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P300-Based Machine Learning BCIs for Brain-to-Text Neural 

Decoding in Paralysed Patients:A Narrative Review 
 

 

ABSTRACT 

This narrative review synthesizes recent advances in brain-to-text neural decoding using P300-based machine 

learning brain–computer interfaces (BCIs) for individuals with severe motor impairments. It situates the P300 

event-related potential within its neurophysiological and theoretical foundations and traces its trajectory from 

early speller paradigms to contemporary adaptive, hybrid, and deep learning–driven systems. Historical 

milestones in stimulus presentation, signal processing, and classifier design are examined alongside recent 

innovations that integrate multimodal ERP features, probabilistic models, and closed-loop neurofeedback to 

enhance accuracy, robustness, and ecological validity. Clinical applications extend beyond communication 

restoration to neurorehabilitation, encompassing motor recovery and language training, while real-world 

deployment increasingly emphasizes portability, cost-effectiveness, and home usability. Critical reflections 

highlight persistent challenges, including inter-subject variability in P300 morphology, trade-offs between 

interpretability and accuracy, and underexplored ethical issues related to privacy, agency, and equitable 

access. The review concludes by framing P300-based brain-to-text BCIs as evolving from static laboratory 

tools into intelligent, context-aware systems capable of co-adapting with users and shaping the clinical, 

societal, and economic landscape of assistive neurotechnology. 

Keywords: Adaptive machine learning, Assistive neurotechnology, Brain–computer interface (BCI), P300 

event related potential, Paralysed patient communication, Neural decoding. 

 

1. INTRODUCTION 

The translation of neural activity into coherent text represents one of the most ambitious frontiers in brain–

computer interface (BCI) research, integrating cognitive neuroscience, biomedical engineering, and artificial 

intelligence into a single transformative vision. At its core, this endeavour seeks to restore autonomy and 

communication for individuals with severe motor impairments, such as those caused by amyotrophic lateral 

sclerosis (ALS), locked‑in syndrome, or traumatic brain injury. Among the various paradigms employed in 

BCIs, the P300 event‑related potential offers a distinct advantage: it is a robust neural marker, non‑invasively 

recordable via electroencephalography (EEG), and reliably linked to attentional processes  (Wang et al., 2025). 

Several prior studies have explored the development of P300‑based BCIs for brain‑to‑text communication in 

paralysed patients. A book chapter introduced ERPs—particularly the P300—as reliable signals for speller 

systems and contrasted them with ocular‑based methods, emphasising advantages in reliability and direct 

neural control (Bhuvaneshwari et al., 2021) .When integrated with advanced machine learning algorithms, 

P300‑based systems can decode user intentions at practical speeds and accuracy levels, enabling real‑time 

conversion of thought patterns into written language. This intersection of neurophysiology and computational 

intelligence not only exemplifies the cutting‑edge nature of the field but also raises profound questions about 

the future relationship between human cognition and digital systems (Silvoni et al., 2009). 
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    The foundations of P300-based BCIs can be traced to the seminal work of Farwell and Donchin in the 

late 1980s, who demonstrated that a simple visual speller paradigm could exploit P300 signals to infer letter 

selection. A comprehensive review outlined the roles of P300 and SSVEP in rehabilitation, highlighting their 

applications in ALS, spinal cord injury, and stroke populations (Ramadan, 2024). Over the ensuing decades, 

iterative refinements in stimulus presentation, signal processing, and classification algorithms steadily 

enhanced performance. In the past five years, methodological innovations such as deep learning-based feature 

extraction (Ravipati et al., 2023). and hybrid paradigms integrating P300 with other ERP components for richer 

decoding have emerged. Concurrently, advances in adaptive interfaces have reduced calibration time and 

improved user comfort—for example, Noble et al. (2023) demonstrated an adaptive P300 speller for attention 

training that used iterative learning control to dynamically optimize task difficulty, thereby accelerating 

training and enhancing signal-to-noise ratios in real-world environments. Their randomized controlled trial 

with healthy adults showed that personalizing task difficulty improves performance, reduces fatigue, and may 

confer benefits transferable to other cognitive tasks. These developments collectively provide a robust 

empirical and technical foundation upon which current research continues to build (Noble et al., 2023). 

