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Abstract
The convergence of Artificial Intelligence (AI) and Cognitive Neuroscience has emerged as one of the most significant interdisciplinary
developments in contemporary science and technology. While AI seeks to develop computational systems capable of performing tasks
traditionally associated with human intelligence, Cognitive Neuroscience investigates the neural mechanisms underlying cognition,
perception, learning, memory, language, and decision-making. This article examines the theoretical foundations, historical evolution, and
practical applications of the relationship between AI and Cognitive Neuroscience. A review of 100 studies was undertaken to identify major
cognitive domains, technological applications, methodological approaches, and emerging research directions. Descriptive analysis showed
that Memory constituted the largest cognitive domain (20.0%), followed by Attention (16.0%), Emotion (15.0%), Executive Function (14.0%),
Perception (13.0%), Language (12.0%), and Decision-Making (10.0%). Particular attention is given to artificial neural networks, deep
learning, brain-inspired computing, neuromorphic systems, spiking neural networks, cognitive architectures, neuroimaging analysis,
neurological disease prediction, and brain–computer interfaces. The review further examines Explainable Artificial Intelligence (XAI),
neuro-symbolic AI, artificial general intelligence, personalized neurotechnology, digital brain simulations, and human–AI symbiosis. Ethical
concerns involving neuroprivacy, algorithmic bias, autonomy, cybersecurity, and governance are also evaluated. The findings indicate a
broad and increasingly interdisciplinary research landscape, with memory and attention receiving comparatively greater scholarly attention.
However, the study is limited by reliance on secondary literature, methodological heterogeneity, rapid technological development, and
limited empirical validation of emerging technologies. The study concludes that sustained interdisciplinary collaboration is essential for
developing explainable, biologically grounded, and socially responsible intelligent systems.

1. Introduction
The quest to understand intelligence has remained one of the most enduring scientific and philosophical challenges throughout human
history. Philosophers, psychologists, neuroscientists, linguists, mathematicians, and computer scientists have sought to explain how
humans perceive their environments, acquire knowledge, solve problems, make decisions, communicate through language, and adapt to
changing circumstances. These multidisciplinary investigations have culminated in the emergence of two highly influential and
increasingly interconnected fields: Artificial Intelligence (AI) and Cognitive Neuroscience. While Artificial Intelligence seeks to design
computational systems capable of performing tasks traditionally associated with human intelligence, Cognitive Neuroscience investigates
the biological and neural mechanisms responsible for cognition, perception, learning, memory, language, emotion, attention, and executive
control (Turing, 1950; McCarthy et al., 1956; Marr, 1982; Russell & Norvig, 2021; Gazzaniga et al., 2019; Kandel et al., 2021).

Artificial Intelligence has evolved from the early symbolic paradigm of rule-based reasoning to sophisticated machine learning, deep
learning, reinforcement learning, natural language processing, computer vision, and foundation models capable of solving increasingly
complex problems (Rumelhart et al., 1986; Mitchell, 1997; LeCun et al., 2015; Goodfellow et al., 2016; Brown et al., 2020). Similarly,
Cognitive Neuroscience has experienced remarkable progress through advances in structural and functional neuroimaging, computational
neuroscience, connectomics, and electrophysiological techniques that have transformed understanding of the human brain (Friston et al.,
2003; Friston, 2011; Bassett & Sporns, 2017; Gazzaniga et al., 2019; He et al., 2020). The simultaneous maturation of these disciplines has
encouraged an unprecedented convergence in which neuroscience increasingly informs AI development, while AI provides computational
methods for investigating neural systems and cognitive functions (Hassabis et al., 2017; Kriegeskorte & Douglas, 2018; Richards et al.,
2019).

The rapid advancement of neuroimaging technologies—including functional magnetic resonance imaging (fMRI), electroencephalography
(EEG), magnetoencephalography (MEG), diffusion tensor imaging (DTI), positron emission tomography (PET), and electrophysiological
source imaging—has generated massive, high-dimensional datasets describing brain structure and function (Friston, 2011; Craik et al.,
2019; He et al., 2020). Traditional statistical methods often struggle to process these complex datasets efficiently. Consequently, AI
techniques such as deep learning, convolutional neural networks, graph neural networks, reinforcement learning, and probabilistic
modelling have become indispensable for detecting patterns, classifying neurological disorders, predicting disease progression, and
interpreting neural activity (Litjens et al., 2017; Vieira et al., 2017; Arbabshirani et al., 2017; Roy et al., 2019; Miotto et al., 2018).

