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Abstract 
The convergence of neurotechnology and artificial intelligence (AI) is creating a rapidly 

developing research frontier at the intersection of neuroscience, computing, engineering, 

medicine, and human–machine interaction. Neurotechnologies capable of recording, 

interpreting, stimulating, or modulating neural activity are increasingly being combined with 

machine learning, deep learning, generative AI, and adaptive computing systems. This 

convergence is enabling new approaches to brain–computer interfaces, cognitive assistance, 

neuroprosthetics, rehabilitation, human–robot interaction, assistive communication, and 

personalised neurotechnology. This paper examines the emerging relationship between 

neurotechnology and AI, focusing on the technological architectures, applications, 

opportunities, limitations, ethical challenges, and future directions of intelligent human–

machine interaction. A conceptual qualitative methodology is employed to synthesise 

developments across neural signal acquisition, AI-based decoding, multimodal interfaces, 

adaptive systems, and cognitive technologies. The paper proposes an integrated neuro-AI 

framework connecting neural sensing, signal processing, machine learning, contextual 

interpretation, adaptive interfaces, and human feedback. Particular attention is given to non-

invasive and invasive brain–computer interfaces, neural decoding, neuroprosthetics, cognitive 

augmentation, AI-assisted rehabilitation, and intelligent assistive technologies. The analysis 

also highlights challenges involving neural-signal variability, data scarcity, interoperability, 

privacy, cybersecurity, algorithmic bias, informed consent, autonomy, and equitable access. 

The paper argues that the future of neurotechnology will depend not simply on improving 

neural decoding accuracy but on developing trustworthy, adaptive, human-centred systems 

that respect cognitive autonomy and individual differences. Neuro-AI therefore represents not 

only a technological opportunity but also a significant societal and ethical frontier requiring 

interdisciplinary governance. 
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1. Introduction 
The human brain represents one of the most complex information-processing systems known 

to science. 

For decades, researchers have attempted to establish direct communication between neural 

activity and computational systems. 

Traditional human–computer interaction primarily depends on: 

 Keyboards.  

 Touchscreens.  

 Voice.  

 Gestures.  

 Eye movements.  

Neurotechnology introduces another possibility: 

 

Neural Activity → Computational Interpretation → Machine Response 

The convergence of AI and neurotechnology is making this interaction increasingly 

sophisticated. 

Machine-learning systems can identify patterns within complex neural signals, while 

neurotechnology can provide computational systems with new forms of information about 

human intention and cognitive activity. 

This creates a new paradigm of human–machine interaction based partly on neural 

information. 

 

2. Concept of Neurotechnology 
Neurotechnology encompasses technologies designed to interact with the nervous system. 

Broadly, these technologies can: 

1. Record neural activity.  

2. Analyse neural signals.  

3. Stimulate neural systems.  

4. Modulate neural activity.  

5. Translate neural activity into machine commands.  

Examples include: 

 Electroencephalography (EEG).  

 Functional near-infrared spectroscopy (fNIRS).  

 Electrocorticography (ECoG).  

 Intracortical neural interfaces.  

 Neurostimulation systems.  
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 Brain–computer interfaces.  

 

3. Artificial Intelligence and Neurotechnology 
Neural signals are complex and often noisy. 

AI can help identify meaningful patterns within these signals. 

A simplified architecture is: 

Neural Signal → Pre-processing → Feature Extraction → AI Model → Intention Prediction 

→ Interface Response 

Deep-learning systems can learn complex relationships between neural activity and intended 

actions. 

 

4. Human–Machine Interaction 
Traditional interaction requires an explicit physical command. 

Neurotechnology creates the possibility of more direct interaction. 

For example: 

A person intending to move a robotic arm could generate neural activity associated with 

movement. 

A neural interface records the activity. 

AI interprets the pattern. 

The robotic system receives a command. 