    Today, this topic remains critically relevant for both scientific and societal reasons. On the clinical front, 

resource-limited rehabilitation settings are increasingly in need of non-invasive, cost-effective BCI solutions 

that can be implemented outside laboratory environments — a challenge exacerbated by the variability in P300 

amplitude and latency across users. On the technological side, contemporary debates revolve around the 

balance between model complexity and interpretability in machine learning applications, as black-box models 

like deep neural networks offer higher accuracy yet hinder clinical trust. Recent studies, such as Ramirez-Nava 

et al. (2023), have examined a P300-based brain–computer interface combined with functional electrical 

stimulation therapy for upper limb motor recovery in chronic stroke patients, demonstrating meaningful gains 

in motor function and independence (Ramirez-Nava et al., 2023). Meanwhile, Kleih and Botrel (2024) 

investigated the use of a visual P300 brain-computer interface for aphasia rehabilitation in post-stroke patients, 

showing improvements in spontaneous speech production and some reduction in aphasia severity, although 

results were limited by small sample size and data variability. Furthermore, ethical considerations — including 

user privacy, agency, and the psychological implications of directly translating thought into text — have moved 

to the forefront of academic discourse, adding layers of complexity to implementation strategies (Kleih & 

Botrel, 2024). 

    This review will explore four interrelated thematic areas: (1) the neurophysiological basis and signal 

characteristics of the P300 component in communication-impaired populations; (2) the evolution of machine 

learning methodologies in decoding P300 signals, from linear classifiers to deep learning architectures; (3) 

application-specific adaptations for brain-to-text BCIs in paralysed patients, with an emphasis on usability and 

scalability; and (4) emerging challenges and ethical dimensions related to deployment in clinical and home 

settings. Each theme will be contextualised with examples from recent experimental, engineering, and 

translational research efforts. 

    The objective of this narrative review is to synthesise and critically discuss the interplay between 

neurobiological mechanisms, algorithmic strategies, and applied considerations in P300-based brain-to-text 

BCIs for paralysed patients. By weaving together insights from recent empirical findings and ongoing debates, 

this article aims to provide a coherent perspective that bridges technical detail with broader neuroscientific and 

clinical implications. Ultimately, it seeks to inform both specialists and interdisciplinary audiences about the 

current state of the field, the innovations that are shaping its trajectory, and the conceptual challenges that must 

be addressed to move towards reliable, real-world neural text decoding. The developmental trajectory of P300-

based brain-to-text BCIs, from early laboratory spellers to intelligent, user-adaptive systems, is summarized in 

Figure 1. 

 

 

 



 

https://metec.bcnf.ir Page 3 

 

 

 

 

 

 

 

 

Fig. 1. Evolutionary pathway of P300-based brain-to-text BCIs (This image illustrates 

the transition from early speller paradigms in the 1980s to innovations in machine 

learning and deep learning, clinical and home applications, current challenges, and 

future directions toward intelligent and scalable systems.) 

2. Foundational Concepts and Theoretical Models in P300‑Based Brain‑to‑Text BCIs 

The concept of brain-to-text neural decoding refers to the computational translation of recorded neural 

activity into written language, enabling direct communication bypassing the motor system. Within this context, 

the P300 event-related potential is a positive deflection in EEG signals occurring approximately 300 ms after 

the presentation of a task-relevant stimulus. Its reliability and ease of detection in non-invasive recordings 

make it one of the most extensively applied signals in communication-oriented BCIs (Saeidi et al., 2021). 

Machine learning (ML) in this setting involves algorithms that learn discriminative features from P300 

waveforms to predict user-intended selections, forming the computational core of brain-to-text systems. For 

paralysed patients, this trio of core concepts — neural decoding, P300 ERP, and ML classification — anchors 

the theoretical and practical scope of research and highlights the convergence of cognitive neuroscience and 

intelligent computing (Ravipati et al., 2023). 

    Several theoretical models underpin the use of P300-based BCIs, each originating from broader cognitive 

and neurophysiological theories. The Context Updating Theory posits that the P300 reflects the updating of 

cognitive context when novel or relevant information is processed — a principle directly applied in speller 

paradigms where target symbols elicit detectable neural responses. The Decision-Making Framework aligns 

P300 latency and amplitude with stages of evidence accumulation, influencing how stimulus timing and 

sequence are designed to optimise discrimination accuracy (Polich, 2012). Recent works, such as Zhang et al. 