Conversely, discoveries from Cognitive Neuroscience have profoundly influenced AI research. Artificial neural networks were inspired by
biological neurons first described computationally by McCulloch and Pitts (1943) and further developed through Hebbian learning
principles (Hebb, 1949), the perceptron (Rosenblatt, 1958), connectionist learning (Rumelhart et al., 1986), and contemporary deep neural
architectures (LeCun et al., 2015). Reinforcement learning algorithms similarly draw inspiration from neuroscientific evidence concerning
reward prediction and dopaminergic learning mechanisms (Schultz et al., 1997; Sutton & Barto, 2018; Botvinick et al., 2019). Predictive
coding and the Free-Energy Principle have likewise contributed theoretical foundations for adaptive AI systems capable of minimizing
uncertainty through continuous prediction and learning (Friston, 2010; Clark, 2016). This reciprocal exchange has transformed AI from
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purely engineering-oriented systems into biologically inspired computational frameworks that increasingly resemble aspects of human
cognition.

The convergence between AI and Cognitive Neuroscience has also stimulated the development of brain-inspired technologies.
Neuromorphic computing seeks to emulate the computational efficiency and parallelism of biological neural systems through event-driven
architectures and spiking neural networks (Mead, 1990; Indiveri & Liu, 2015; Furber, 2016; Davies et al., 2018; Roy et al., 2019). Cognitive
architectures such as ACT-R and Soar attempt to computationally model human reasoning, memory, perception, and learning (Anderson et
al., 2004; Anderson, 2007; Laird, 2012). These innovations demonstrate that AI has evolved beyond traditional programming into an
interdisciplinary field strongly influenced by neuroscience, psychology, cognitive science, and computational modelling.

The practical implications of this convergence extend across numerous sectors. In healthcare, AI-assisted neuroimaging facilitates earlier
diagnosis of Alzheimer's disease, Parkinson's disease, epilepsy, schizophrenia, depression, autism spectrum disorders, and other
neurological conditions (Esteva et al., 2017; Litjens et al., 2017; Miotto et al., 2018; Topol, 2019). Brain–computer interfaces enable
communication and motor control for individuals with paralysis through the direct interpretation of neural signals (Wolpaw et al., 2002;
Hochberg et al., 2012; Collinger et al., 2013; Nicolas-Alonso & Gomez-Gil, 2012; Ajiboye et al., 2017). Neuroprosthetics, neurofeedback
systems, intelligent rehabilitation technologies, cognitive robotics, precision medicine, adaptive education, and human–machine
interaction continue to benefit from this interdisciplinary integration (Birbaumer et al., 1999; Chaudhary et al., 2016; Lebedev & Nicolelis,
2017; Sitaram et al., 2017).

Recent developments in explainable artificial intelligence (XAI), neuro-symbolic AI, foundation models, artificial general intelligence, and
human-centered AI further demonstrate the increasing sophistication of intelligent systems (Adadi & Berrada, 2018; Doshi-Velez & Kim,
2017; Gunning & Aha, 2019; Arrieta et al., 2020; Marcus, 2020). Explainable AI has become especially important in neuroscience and
healthcare because clinicians and researchers require transparent models whose predictions can be interpreted and validated before
deployment in clinical settings (Lipton, 2018; Lundberg & Lee, 2017; Miller, 2019; Rudin, 2019). The growing demand for trustworthy AI
reflects recognition that high predictive accuracy alone is insufficient where decisions directly affect human health and wellbeing.

Despite these remarkable advances, several fundamental challenges remain unresolved. Although AI systems have achieved impressive
performance in perception, language processing, pattern recognition, and decision support, many models continue to function as opaque
"black boxes," limiting transparency, interpretability, and scientific understanding (Adadi & Berrada, 2018; Arrieta et al., 2020). Furthermore,
despite substantial progress in computational neuroscience, the precise neural mechanisms underlying consciousness, abstract
reasoning, creativity, episodic memory, emotional intelligence, and general intelligence remain incompletely understood (Kandel et al.,
2021; Gazzaniga et al., 2019). Consequently, AI systems frequently replicate isolated cognitive functions without fully capturing the
integrated, adaptive, and context-dependent nature of biological intelligence.