The result is: 

 

Intention → Neural Activity → AI Interpretation → Machine Action 

5. Research Objectives 
This paper aims to: 

1. Examine the convergence of neurotechnology and AI.  

2. Analyse AI-enabled brain–computer interfaces.  

3. Explore neural signal processing.  

4. Examine intelligent neuroprosthetics.  

5. Investigate cognitive-assistance technologies.  

6. Analyse adaptive human–machine interfaces.  

7. Explore healthcare and rehabilitation applications.  

8. Examine ethical and privacy challenges.  

9. Investigate future directions in Neuro-AI.  

10. Propose an integrated human-centred Neuro-AI framework.  

 

6. Research Methodology 
A conceptual qualitative methodology is used. 

The study integrates major research themes across: 

 Neuroscience.  

http://www.ajamri.com/


 

American Journal of Advanced Multidisciplinary 

Research and Innovation (AJAMRI) 

 
E-ISSN: XXXX-XXXX   ●   Website: www.ajamri.com   ●   Email: editor@ajamri.com 

 

  

AJAMRI Volume 6, Issue 4, July-August 2024 4 

 

 Artificial intelligence.  

 Brain–computer interfaces.  

 Human–computer interaction.  

 Neuroprosthetics.  

 Cognitive computing.  

 Rehabilitation technology.  

The technologies are evaluated according to: 

Dimension Focus 

Accuracy Neural decoding performance 

Responsiveness Interaction speed 

Adaptability Personalisation 

Usability Human interaction 

Safety Biological and technical safety 

Privacy Protection of neural information 

Autonomy Preservation of user control 

Accessibility Availability to different populations 

 

7. Brain–Computer Interfaces 
A brain–computer interface (BCI) provides a communication pathway between neural 

activity and an external device. 

BCIs may support: 

 Communication.  

 Device control.  

 Mobility assistance.  

 Rehabilitation.  

 Prosthetic control.  

The fundamental principle is: 

 

Brain Activity → Decoder → Command 

 

8. Non-Invasive Neurotechnology 
Non-invasive approaches collect neural information without surgical implantation. 

Important technologies include: 
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EEG 

Measures electrical activity from the scalp. 

 

fNIRS 

Measures changes associated with cerebral blood oxygenation. 

These approaches generally provide easier deployment than implanted systems, although they 

have limitations in spatial resolution and signal quality. 

 

9. Invasive Neural Interfaces 
Invasive systems use electrodes placed inside or directly on the brain. 

They can provide higher-resolution neural measurements. 

Potential applications include: 

 Robotic prostheses.  

 Communication systems.  

 Motor restoration.  

 Advanced research into neural function.  

However, invasive technologies involve additional medical, surgical, and long-term safety 

considerations. 

 

10. Neural Signal Processing 
Raw neural signals usually contain substantial noise. 

Sources of noise may include: 

 Muscle activity.  

 Eye movement.  

 Electrical interference.  

 Movement artefacts.  

Signal-processing pipelines therefore typically include: 

 

Acquisition → Filtering → Artefact Removal → Feature Extraction → Classification 

AI can increasingly automate parts of this process. 

 

11. Machine Learning for Neural Decoding 
Machine-learning algorithms can classify neural patterns associated with different intentions. 

For example: 

 

Neural Patterns → Classifier → Left/Right/Select/Move 

Deep-learning architectures can potentially learn more complex representations directly from 

neural signals. 
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12. Personalised Neural Decoding 
Neural activity differs substantially between individuals. 

Even within the same person, neural signals can vary because of: 

 Fatigue.  

 Attention.  

 Learning.  

 Stress.  

 Equipment positioning.  

 Day-to-day physiological changes.  

AI systems can therefore benefit from adaptive and personalised models. 

 

13. Adaptive Brain–Computer Interfaces 
A static BCI may require repeated calibration. 

An adaptive BCI can continuously learn from the user. 

The interaction becomes: 

User → Neural Signal → AI → Device → User Feedback → AI Adaptation 

This creates a feedback loop. 

 

14. Closed-Loop Neurotechnology 
Closed-loop systems do not simply read neural activity. 

They also provide feedback. 

For example: 

 

Neural Recording → AI Interpretation → Stimulation/Device Response → Neural 

Feedback 

Such architectures may be important for future therapeutic and assistive technologies. 

 

15. Intelligent Neuroprosthetics 
Neuroprosthetics aim to restore or support lost physical functions. 

Potential applications include: 

 Robotic arms.  

 Prosthetic hands.  

 Mobility systems.  

 Communication devices.  

AI can help translate neural intentions into continuous movements. 

 

16. AI-Controlled Robotic Prostheses 
A traditional prosthesis may require explicit mechanical controls. 

An AI-enabled neural prosthesis can potentially infer intended movements. 