(2025), have introduced advanced deep learning architectures to decode text production from non-invasive 

brain signals, bridging neural decoding and natural language processing (Lévy et al., 2025). More recently, 

Huang et al. (2024) integrated Probabilistic Graphical Models into BCI systems to account for uncertainty in 

signal classification, merging traditional ERP detection theory with modern computational inference (Huang 

et al., 2024). 

    In the last five years, emerging frameworks have bridged classical ERP theories with advances in ML 

and computational neuroscience, creating hybrid approaches that expand both accuracy and interpretability. 

For example, Zhang et al. (2025) proposed a Neuro-Cognitive Encoding-Decoding Model, connecting 

underlying attention mechanisms to deep neural network architectures to enhance P300 feature extraction 

(Zhang et al., 2025). Similarly, Herrera Altamira et al. (2022) applied Adaptive Neurofeedback Models that 

dynamically adjust stimulus presentation parameters based on real-time neural responses, grounded in 

principles from closed-loop control theory. These developments reflect a shift toward theoretically informed 

algorithms that marry neurophysiological plausibility with computational efficiency. In paralysed populations, 

where individual variability in P300 characteristics is often pronounced, theory-driven adaptation has proven 

crucial not only for technical performance but also for ensuring user-centric and ethically sound 

implementations in clinical practice (Le Franc et al., 2022). (see TABLE 1 for a comparative overview of 

theoretical models applied in P300-based BCIs) 
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TABLE. 1. Comparative overview of theoretical models and their applications in P300-based BCIs. 

3. Evolutionary Pathways of P300-Driven Neural Decoding in Paralysed Patients 

The roots of brain-to-text neural decoding via P300 signals can be traced to the early conceptual and 

experimental work in event-related potentials during the 1960s and 1970s, when researchers first identified 

distinctive positive deflections linked to cognitive processing. The seminal breakthrough came in 1988, when 

Farwell and Donchin introduced the P300-speller paradigm, demonstrating that selective attention to flashing 

characters could yield decipherable EEG patterns for communication. Through the 1990s and early 2000s, 

incremental improvements in signal acquisition, electrode technology, and linear classification methods 

allowed P300-based BCIs to transition from proof-of-concept to controlled laboratory applications (Solon et 

al., 2019). The emphasis during this era was largely on establishing reliability and reproducibility, particularly 

in healthy participants, paving the way for later clinical adaptation (Pan et al., 2022). 

    By the 2010s, advances in computing power, algorithmic sophistication, and adaptive stimulus design 

marked a clear paradigm shift. Machine learning, initially introduced through support vector machines and 

Bayesian classifiers, began to dominate the decoding process, enabling more nuanced feature extraction from 

noisy brain signals. In the past five years, deep learning architectures and hybrid paradigms have further 

advanced the field: studies such as Song et al. (2021) integrated multimodal ERP features, while Zhang et al. 

(2023) demonstrated attention‑enhanced convolutional models for paralysed patients in home settings (Song 

et al., 2022; Zhang et al., 2023). A doctoral dissertation contributed significantly by enabling asynchronous 

control, proposing the EEG‑Inception deep learning model that outperformed existing classifiers, and 

providing the MEDUSA open‑source framework for standardized pipelines; these innovations achieved up to 

97 % accuracy and an information transfer rate of 35.5 bits/min in both healthy and motor‑disabled users 

(Santamaría Vázquez, 2022). These developments not only enhanced speed and accuracy but also signalled a 

transition towards personalised, real‑world deployment, reflecting the broader shift from laboratory research 

to scalable clinical solutions (Song et al., 2022; Zhang et al., 2023). (TABLE 2 summarizes the main 

technological milestones in the evolution of P300-based BCIs). 