Another important challenge concerns the limited integration of theoretical perspectives across AI and Cognitive Neuroscience. Many AI
studies prioritize algorithmic performance without sufficient consideration of biological plausibility, whereas numerous neuroscience
investigations describe neural mechanisms without translating these findings into computational models capable of informing AI
development (Hassabis et al., 2017; Kriegeskorte & Douglas, 2018; Richards et al., 2019). This fragmentation has slowed the development
of unified theoretical frameworks capable of explaining how biological intelligence can effectively inspire artificial systems and how AI can,
in turn, contribute to understanding cognition. Existing literature often focuses on isolated technologies—such as deep learning,
reinforcement learning, neuroimaging analysis, or brain–computer interfaces—rather than providing an integrated synthesis of their
conceptual and theoretical relationships.

The convergence of AI and Cognitive Neuroscience also introduces significant ethical, legal, and societal concerns. Brain data represent
one of the most sensitive forms of personal information, raising important questions regarding neuroprivacy, mental autonomy, informed
consent, ownership of neural information, algorithmic fairness, cybersecurity, and human rights (Bonaci et al., 2015; Bublitz & Merkel, 2014;
Ienca & Andorno, 2017; Pycroft et al., 2016; Farahany, 2023). Machine learning systems may also perpetuate algorithmic bias when trained
on unrepresentative datasets, thereby affecting healthcare decisions and neurological diagnoses (Obermeyer et al., 2019; Mehrabi et al.,
2021; Rajkomar et al., 2018). These concerns underscore the necessity of developing explainable, ethical, transparent, and socially
responsible AI systems capable of supporting rather than undermining human wellbeing.

The central problem addressed by this study is that, despite the rapid convergence of Artificial Intelligence and Cognitive Neuroscience,
there remains no sufficiently integrated theoretical synthesis explaining how computational intelligence, biological cognition, brain-inspired
computing, neuroimaging, cognitive architectures, and emerging neurotechnologies collectively contribute to understanding and replicating
intelligence. Existing studies predominantly examine these domains independently, resulting in fragmented knowledge, limited
interdisciplinary integration, inadequate theoretical coherence, and insufficient consideration of ethical and governance challenges. This
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fragmentation constrains both scientific understanding and the development of biologically grounded, explainable, trustworthy, and
human-centered AI systems.

Against this background, this article examines the theoretical foundations, historical evolution, conceptual relationships, technological
innovations, applications, ethical implications, and future directions of the convergence between Artificial Intelligence and Cognitive
Neuroscience. Drawing upon Computational Theory of Mind, Connectionism Theory, and Predictive Processing Theory, the study
synthesizes contemporary literature to demonstrate how reciprocal interactions between neuroscience and AI are reshaping scientific
understanding of intelligence, accelerating innovation in healthcare and neurotechnology, and providing a foundation for the next
generation of explainable, adaptive, and biologically inspired intelligent systems.

Figure 1 the conceptual framework proposes that the convergence of Artificial Intelligence and Cognitive Neuroscience is mediated by
brain-inspired computational technologies and expressed through applications such as neuroimaging analysis, brain–computer interfaces,
neuroprosthetics, and neurological disease prediction. The framework further proposes that cognitive domains—including perception,
attention, memory, learning, language, emotion, executive function, and decision-making—provide foundational principles for developing
intelligent computational systems. The resulting systems are expected to enhance adaptability, computational efficiency, explainability,
healthcare applications, and human–machine interaction, while ethical factors such as neuroprivacy, algorithmic bias, autonomy,
cybersecurity, and governance moderate the societal implications of this convergence.