For example: 
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Intended Movement → Neural Signal → AI Decoder → Prosthetic Movement 

The system can become increasingly personalised through user feedback. 

 

17. Speech Neurotechnology 
Neurotechnology is being investigated as a means of supporting communication for 

individuals who cannot speak normally. 

AI may decode neural patterns associated with: 

 Speech intention.  

 Phonemes.  

 Words.  

 Language.  

A future system could potentially transform neural activity into synthetic speech. 

 

18. Generative AI and Neural Interfaces 
Generative AI introduces another layer of capability. 

Rather than mapping every neural signal directly to a complete output, AI could combine: 

 Neural information.  

 Language models.  

 Context.  

 User history.  

For example: 

 

Neural Intention + Context → AI Language Generation 

This may make assistive communication more efficient. 

However, maintaining user control over generated output is essential. 

 

19. Neurotechnology for Rehabilitation 
Neuro-AI systems can support rehabilitation following neurological injury. 

Potential applications include: 

 Motor rehabilitation.  

 Stroke recovery.  

 Neurofeedback.  

 Robotic therapy.  

The system can monitor neural and behavioural responses and adapt training accordingly. 

 

20. Neurofeedback 
Neurofeedback provides individuals with information about aspects of their neural activity. 

AI can help identify relevant patterns and personalise feedback. 

The basic loop is: 
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Measure → Analyse → Feedback → Adapt 

21. Human–Robot Interaction 
Neurotechnology can potentially provide robots with information about human intentions. 

This could benefit: 

 Assistive robots.  

 Collaborative robots.  

 Rehabilitation robots.  

 Smart prostheses.  

Instead of relying exclusively on physical gestures, robots could incorporate neural 

information into their interaction models. 

 

22. Cognitive Assistance 
Future Neuro-AI systems may assist with complex cognitive tasks. 

Possible areas include: 

 Information retrieval.  

 Attention support.  

 Adaptive interfaces.  

 Communication assistance.  

 Context-aware computing.  

Such applications must distinguish between assistance and unwanted cognitive intervention. 

 

23. Brain-Aware Computing 
Conventional computers adapt primarily to explicit user commands. 

Brain-aware systems may additionally consider: 

 Cognitive workload.  

 Attention.  

 Intent.  

 Engagement.  

For example, an interface could adjust complexity when it detects increased cognitive 

workload. 

 

24. Multimodal Human–Machine Interaction 
Neural signals should not necessarily be used alone. 

Future interfaces may combine: 

 

Brain + Voice + Vision + Gesture + Eye Tracking + Context 

AI can integrate these signals to improve interaction. 

This is known as multimodal interaction. 
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25. Context-Aware Neuro-AI 
Neural signals are ambiguous without context. 

For example, the same neural pattern may have different meanings depending on: 

 Task.  

 Environment.  

 User.  

 Previous actions.  

AI can therefore combine neural signals with contextual information. 

 

26. Cognitive Digital Twins 
A longer-term research direction is the development of personalised computational models 

representing aspects of an individual's cognitive or neural behaviour. 

Such systems could potentially support: 

 Personalised rehabilitation.  

 Simulation.  

 Training.  

 Neurotechnology optimisation.  

However, cognitive digital twins raise major questions regarding privacy and scientific 

validity. 

 

27. Neural Data as a New Data Category 
Neural information may reveal information about: 

 Cognitive states.  

 Intentions.  

 Responses.  

 Preferences.  

This makes neural data particularly sensitive. 

Organisations developing Neuro-AI systems should therefore establish strong data-

governance practices. 

 

28. Neural Privacy 
Neural privacy refers broadly to protecting information derived from brain activity. 

Potential risks include: 

 Unauthorised access.  

 Secondary data use.  

 Unwanted inference.  

 Commercial exploitation.  

Neural data should not automatically be treated as ordinary consumer data. 
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29. Cognitive Autonomy 
One of the most important ethical principles is cognitive autonomy. 

Individuals should retain meaningful control over: 

 What is measured.  

 What is inferred.  

 How information is used.  

 Whether systems intervene.  

Technological capability should not automatically justify technological deployment. 

 

30. Informed Consent 
Neurotechnology may involve complex technical processes. 

Users should understand: 

 What data are collected.  

 What can be inferred.  

 How long data are retained.  

 Who can access them.  

 What limitations exist.  

Consent should therefore be meaningful rather than purely procedural. 