 

 

 

 

 

 

 

 

Model/Theory Core Feature 
Application in 

BCI 
Advantages Limitations 

Context 

Updating 

Theory 

P300 reflects 

updating of 

cognitive context 

Target-based 

speller paradigms 

Simple, 

foundational 

Limited explanation 

of inter-individual 

variability 

     

Decision-

Making 

Framework 

P300 linked to 

evidence 

accumulation 

Optimization of 

stimulus timing 

Connects with 

decision models 

Complex adaptation 

in patients 

     

NeuroCognitive 

Encoding-

Decoding 

Links attention 

mechanisms with 

deep neural 

networks 

Advanced feature 

extraction via 

DNNs 

High accuracy, 

flexible 

Data-hungry, less 

interpretable 

     

Adaptive 

Neurofeedback 

Adjusts stimuli 

based on real-time 

EEG 

Reduces fatigue, 

increases signal 

stability 

User-centric, 

adaptive 

Requires extra 

hardware/algorithms 
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TABLE. 2. Historical evolution and technological milestones in P300-based brain-to-text BCIs. 

 

Period Key Innovation Example Studies 
Impact on 

Patients/Applications 

1980s 
Introduction of P300 speller 

(Farwell & Donchin) 
Early lab experiments 

Proof of non-verbal 

communication 

    

1990s–

2000s 

Improved signal acquisition & 

linear classifiers 
SVM and Bayesian approaches 

Higher accuracy and 

stability 

    

2010s 
Machine learning & adaptive 

stimulus design 

CNNs, hybrid SSVEP 

paradigms 
Reduced calibration time 

    

2020s 
Deep learning and hybrid 

frameworks 

EEG-Inception, attention-based 

CNNs 

High accuracy, home use 

feasibility 

    

Future 
User-coadaptive Bayesian 

models 
Adaptive Bayesian updating 

Personalization, higher 

clinical trust 

4. Current Trends and Key Issues 

In recent years, brain-to-text neural decoding via P300-based machine learning BCIs has shifted toward 

adaptive, user‑centered designs that emphasize portability, wireless EEG acquisition, and cloud‑integrated 

analysis. Deep learning models—often combined with hybrid ERP features—now dominate pattern 

recognition, offering improved accuracy but raising debates over interpretability and clinical trust (Kaplan et 

al., 2013). Ethical concerns—particularly regarding data privacy, mental agency, and equitable access—remain 

prominent, alongside technical challenges such as inter‑subject variability in P300 responses and susceptibility 

to noise in real‑world environments. Moreover, a review highlighted the importance of adaptive closed‑loop 

and hybrid paradigms, noting that continuous feedback and adaptive learning can enhance robustness and 

reduce fatigue in P300 spellers (Jin et al., 2024).Cross‑disciplinary collaborations among neuroscience, AI, 

biomedical engineering, and rehabilitation medicine are increasingly shaping solutions, signaling a more 

integrated and translational trajectory for the field (Rainey et al., 2020). (TABLE 3 highlights the main 

challenges faced by P300-based BCIs and corresponding solutions proposed in the literature). 

 

TABLE. 3. Key challenges and proposed solutions in the development of P300-based BCIs. 

 

Challenge Consequence Proposed Solutions 

Inter-subject variability Lower accuracy Adaptive, personalized models 

   

Environmental noise & electrodes Reduced signal quality 
Advanced filtering, portable 

hardware 

   

Algorithmic complexity Lack of clinical trust Explainable AI approaches 

   

User fatigue & cognitive load 
Performance decline over 

time 
Adaptive UI, neurofeedback 

   

Ethical issues (privacy, equity) 
Social and regulatory 

resistance 

Ethical frameworks, inclusive 

policies 
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5. Real-World Applications and Societal Impact of P300-Based Brain-to-Text BCIs 

Brain-to-text neural decoding via P300-based machine learning BCIs has progressed beyond laboratory 

prototypes into diverse real-world domains with tangible societal impact. In healthcare, these systems facilitate 

communication for paralysed patients in clinical and home settings, significantly enhancing quality of life and 

independence (Murad & Rahimi, 2024). A recent medical review identified P300 spellers as clinically relevant 

tools for daily communication, while acknowledging persistent challenges related to accuracy, fatigue, and 

transfer rates; hybrid and multimodal feedback strategies have been proposed as potential solutions (Liu et al., 