1.1 Theoretical Framework
This study is anchored on the convergence of three complementary theoretical perspectives: Computational Theory of Mind (CTM),
Connectionism Theory, and Predictive Processing Theory. Together, these perspectives provide a multidimensional foundation for
examining the relationship between Artificial Intelligence (AI) and Cognitive Neuroscience. CTM explains cognition as information
processing and computational manipulation of representations; Connectionism emphasizes distributed representations, interconnected
neural networks, and learning through adaptation; while Predictive Processing explains cognition as a continuous process of generating,
testing, and updating predictions. Their integration is particularly relevant to contemporary developments in artificial neural networks, deep
learning, cognitive architectures, neuromorphic computing, neuroimaging, and brain–computer interfaces (Hassabis et al., 2017;
Kriegeskorte & Douglas, 2018; Richards et al., 2019).

The Computational Theory of Mind constitutes the first pillar. It proposes that cognitive activities can be understood as computational
operations involving the manipulation and transformation of internal representations. Turing's (1950) analysis of machine intelligence
provided an important foundation for computational approaches to intelligence, while Fodor (1975) substantially developed the
philosophical conception of cognition as computation. From this perspective, reasoning, language comprehension, planning, problem-
solving, and decision-making can be represented as information-processing activities. This approach strongly influenced classical AI,
particularly through symbolic reasoning, search procedures, knowledge representation, and information-processing models. McCarthy et
al. (1956) established foundational ideas for AI, while Newell and Simon (1976) demonstrated how problem-solving could be represented
computationally. Cognitive architectures such as ACT-R and Soar subsequently illustrated how memory, perception, learning, reasoning,
and decision-making could be formalized computationally (Anderson et al., 2004; Anderson, 2007; Laird, 2012). CTM also supports
computational cognitive neuroscience by enabling researchers to describe neural functions in terms of information processing and
computational mechanisms (Kriegeskorte & Douglas, 2018). Nevertheless, its emphasis on symbolic computation may understate the
embodied, adaptive, parallel, and context-dependent characteristics of biological cognition, creating a rationale for incorporating
connectionist and predictive perspectives (Clark, 2016; Lake et al., 2017).

Connectionism Theory provides the second pillar by conceptualizing cognition as emerging from interconnected processing units. Its
foundations can be traced to McCulloch and Pitts (1943), whose mathematical model of artificial neurons demonstrated how neural
activity could be represented computationally, and Hebb (1949), who emphasized learning through modifications in neural connections.
Rosenblatt's (1958) perceptron further demonstrated the computational potential of artificial neural networks. Connectionism was
subsequently advanced by Rumelhart and McClelland (1986) and Rumelhart et al. (1986), who demonstrated how distributed networks
could learn patterns through adjustments in connection weights. This tradition forms the foundation of modern machine learning and deep
learning, where multilayer networks learn increasingly complex representations from data (LeCun et al., 2015; Goodfellow et al., 2016).
Recurrent networks, convolutional architectures, and transformers have further expanded computational capabilities in sequential, visual,
and language processing (Hochreiter & Schmidhuber, 1997; Cho et al., 2014; Vaswani et al., 2017).

Connectionism is especially relevant to Cognitive Neuroscience because contemporary neuroscience views cognition as emerging from
interactions among distributed neural systems rather than isolated brain regions (Kandel et al., 2021). Network neuroscience similarly
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emphasizes structural and functional connectivity as fundamental to understanding cognition (Bassett & Sporns, 2017). Research on
synaptic plasticity and spike-timing-dependent plasticity has also informed computational models of biological learning (Bi & Poo, 1998;
Caporale & Dan, 2008). Spiking neural networks and neuromorphic computing extend these principles by incorporating temporal neural
dynamics into artificial systems (Maass, 1997; Gerstner et al., 2014; Mead, 1990; Indiveri & Liu, 2015; Furber, 2016).

The third pillar, Predictive Processing Theory, conceptualizes the brain as a predictive system that continuously generates hypotheses
about sensory inputs and modifies them when predictions differ from observed information. Friston (2010) formalized this perspective
through the Free-Energy Principle, while Clark (2016) emphasized the interaction between top-down predictions and bottom-up sensory
evidence. Perception, attention, learning, action, and decision-making can therefore be interpreted as processes through which organisms
reduce uncertainty and maintain adaptive internal models. This perspective has important implications for AI because prediction, error
minimization, feedback, and generative modelling are central to many contemporary intelligent systems (Sutton & Barto, 2018; Botvinick et
al., 2019). Neuroscientific evidence linking dopaminergic activity to reward prediction errors further supports computational explanations
of learning and decision-making (Schultz et al., 1997). Dynamic causal modelling and functional connectivity approaches demonstrate how
computational models can be integrated with empirical neuroscience to investigate interactions among neural systems (Friston et al.,
2003; Friston, 2011).

