were most frequently assigned to Eye Gaze + Hand Gesture (9 participants), followed by VR Controllers (7) and NeuroGaze (4).

A chi-squared test of independence revealed no significant association between input modality and preference ranking, χ2(2, N = 20) = 4.8, p = 0.31.

Qualitative feedback provided additional context. VR Controllers were praised for their speed and familiarity. Eye Gaze + Hand Gesture was described as intuitive but often unreliable, with several participants noting difficulty executing pinch gestures. NeuroGaze was appreciated for its novelty and hands-free interaction, though some participants reported discomfort from wearing both headsets and noted slower response times.




4 Discussion


4.1 Interpretation

The findings highlight both the strengths and limitations of current VR input modalities. Handheld controllers remain the benchmark for speed, with participants consistently achieving the fastest completion times. This reflects both the maturity of the technology and its optimization for rapid, precise selection tasks. Eye tracking with pinch gestures (EG+HG) occupied an intermediate position, offering more intuitive aiming than controllers but prone to gesture-recognition errors.

In contrast, NeuroGaze yielded fewer errors overall, but this advantage came at the cost of substantially slower task completion times. Accuracy appears to result less from superior input fidelity than from participants' conservative pacing, further amplified by the processing delay inherent in EEG classification, representing a clear example of the classic speed-accuracy tradeoff. The longer completion times observed for NeuroGaze (M = 29.23 s) relative to VR Controllers (M = 9.25 s) stem primarily from the processing and decision latency intrinsic to consumer-grade EEG hardware (Emotiv EPOC X), which necessitated a binary command scheme and conservative activation thresholds to ensure reliability. Consequently, these timing differences reflect the design constraints and confirmation mechanisms of each modality rather than a direct measure of throughput competitiveness. Thus, while NG does not yet rival existing VR inputs on raw performance metrics, it provides a viable, hands-free alternative that emphasizes ergonomic accessibility (Hhne et al., 2014; Kos'myna and Tarpin-Bernard, 2013) rather than speed. Rather than competing with controllers in high-speed applications, NG is better suited to daily-activity contexts where comfort, inclusivity, and error minimization are paramount.

Workload ratings reinforce this role. NeuroGaze reduced physical and temporal demand relative to other inputs while maintaining similar cognitive workload. Despite slower operation, its lower effort and fatigue suggest advantages for accessibility and extended-use contexts.



4.2 Contribution

This study provides one of the first systematic evaluations of a consumer-grade hybrid EEG and eye-tracking system benchmarked against established VR input modalities in a fully immersive environment. Prior work on gaze-EEG interaction has largely relied on laboratory hardware or 2D displays, limiting ecological validity and applicability to everyday contexts. By deploying NeuroGaze with widely available devices—the Meta Quest Pro and Emotiv EPOC X—this study shows that hybrid brain-computer interfaces are no longer confined to specialized laboratories and can be assessed under conditions closer to daily VR use.

Benchmarking NeuroGaze against two established input modalities (controllers and gaze+pinch) further clarified its comparative strengths and weaknesses. While slower than conventional inputs, NeuroGaze offers a tangible ergonomic benefit, demonstrated by lower physical demand ratings and fully hands-free operation. These qualities suggest that the system is not a competitor to controllers in time-sensitive or performance-critical contexts, but rather a complementary modality where accessibility, comfort, and reduced fatigue are prioritized.

The most promising applications of NeuroGaze may therefore lie in daily-activity and accessibility-oriented scenarios that demand sustained interaction without physical strain (Sellers et al., 2010). Examples include VR-based rehabilitation, training for individuals with motor impairments, or prolonged use cases where repetitive arm or hand motions become burdensome. By reframing the role of BCIs away from speed competition and toward ergonomic inclusivity, this study contributes to a broader vision of BCIs as practical tools for everyday human-computer interaction.



4.3 Limitations

Several limitations of the present study should be acknowledged. The sample size was modest (N = 20), limiting generalizability and reducing statistical power to detect subtle effects. While adequate for a brief feasibility study, larger samples are needed to obtain more stable estimates of performance across diverse populations.

The task design employed static targets arranged across four walls, providing consistency but not capturing the dynamic and unpredictable environments typical of VR. Future work should incorporate moving or context-sensitive stimuli to assess real-world applicability.