2025). In education, they offer alternative access pathways for individuals with severe motor impairments, 

enabling participation in remote learning and digital literacy programmes. Industrial applications encompass 

the development of assistive communication devices, fostering innovation in BCI start-ups and creating 

employment opportunities in hardware manufacturing, AI model development, and clinical support. The rising 

demand for skilled technicians, neuro-engineers, and rehabilitation specialists underscores the direct 

connection between research advancements and job creation. Furthermore, policy-makers are increasingly 

incorporating BCI-driven assistive technologies into national disability strategies, recognising their potential 

to reduce long-term care costs while promoting social inclusion. Collectively, these applications demonstrate 

how P300-based brain-to-text systems are shaping not only medical and technological practices but also 

economic and societal development (Figure.2) (Giansanti & Pirrera, 2025). 

 

 

 

 

 

 

 

 

 Fig.2. Flowchart of real-world applications and societal impacts of P300-based brain-

to-text BCIs. 

6. Critical Reflections and Gaps in the Literature 

Although recent advances in P300-based brain-to-text BCIs have led to notable improvements in decoding 

accuracy, portability, and user adaptability, much of the literature remains constrained by small sample sizes 

and controlled laboratory settings, limiting generalisability to diverse clinical populations (Gordon & Seth, 

2024). Inter-subject variability in P300 morphology, combined with the complexity of advanced signal 

processing methods, continues to hinder interpretability and clinical adoption. A survey examining invasive 

brain-to-text methods, such as handwriting and speech decoding, highlighted both their high performance and 

the limitations of retraining and vocabulary scaling; by contrast, non-invasive P300 approaches were 

characterised as safer but still requiring further optimisation (Ahmed et al., 2025). Ethical and psychosocial 

considerations — including long-term user adaptation, data privacy, and accessibility in low-resource settings 

— are often treated as secondary. Moreover, few studies have evaluated these systems in ecologically valid, 

home-based environments, leaving critical gaps in understanding real-world performance. Addressing these 

challenges calls for broader interdisciplinary collaboration that integrates neurophysiological insight, 

algorithmic transparency, and scalable deployment strategies (Fazel-Rezai et al., 2012) 
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7. Materials and Methods    
This narrative review was developed through a structured yet flexible scholarly search aimed at mapping 

the current state of knowledge on brain‑to‑text neural decoding via P300‑based machine learning brain–

computer interfaces (BCIs) in paralysed patients. The literature search encompassed a wide range of academic 

sources, including peer‑reviewed journal articles, conference proceedings, edited volumes, and authoritative 

books, supplemented by reputable institutional and technical reports to capture emerging advances not yet 

formalised in journal form. Digital databases such as IEEE Xplore, PubMed, Scopus, and Web of Science were 

prioritised for their breadth and depth in neuroengineering, cognitive neuroscience, and biomedical 

engineering, while targeted searches of Google Scholar ensured inclusion of influential grey literature. Studies 

were selected based on their direct relevance to the intersection of P300 event‑related potentials, machine 

learning algorithms, and communication restoration in individuals with severe motor impairments, with an 

emphasis on works published within the last decade to reflect contemporary technical and clinical progress, 

though landmark earlier studies were included for historical grounding. Only works from established academic 

publishers or recognised conferences were considered, ensuring peer‑review quality and methodological 

soundness. The organisation of the reviewed material followed a conceptual framework that grouped findings 

into thematic domains, including historical development, current trends, critical challenges, and practical 

applications, allowing the discussion to build cumulatively from foundational principles toward translational 

implications. This approach facilitated a balanced integration of technological, theoretical, and clinical 

perspectives, thereby providing a coherent and comprehensive account of the field. 

8. Results 

The reviewed literature indicates that P300-based brain-to-text BCIs have progressed from early matrix 

speller paradigms to sophisticated communication and rehabilitation systems that leverage advanced machine 

learning. Foundational work consistently identified the P300 event-related potential as a robust neural marker 

of user intent, with the Context Updating Theory and Decision-Making Framework providing the initial 

neurophysiological rationale for its use in speller designs (Polich, 2012). 