1.2 Integration of the Three Theories
The three perspectives are complementary. CTM explains cognition at the computational level, Connectionism explains how learning and
representations emerge through interconnected networks, and Predictive Processing explains how intelligent systems continuously update
internal models through prediction and error correction. Their integration therefore offers a stronger explanation of AI–Cognitive
Neuroscience convergence than any individual theory. Neuroscience can inspire AI by revealing biological principles of intelligence, while
AI provides computational models for testing hypotheses about neural and cognitive processes (Hassabis et al., 2017; Richards et al.,
2019; Yamins & DiCarlo, 2016).

This integrated framework is relevant to brain–computer interfaces (BCIs), neuroprosthetics, and AI-assisted neuroimaging. BCIs translate
neural activity into commands that control external devices, establishing a direct technological relationship between biological cognition
and artificial systems (Wolpaw et al., 2002; Nicolas-Alonso & Gomez-Gil, 2012; Lebedev & Nicolelis, 2017). Demonstrations involving
neurally controlled robotic arms and brain-controlled stimulation illustrate the capacity of computational systems to decode neural
representations and convert them into functional actions (Hochberg et al., 2012; Collinger et al., 2013; Ajiboye et al., 2017). Similarly,
machine learning and deep learning can identify complex patterns in neuroimaging and electrophysiological data, supporting neurological
disease prediction and cognitive-neural analysis (Arbabshirani et al., 2017; Vieira et al., 2017; Craik et al., 2019; Roy et al., 2019).

The framework also incorporates explainable and responsible AI. The increasing use of AI in high-stakes contexts makes transparency and
interpretability essential (Adadi & Berrada, 2018; Arrieta et al., 2020). Techniques such as LIME and SHAP seek to clarify model predictions,
although questions remain concerning the reliability and adequacy of post-hoc explanations (Ribeiro et al., 2016; Lundberg & Lee, 2017).
Rudin (2019) argues that inherently interpretable models may be preferable where decisions have significant consequences. In
neurotechnology, ethical issues surrounding neural data, privacy, autonomy, mental integrity, and cybersecurity are equally important (Ienca
& Andorno, 2017; Yuste et al., 2017; Goering et al., 2021).

2. Conceptual Foundations
Artificial Intelligence and Cognitive Neuroscience share the fundamental objective of understanding intelligence, learning, cognition, and
adaptive behaviour. AI refers to computational systems designed to perform tasks associated with human intelligence, including
reasoning, perception, language processing, learning, problem-solving, and decision-making (McCarthy et al., 1956; Russell & Norvig, 2021;
Goodfellow et al., 2016). Its contemporary domains include machine learning, deep learning, reinforcement learning, natural language
processing, robotics, and computer vision (LeCun et al., 2015; Sutton & Barto, 2018; Brown et al., 2020). Its intellectual foundations extend
across mathematics, computer science, cybernetics, cognitive psychology, and neuroscience (Turing, 1950; Minsky, 1986; Nilsson, 2010).

Cognitive Neuroscience, by contrast, investigates how biological and neural processes generate cognition, including perception, memory,
attention, language, emotion, and consciousness (Gazzaniga et al., 2019; Kandel et al., 2021). It integrates behavioural research with
neuroimaging, electrophysiology, computational modelling, and network analysis to explain the neural basis of mental functions (Friston,
2010; Bassett & Sporns, 2017). The convergence of AI and Cognitive Neuroscience has consequently encouraged the development of
artificial neural networks, deep learning systems, computational cognitive models, and neuromorphic architectures inspired by biological
intelligence (McCulloch & Pitts, 1943; Rosenblatt, 1958; Hassabis et al., 2017). Overall, the two fields increasingly operate as mutually
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reinforcing disciplines: neuroscience provides biological insights that inform intelligent technologies, while AI provides computational tools
for modelling, analysing, and understanding the brain and cognition (Kriegeskorte & Douglas, 2018; Richards et al., 2019; Lake et al., 2017).