The EEG calibration procedure incorporated a Wizard-of-Oz component in which feedback was artificially reinforced to improve classifier training. Although the actual task relied on trained classifiers, this approach may have inflated participants' perception of system reliability during calibration.

Use of consumer-grade EEG hardware (Emotiv EPOC X) imposed signal-to-noise and artifact limitations, restricting the system to a binary command scheme and limiting classifier sophistication.

A methodological consideration is that the compared input modalities had intrinsically different confirmation latencies: VR Controllers provided instantaneous input, Eye Gaze + Hand Gesture introduced optical tracking delay, and NeuroGaze added EEG processing time. Thus, completion times reflect cumulative latency rather than normalized throughput. Without detailed metrics such as Information Transfer Rate (ITR) or speed-accuracy operating curves, the behavioral comparison should be interpreted as a feasibility assessment rather than a performance benchmark. Future studies should include throughput-oriented paradigms such as Fitts' Law tasks.

Participants were primarily young, tech-literate individuals (approximately 75% with prior VR experience), predisposing them toward conventional input methods. This familiarity may have influenced both performance and preference ratings. The greatest value of hands-free interaction likely lies in populations with reduced motor control or fatigue sensitivity, which were not represented here. Future evaluations should include users with motor impairments to assess NeuroGaze's translational potential for inclusive, low-effort interaction.

Finally, ergonomic incompatibility between the EEG headset and the Meta Quest Pro caused minor discomfort during extended use. Although commercial devices enhance ecological validity, they also constrain neural input fidelity and overall user comfort.



4.4 Future work

Several avenues for future development emerge from the present findings. Future iterations of NeuroGaze should advance toward more responsive, fully contactless brain control through tighter integration of hardware and software components. A key priority is the reduction of system latency. NeuroGaze's slower performance relative to traditional input methods reflects both the computational overhead of EEG signal classification and the conservative thresholds used to minimize false activations. Advances in machine learning and signal processing—such as adaptive filtering, transfer learning across users, and real-time artifact rejection—may help reduce response times while maintaining accuracy, thereby improving the practical viability of hybrid BCI input. Another promising direction involves adaptive multimodal switching, in which NeuroGaze could dynamically integrate with conventional controllers or gesture-based systems. For example, users might rely on EEG+gaze input for sustained, low-effort interaction but seamlessly transition to controller-based input when speed or fine-grained control is required. Such hybrid workflows would leverage the strengths of each modality and broaden the contexts in which BCIs are practical. Future systems might also incorporate complementary biosignals (e.g., fNIRS, EMG, pupillometry) to improve robustness and expand command vocabulary. Finally, future studies should move beyond healthy young adults to evaluate NeuroGaze in accessibility scenarios. Populations with motor impairments, fatigue-related conditions, or limited hand mobility stand to benefit most from hands-free BCI interaction. Assessing usability, comfort, and performance in these groups will be essential for determining NeuroGaze's translational potential in rehabilitation, assistive technology, and daily activity contexts.




5 Conclusion

This study introduced and evaluated NeuroGaze, a hybrid EEG and eye-tracking interface implemented with consumer-grade hardware in an immersive VR environment. Compared to conventional controllers and gaze+pinch interaction, NeuroGaze enabled reliable, fully hands-free object selection, though at the cost of slower task completion times. The results reflect a classic speed-accuracy tradeoff: participants made fewer errors with NeuroGaze, but this advantage stemmed largely from more deliberate pacing rather than inherently superior input fidelity. Despite these performance constraints, NeuroGaze demonstrates clear ergonomic and accessibility promise. By reducing physical demand and eliminating the need for handheld controllers, it extends VR interaction beyond speed-driven contexts toward scenarios where comfort, inclusivity, and reduced fatigue are prioritized. Rather than serving as a replacement for controllers in time-critical tasks, NeuroGaze should be considered a complementary modality for daily activities, rehabilitation contexts, and fatigue-sensitive environments where minimizing physical effort is critical. Taken together, these findings establish NeuroGaze as a feasibility demonstration of hybrid EEG+gaze interaction in immersive VR using readily available consumer devices. Future iterations should aim to reduce confirmation latency from the current multi-second range toward sub-second response times through improved signal processing, classifier optimization, and multimodal fusion. More broadly, the results highlight the potential of consumer-grade BCIs not as competitors to established input methods but as enablers of more inclusive and adaptable human-computer interaction.
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