Across studies, the progressive integration of machine learning—from traditional approaches such as 

support vector machines to recent deep learning architectures like EEG-Inception—has markedly improved 

classification accuracy and information transfer rates, enabling more efficient and reliable neural decoding in 

both healthy and motor-impaired users (Santamaría Vázquez, 2022; Ravipati et al., 2023). A convergent 

finding is the field’s shift toward hybrid and adaptive systems that either combine P300 with additional 

electrophysiological features or incorporate real-time neurofeedback to dynamically tailor stimulus parameters, 

thereby enhancing performance, reducing calibration demands, and improving user comfort (Noble et al., 2023; 

Herrera Altamira et al., 2022). These methodological advances have supported the transition of P300-based 

brain-to-text systems from tightly controlled laboratory environments to more ecologically valid clinical and 

home settings for paralysed patients, outlining a clear trajectory of increasing technical maturity and 

translational readiness, as summarized in Table 2. 

 

9. Discussion 

Taken together, the reviewed studies suggest that P300-based brain-to-text BCIs are undergoing a 

transition from relatively simple stimulus–response communication tools to neurocognitively informed, 

machine learning–driven systems in which decoding performance, user experience, and theoretical grounding 

are increasingly co-optimized rather than treated as separate design constraints (Polich, 2012; Ravipati et al., 

2023). The introduction of deep architectures such as EEG-Inception and autoencoder-based convolutional 

networks reframes P300 classification as a high-dimensional representation learning problem, enabling models 

to capture subtle spatiotemporal dynamics that linear methods often miss, while still aligning with ERP-based 

constructs such as context updating and evidence accumulation (Santamaría Vázquez, 2022; Afrah et al., 2022). 

This closer alignment between cognitive theory and algorithmic design helps explain why hybrid 

systems that embed P300 responses within probabilistic frameworks or closed-loop neurofeedback protocols 

tend to exhibit not only higher accuracy but also more stable performance across sessions, as uncertainty, non-

stationarity, and intra-individual variability in paralysed users’ EEG are explicitly modelled rather than simply 

treated as noise (Huang et al., 2024; Herrera Altamira et al., 2022). At the same time, the emergence of 

calibration-free, low-cost, and portable P300 interfaces illustrates that advances in model complexity do not 

necessarily conflict with real-world deployment, provided that architectures and pipelines are tuned to 

constraints such as reduced channel counts, computational efficiency, and secure data transmission in home- 
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and IoT-integrated environments (Kaplan et al., 2013; Volpini et al., 2021; Afrah et al., 2024). From a clinical 

and societal perspective, these developments point toward a “shared control” paradigm in which decoding 

algorithms, interface adaptation strategies, and rehabilitation objectives are jointly optimised to match users’ 

fluctuating cognitive resources and psychosocial contexts, positioning P300-based BCIs not merely as assistive 

spelling devices but as dynamic, ethically attuned mediators linking neural intent, communication, and broader 

social and economic participation (Ramirez-Nava et al., 2023; Kleih & Botrel, 2024; Giansanti & Pirrera, 2025; 

Ahmed et al., 2025). 

 

10.Conclusion  

    This review has synthesised major developments in P300-based machine learning BCIs for brain-to-text 

neural decoding, tracing their evolution from foundational speller paradigms to increasingly intelligent, 

adaptive systems. The discussion highlighted how theoretical models from cognitive neuroscience have guided 

BCI paradigm design, how successive generations of machine learning—particularly deep learning—have 

transformed decoding accuracy and efficiency, and how the application domain has expanded from basic 

communication toward broader neurorehabilitation in paralysed populations (Zhang et al., 2025; Ramirez-Nava 

et al., 2023).At the same time, persistent challenges such as inter-subject variability, algorithmic opacity, and 

unresolved ethical issues around privacy, mental agency, and equitable access remain central obstacles to large-

scale clinical adoption. Future work will need to prioritise explainable AI and theory-informed architectures 

that balance high performance with interpretability acceptable to clinicians and regulators, alongside 

longitudinal, home-based studies that systematically assess long-term usability, cognitive load, and 

psychosocial impact in real-world contexts. Addressing these methodological, clinical, and ethical gaps will 

be crucial for translating the considerable promise of P300-based brain-to-text BCIs into robust, equitable, and 

truly transformative assistive technologies that substantively enhance autonomy and quality of life for 

individuals living with severe motor impairments. 