2.1 Artificial Intelligence
Artificial Intelligence (AI) refers to the interdisciplinary field concerned with the design and development of computational systems capable
of performing tasks associated with human intelligence, including learning, reasoning, perception, problem-solving, language processing,
planning, decision-making, and adaptation. The intellectual foundations of AI can be traced to early investigations into machine
intelligence, particularly Turing's (1950) proposition that machines could demonstrate intelligent behaviour, followed by the formal
establishment of AI as a research field at the Dartmouth conference (McCarthy et al., 1956). Subsequent contributions from Newell and
Simon (1976), Minsky (1967), and Rosenblatt (1958) established important foundations for symbolic reasoning, problem-solving,
knowledge representation, and neural computation. AI has subsequently evolved from rule-based and symbolic approaches toward
statistical, connectionist, and data-driven approaches capable of learning complex representations from large datasets. Ukpong (2026)
conceptualizes Artificial Intelligence as “an interdisciplinary technological process through which computational systems are developed to
model, reproduce, or augment cognitive processes traditionally associated with the human brain.

The development of machine learning represents a major transformation in AI. Machine Learning (ML) enables computational systems to
identify patterns in data and improve their performance through experience rather than relying entirely on explicitly programmed rules
(Mitchell, 1997). Major approaches include supervised learning, unsupervised learning, semi-supervised learning, and reinforcement
learning. Reinforcement Learning (RL), in particular, models learning as an interaction between an agent and its environment in which
actions are selected to maximize cumulative rewards (Sutton & Barto, 2018). The success of reinforcement learning in complex decision-
making environments, including game playing, robotics, and autonomous systems, has also generated substantial interest in its
relationship with biological reward learning and decision-making mechanisms (Schultz et al., 1997; Botvinick et al., 2019).

Deep Learning (DL) has further accelerated the development of AI. Deep learning uses multilayer artificial neural networks to learn
hierarchical representations from complex datasets (LeCun et al., 2015; Goodfellow et al., 2016). The conceptual roots of artificial neural
computation extend to McCulloch and Pitts (1943), Hebb (1949), and Rosenblatt (1958), whose work established important theoretical
foundations for computational models of neurons, synaptic learning, and pattern recognition. Modern deep neural networks have achieved
remarkable performance in image recognition, speech processing, natural language processing, medical diagnosis, and scientific
computing (Esteva et al., 2017; Miotto et al., 2018; Litjens et al., 2017). Deep learning has consequently become an important
computational methodology within Cognitive Neuroscience because it provides models through which researchers can investigate how
hierarchical representations may emerge in biological sensory systems (Yamins & DiCarlo, 2016; Richards et al., 2019).

Natural Language Processing (NLP) constitutes another major area of AI concerned with enabling computers to process, interpret,
generate, and communicate using human language. The development of recurrent neural networks, long short-term memory architectures,
attention mechanisms, and transformer models has significantly expanded machine language capabilities (Hochreiter & Schmidhuber,
1997; Cho et al., 2014; Vaswani et al., 2017). Large language models have subsequently demonstrated increasingly sophisticated
capabilities in language generation, translation, reasoning, summarization, and conversational interaction (Brown et al., 2020). These
developments are particularly relevant to Cognitive Neuroscience because language is a central component of human cognition, and
computational models provide opportunities for examining representations and processes associated with linguistic comprehension and
production.

Computer Vision similarly seeks to enable machines to interpret visual information. Contemporary computer vision systems use deep
neural networks to identify objects, classify images, detect patterns, and analyse complex visual environments (Szeliski, 2022). This field
has substantial relevance to neuroscience because the visual system has historically provided an important biological model for
computational theories of perception. Research demonstrating that goal-driven deep learning models can predict neural responses in
visual cortex illustrates how AI models can function as computational hypotheses about biological vision (Yamins et al., 2014; Yamins &
DiCarlo, 2016). Event-based vision and neuromorphic vision systems further extend this relationship by drawing directly on the temporal
and event-driven properties of biological sensory processing (Gallego et al., 2022).