 

31. Algorithmic Bias 
AI models may perform differently across individuals. 

Potential sources include: 

 Limited training datasets.  

 Differences in neural physiology.  

 Age.  

 Gender.  

 Neurodiversity.  

 Equipment differences.  

Developers should evaluate model performance across diverse populations. 

 

32. Cybersecurity 
Connected neural devices introduce cybersecurity risks. 

Potential threats include: 

 Data theft.  

 Device manipulation.  

 Unauthorised access.  

 Malicious commands.  

Security must therefore be incorporated into the architecture from the beginning. 
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33. Safety 
Neurotechnology can involve both computational and biological risks. 

Safety considerations may include: 

 Signal reliability.  

 Device malfunction.  

 Stimulation parameters.  

 Long-term device performance.  

 Incorrect AI decisions.  

Critical systems require rigorous testing and human oversight. 

 

34. Accessibility and Digital Inequality 
Advanced neurotechnology may initially be expensive. 

If access remains limited to wealthy individuals or specialised institutions, technological 

benefits could become unevenly distributed. 

Equitable access should therefore be incorporated into innovation strategies. 

 

35. Proposed Neuro-AI Framework 
This paper proposes a seven-layer architecture: 

 

Layer 1: Neural Sensing 

EEG, fNIRS, ECoG, or implanted interfaces. 

 

Layer 2: Signal Processing 

Filtering and artefact removal. 

 

Layer 3: AI Decoding 

Machine learning identifies neural patterns. 

 

Layer 4: Contextual Intelligence 

The system incorporates task and environmental information. 

 

Layer 5: Adaptive Decision Engine 

AI determines the appropriate response. 

 

Layer 6: Human–Machine Interface 

Commands are translated into: 

 Speech.  

 Robotic movement.  

 Visual feedback.  

 Digital actions.  
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Layer 7: Human Feedback 

User responses continuously update the system. 

 

36. Neuro-AI Feedback Loop 
The framework can be represented as: 

Sense → Process → Decode → Understand → Respond → Observe → Adapt 

This creates a continuously learning human–machine interaction system. 

 

37. Application Areas 
Application Neuro-AI Contribution 

Prosthetics Movement decoding 

Rehabilitation Adaptive therapy 

Communication Neural speech decoding 

Robotics Intention-based control 

Assistive technology Alternative interaction 

Cognitive support Adaptive interfaces 

Education Personalised interaction research 

Healthcare Neuro-monitoring 

Research Neural modelling 

 

38. Comparative Technology Assessment 
Technology Major Strength Key Limitation 

EEG Portable and relatively accessible Lower spatial resolution 

fNIRS Portable optical measurement Relatively slow haemodynamic response 

ECoG High-quality cortical signals Invasive 

Intracortical BCI High-resolution neural information Surgical complexity 

AI Complex pattern recognition Requires data and validation 

Generative AI Flexible output generation Hallucination and control concerns 

Robotics Physical action Safety and integration challenges 
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39. Neuro-AI Maturity Model 

 
Level 1 – Signal Acquisition 

Neural activity is recorded.  

 

Level 2 – Signal Classification 

AI identifies basic patterns. 

 

Level 3 – Intent Decoding 

Systems infer specific user intentions. 

 

Level 4 – Adaptive Interaction 

The interface learns from individual users. 

 

Level 5 – Multimodal Intelligence 

Neural and non-neural signals are integrated. 

 

Level 6 – Closed-Loop Neuro-AI 

Systems continuously sense, interpret, act, and adapt. 

 

40. Major Challenges 
Challenge Implication 

Neural variability Reduced model reliability 

Signal noise Incorrect decoding 

Limited datasets Poor generalisation 

Calibration User burden 

Privacy Sensitive data exposure 

Cybersecurity Device manipulation 

Bias Unequal performance 

Cost Limited accessibility 

Ethical uncertainty Governance challenges 

Long-term reliability Deployment uncertainty 

 

 

http://www.ajamri.com/


 

American Journal of Advanced Multidisciplinary 

Research and Innovation (AJAMRI) 

 
E-ISSN: XXXX-XXXX   ●   Website: www.ajamri.com   ●   Email: editor@ajamri.com 

 

  

AJAMRI Volume 6, Issue 4, July-August 2024 14 

 

41. Future Directions 
41.1 Foundation Models for Neural Data 
Large-scale models may eventually learn general representations of neural signals across 

individuals and tasks. 