 

 

REFERENCES  

 

Afrah, R., Amini, Z., Kafieh, R., & Vard, A. (2022). An optimized deep learning approach based on autoencoder 

network for P300 detection in brain computer interface systems. Medical Journal of Tabriz University 

of Medical Sciences, 44(4), 270–280.  

Ahmed, B., Khan, S., Lim, H., & Ku, J. (2025). Challenges and Opportunities of Gamified BCI and BMI on 

Disabled People Learning: A Systematic Review. Electronics, 14(3), 491.  

Bhuvaneshwari, M., Kanaga, E. G. M., Anitha, J., Raimond, K., & George, S. T. (2021). A comprehensive 

review on deep learning techniques for a BCI-based communication system. Demystifying big data, 

machine learning, and deep learning for healthcare analytics, 131–157.  

Fazel-Rezai, R., Allison, B. Z., Guger, C., Sellers, E. W., Kleih, S. C., & Kübler, A. (2012). P300 brain computer 

interface: current challenges and emerging trends. Frontiers in neuroengineering, 5, 14.  

Giansanti, D., & Pirrera, A. (2025). Integrating AI and assistive technologies in healthcare: Insights from a 

narrative review of reviews. Healthcare,  

Gordon, E. C., & Seth, A. K. (2024). Ethical considerations for the use of brain–computer interfaces for 

cognitive enhancement. PLoS biology, 22(10), e3002899.  

Huang, H., Shen, X., Wang, S., Liu, D., & Wang, H. (2024). Verbalized Probabilistic Graphical Modeling with 

Large Language Models. arXiv e-prints, arXiv: 2406.05516.  

Jin, W., Zhu, X., Qian, L., Wu, C., Yang, F., Zhan, D., Kang, Z., Luo, K., Meng, D., & Xu, G. (2024). 

Electroencephalogram-based adaptive closed-loop brain-computer interface in neurorehabilitation: 

a review. Frontiers in Computational Neuroscience, 18, 1431815.  

Kaplan, A. Y., Shishkin, S. L., Ganin, I. P., Basyul, I. A., & Zhigalov, A. Y. (2013). Adapting the P300-based 

brain–computer interface for gaming: a review. IEEE Transactions on Computational Intelligence 

and AI in Games, 5(2), 141–149.  

Kleih, S. C., & Botrel, L. (2024). Post-stroke aphasia rehabilitation using an adapted visual P300 brain-

computer interface training: improvement over time, but specificity remains undetermined. Front 

Hum Neurosci, 18, 1400336. https://doi.org/10.3389/fnhum.2024.1400336  

Le Franc, S., Herrera Altamira, G., Guillen, M., Butet, S., Fleck, S., Lécuyer, A., Bougrain, L., & Bonan, I. 

(2022). Toward an Adapted Neurofeedback for Post-stroke Motor Rehabilitation: State of the Art and 

https://doi.org/10.3389/fnhum.2024.1400336


 

https://metec.bcnf.ir Page 9 

Perspectives [Review]. Frontiers in Human Neuroscience, Volume 16 - 2022. 

https://doi.org/10.3389/fnhum.2022.917909  

Lévy, J., Zhang, M., Pinet, S., Rapin, J., Banville, H., d'Ascoli, S., & King, J.-R. (2025). Brain-to-text decoding: 

A non-invasive approach via typing. arXiv preprint arXiv:2502.17480.  

Liu, X.-Y., Wang, W.-L., Liu, M., Chen, M.-Y., Pereira, T., Doda, D. Y., Ke, Y.-F., Wang, S.-Y., Wen, D., & 

Tong, X.-G. (2025). Recent applications of EEG-based brain-computer-interface in the medical field. 

Military Medical Research, 12(1), 14.  

Murad, S. A., & Rahimi, N. (2024). Unveiling thoughts: A review of advancements in eeg brain signal decoding 

into text. IEEE Transactions on Cognitive and Developmental Systems.  

Noble, S.-C., Woods, E., Ward, T., & Ringwood, J. V. (2023). Adaptive P300-Based Brain-Computer Interface 

for Attention Training: Protocol for a Randomized Controlled Trial. JMIR Res Protoc, 12, e46135. 

https://doi.org/10.2196/46135  

Pan, J., Chen, X., Ban, N., He, J., Chen, J., & Huang, H. (2022). Advances in P300 brain–computer interface 

spellers: toward paradigm design and performance evaluation. Frontiers in Human Neuroscience, 

16, 1077717.  