AI also encompasses robotics, expert systems, cognitive architectures, and autonomous intelligent systems. Robotics integrates
computational intelligence with sensing, mechanical systems, control, and physical interaction, allowing machines to perceive
environments and perform increasingly complex tasks. Expert systems, historically among the earliest practical AI applications, use
knowledge bases and inference mechanisms to reproduce aspects of expert decision-making (Giarratano & Riley, 2005). Cognitive
architectures such as ACT-R and Soar provide computational frameworks for modelling human cognition, including memory, perception,
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learning, problem-solving, and decision-making (Anderson et al., 2004; Anderson, 2007; Laird, 2012). Such architectures demonstrate the
reciprocal relationship between AI and Cognitive Neuroscience: neuroscience provides biological constraints and hypotheses, while
computational models provide formal mechanisms for testing theories of cognition (Kriegeskorte & Douglas, 2018; Lake et al., 2017).

The convergence between AI and Cognitive Neuroscience has also encouraged the development of brain-inspired computing and
neuromorphic intelligence. Neuromorphic systems attempt to reproduce important computational principles of biological nervous
systems, including distributed processing, event-driven computation, synaptic plasticity, and spiking neural activity (Mead, 1990; Indiveri &
Liu, 2015; Furber, 2016). Spiking neural networks provide a particularly important connection because they represent information through
discrete neuronal events and incorporate principles of spike-timing-dependent plasticity (Maass, 1997; Bi & Poo, 1998; Roy et al., 2019).
These approaches demonstrate that neuroscience is not merely an application domain for AI but also a source of architectural and
computational inspiration.

AI has increasingly been applied directly to neuroscience and healthcare. Machine learning techniques can analyse neuroimaging,
electroencephalography, and other high-dimensional neurological datasets to identify patterns associated with neurological and
psychiatric conditions (Arbabshirani et al., 2017; Vieira et al., 2017; Craik et al., 2019). AI-assisted healthcare has also demonstrated
potential in medical image analysis, disease prediction, clinical decision support, and personalized medicine (Esteva et al., 2019; Topol,
2019). Brain–computer interfaces (BCIs) represent another major convergence area, where neural signals are decoded by computational
algorithms to facilitate communication, rehabilitation, and control of external devices (Wolpaw et al., 2002; Nicolas-Alonso & Gomez-Gil,
2012; Lebedev & Nicolelis, 2017). Demonstrations of neurally controlled robotic limbs and brain-controlled muscle stimulation illustrate the
practical potential of this integration (Hochberg et al., 2012; Collinger et al., 2013; Ajiboye et al., 2017).

Nevertheless, the expansion of AI raises important questions concerning transparency, interpretability, fairness, accountability, privacy, and
human autonomy. Many contemporary AI systems operate as complex models whose internal decision processes may be difficult to
understand, generating concerns about the "black-box" nature of machine learning (Adadi & Berrada, 2018; Arrieta et al., 2020; Lipton,
2018). Explainable Artificial Intelligence (XAI) therefore seeks to improve the interpretability and transparency of AI-generated decisions
(Doshi-Velez & Kim, 2017; Lundberg & Lee, 2017; Ribeiro et al., 2016). These concerns become even more significant when AI is integrated
with neurotechnology because brain-derived information can involve highly sensitive dimensions of personal identity, cognition, and
autonomy (Ienca & Andorno, 2017; Yuste et al., 2017; Farahany, 2023). Algorithmic bias also presents a significant challenge, particularly
when AI systems are deployed in healthcare and other high-stakes contexts (Mehrabi et al., 2021; Obermeyer et al., 2019).

2.2 Cognitive Neuroscience
Cognitive Neuroscience is an interdisciplinary scientific field dedicated to understanding how cognitive functions emerge from the
structure, organization, and activity of the brain. The discipline integrates theories, concepts, and methodologies from neuroscience,
psychology, biology, linguistics, philosophy, computer science, artificial intelligence, and computational modeling to investigate the neural
foundations of human cognition and behavior (Gazzaniga et al., 2019; Kandel et al., 2021; Ward, 2020). Emerging from the cognitive
revolution of the twentieth century and advances in neurobiological research, Cognitive Neuroscience seeks to bridge the gap between
mind and brain by explaining how neural processes give rise to perception, attention, memory, language, emotion, consciousness, and
decision-making (Posner & Raichle, 1994; Bear et al., 2020; Miller & Cummings, 2017). The development of sophisticated neuroimaging
technologies, including functional magnetic resonance imaging (fMRI), positron emission tomography (PET), electroencephalography
(EEG), magnetoencephalography (MEG), and diffusion tensor imaging (DTI), has significantly enhanced researchers’ ability to observe
neural activity associated with cognitive functions in both healthy and clinical populations (Friston, 2011; He et al., 2020; Dehaene et al.,
2017).