 

41.2 Brain-to-Speech Systems 
AI may increasingly translate neural representations into natural communication. 

 

41.3 Adaptive Prosthetics 
Prostheses may become increasingly responsive to user intention and context. 

 

41.4 Neuro-Robotics 
Robotic systems may incorporate neural and behavioural information simultaneously. 

 

41.5 Multimodal Cognitive Interfaces 
Future systems may combine neural, visual, vocal, physiological, and environmental signals. 

 

41.6 Personalised Neuro-AI 
Models may continuously adapt to individual neural characteristics. 

 

42. Generative Neuro-AI 
Generative AI may fundamentally change the architecture of neural interfaces. 

A conventional BCI might attempt: 

 

Neural Signal → Specific Command 

A generative system could instead use: 

 

Neural Signal + Context + User Model → Probable Intended Output 

This may substantially improve communication efficiency. 

However, the possibility of AI generating unintended content creates a critical requirement 

for user verification and control. 

 

43. Human-Centred Neurotechnology 
The future of Neuro-AI should be based on five principles: 

1. Human autonomy  

2. Transparency  

3. Privacy  

4. Safety  

5. Accessibility  

Technology should enhance human capabilities without undermining individual agency. 
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44. Discussion 
The convergence of AI and neurotechnology represents a fundamental transformation in 

human–machine interaction. 

Conventional interfaces require physical or verbal commands. 

Neuro-AI introduces the possibility of interpreting neural activity as another communication 

channel. 

The technological progression can be expressed as: 

 

Physical Interaction → Multimodal Interaction → Neural Interaction → Adaptive 

Cognitive Interaction 

AI is particularly important because neural data are complex, noisy, highly individualised, 

and dynamic. 

Machine learning can identify patterns that are difficult to capture through manually designed 

rules. 

However, improved prediction accuracy alone does not guarantee successful human–machine 

interaction. 

A system can decode neural activity accurately while still being: 

 Difficult to use.  

 Intrusive.  

 Unsafe.  

 Unreliable.  

 Expensive.  

 Ethically problematic.  

Therefore, future research should evaluate Neuro-AI according to both technical performance 

and human outcomes. 

 

45. Ethical Governance Framework 
A responsible Neuro-AI ecosystem should include: 

Neural Data Governance 

↓ 

Privacy Protection 

↓ 

Algorithmic Transparency 

↓ 

Human Oversight 

↓ 

Informed Consent 

↓ 

Security 

↓ 
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Accountability 

 

This framework is particularly important as systems become capable of inferring increasingly 

sophisticated information. 

 

46. Research Agenda 
Future research should investigate: 

Technical Research 

 More robust neural decoding.  

 Cross-user generalisation.  

 Low-latency processing.  

 Multimodal AI.  

 Continual learning.  

 

Human Factors 

 Usability.  

 Cognitive workload.  

 Trust.  

 User acceptance.  

 

Ethical Research 

 Neural privacy.  

 Cognitive liberty.  

 Autonomy.  

 Responsible data governance.  

 

Socioeconomic Research 

 Accessibility.  

 Cost reduction.  

 Healthcare inequality.  

 Global availability.  

 

47. Conclusion 
Neurotechnology and artificial intelligence are converging to create a new generation of 

human–machine interaction systems. 

Neurotechnology provides access to neural information. 

AI provides the ability to interpret complex neural patterns. 

Together they can support: 

 Brain–computer interfaces.  

 Neuroprosthetics.  
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 Assistive communication.  

 Rehabilitation.  

 Human–robot interaction.  

 Cognitive assistance.  

 Adaptive computing.  

The proposed framework— 

Sense → Process → Decode → Understand → Respond → Observe → Adapt 

—illustrates the transition from static interfaces towards continuously learning human–

machine systems. 

The greatest opportunities are likely to emerge when Neuro-AI is designed around individual 

users rather than generic populations. 

At the same time, neural information introduces unprecedented questions about privacy, 

autonomy, security, consent, fairness, and cognitive freedom. 

The future of Neuro-AI should therefore not be defined solely by the ability to decode the 

brain. 

It should be defined by the ability to build trustworthy systems that expand human 

capabilities while preserving human agency, dignity, privacy, and control. 
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