Polich, J. (2012). Neuropsychology of P300. The Oxford handbook of event-related potential components, 641, 

159–188.  

Rainey, S., Martin, S., Christen, A., Mégevand, P., & Fourneret, E. (2020). Brain recording, mind-reading, 

and neurotechnology: ethical issues from consumer devices to brain-based speech decoding. Science 

and engineering ethics, 26(4), 2295–2311.  

Ramadan, R. A. (2024). Deciphering the Mind: Advanced Neuroimaging Techniques and Cognitive State 

Decoding in Brain-Computer Interfaces. PLOMS Review Journal, 1(1).  

Ramirez-Nava, A. G., Mercado-Gutierrez, J. A., Quinzaños-Fresnedo, J., Toledo-Peral, C., Vega-Martinez, 

G., Gutierrez, M. I., Pacheco-Gallegos, M. d. R., Hernández-Arenas, C., & Gutiérrez-Martínez, J. 

(2023). Functional electrical stimulation therapy controlled by a P300-based brain–computer 

interface, as a therapeutic alternative for upper limb motor function recovery in chronic post-stroke 

patients. A non-randomized pilot study [Brief Research Report]. Frontiers in Neurology, Volume 14 

- 2023. https://doi.org/10.3389/fneur.2023.1221160  

Ravipati, Y., Pouratian, N., Arnold, C., & Speier, W. (2023). Evaluating Deep Learning Performance for P300 

Neural Signal Classification. AMIA Annu Symp Proc, 2023, 1218–1225.  

Saeidi, M., Karwowski, W., Farahani, F. V., Fiok, K., Taiar, R., Hancock, P. A., & Al-Juaid, A. (2021). Neural 

Decoding of EEG Signals with Machine Learning: A Systematic Review. Brain Sci, 11(11). 

https://doi.org/10.3390/brainsci11111525  

Santamaría Vázquez, E. (2022). Enhancing erp-based brain-computer interfaces for practical applications: 

asynchrony, deep learning, and a novel bci platform.  

Silvoni, S., Volpato, C., Cavinato, M., Marchetti, M., Priftis, K., Merico, A., Tonin, P., Koutsikos, K., Beverina, 

F., & Piccione, F. (2009). P300-Based Brain-Computer Interface Communication: Evaluation and 

Follow-up in Amyotrophic Lateral Sclerosis. Front Neurosci, 3, 60. 

https://doi.org/10.3389/neuro.20.001.2009  

Solon, A. J., Lawhern, V. J., Touryan, J., McDaniel, J. R., Ries, A. J., & Gordon, S. M. (2019). Decoding P300 

variability using convolutional neural networks. Frontiers in Human Neuroscience, 13, 201.  

Song, H. N., Oh, S., & Lee, S. A. (2022). Electrophysiological Responses to Rapidly-Presented Affective Stimuli 

Predict Individual Differences in Subsequent Attention. Eneuro, 9(1).  

Wang, Y., Jiang, C., & Li, C. (2025). A Review of Brain-Computer Interface Technologies: Signal Acquisition 

Methods and Interaction Paradigms. arXiv preprint arXiv:2503.16471.  

Zhang, Y., Li, P., Cheng, L., Li, M., & Li, H. (2023). Attention-based multiscale spatial-temporal convolutional 

network for motor imagery EEG decoding. IEEE Transactions on Consumer Electronics, 70(1), 

2423–2434.  

Zhang, Y., Wang, Y., Azabou, M., Andre, A., Wang, Z., Lyu, H., Laboratory, T. I. B., Dyer, E., Paninski, L., & 

Hurwitz, C. (2025). Neural encoding and decoding at scale. arXiv preprint arXiv:2504.08201.  

 

 

https://doi.org/10.3389/fnhum.2022.917909
https://doi.org/10.2196/46135
https://doi.org/10.3389/fneur.2023.1221160
https://doi.org/10.3390/brainsci11111525
https://doi.org/10.3389/neuro.20.001.2009