Cognitive Neuroscience investigates how distributed neural networks support cognition. Research on attention has demonstrated that
selective information processing depends upon interactions among the prefrontal cortex, posterior parietal cortex, thalamus, and anterior
cingulate cortex, forming large-scale attentional control networks responsible for orienting, sustaining, and shifting attention (Posner &
Petersen, 1990; Corbetta & Shulman, 2002; Petersen & Posner, 2012; Menon, 2011). Similarly, studies of perception reveal that sensory
processing involves hierarchical and parallel neural mechanisms distributed across cortical and subcortical structures, enabling the brain
to transform sensory inputs into meaningful representations of the external environment (Marr, 1982; Purves et al., 2018; Friston, 2010).
Investigations into visual cognition have shown that object recognition emerges through increasingly complex feature processing across
the ventral visual pathway, while auditory perception relies on specialized temporal lobe networks responsible for speech and sound
processing (Hubel & Wiesel, 1962; Dehaene et al., 2017).

Memory remains one of the most extensively studied domains within Cognitive Neuroscience. Evidence indicates that the hippocampus,
medial temporal lobe structures, prefrontal cortex, and distributed cortical networks are essential for encoding, consolidation, storage, and
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retrieval of information (Squire & Wixted, 2011; Eichenbaum, 2017; Baddeley et al., 2021). Distinct memory systems, including episodic,
semantic, procedural, and working memory, are supported by partially overlapping neural circuits that interact dynamically during learning
and recall processes (Tulving, 2002; Cowan, 2017). Contemporary research further demonstrates that memory is highly plastic, with neural
connectivity patterns continuously adapting in response to experience and environmental demands (Kandel et al., 2021).

Language processing constitutes another major focus of Cognitive Neuroscience. While early neurological studies emphasized localized
language centers such as Broca’s and Wernicke’s areas, contemporary findings reveal that language comprehension and production
depend on extensive distributed networks involving frontal, temporal, parietal, and subcortical regions (Friederici, 2017; Hagoort, 2019;
Hickok & Poeppel, 2007). These discoveries have significantly advanced understanding of language disorders including aphasia, dyslexia,
and developmental language impairments. Likewise, investigations into emotion demonstrate that affective experiences arise from
interactions among the amygdala, hippocampus, hypothalamus, insula, anterior cingulate cortex, and prefrontal regions (LeDoux, 2012;
Pessoa, 2017; Barrett, 2017). Rather than functioning independently, emotional and cognitive systems interact continuously to influence
perception, memory, learning, social behavior, and decision-making.

Executive functions and decision-making have also received extensive attention within the field. Executive control processes—including
planning, cognitive flexibility, inhibitory control, reasoning, and goal-directed behavior—are largely mediated by the prefrontal cortex and its
interactions with distributed cortical and subcortical networks (Miller & Cohen, 2001; Diamond, 2013; Koechlin, 2016). Decision-making
research, particularly within neuroeconomics, has revealed that choices emerge through complex interactions among reward-processing
systems, emotional circuits, and executive control networks involving the orbitofrontal cortex, ventromedial prefrontal cortex, striatum, and
amygdala (Rangel et al., 2008; Glimcher & Fehr, 2014; Kahneman, 2011). These findings have contributed substantially to understanding
human judgment, risk assessment, social behavior, and behavioral disorders.

Recent advances have increasingly integrated Cognitive Neuroscience with computational science, artificial intelligence, machine learning,
and network neuroscience. Computational models enable researchers to simulate cognitive processes and test theoretical explanations of
brain function, while machine learning algorithms facilitate the analysis of complex neuroimaging and electrophysiological datasets
(Hassabis et al., 2017; Bassett & Sporns, 2017; Kriegeskorte & Douglas, 2018; Richards et al., 2019). Large-scale initiatives in connectomics
and brain mapping have further revealed that cognition emerges from dynamic interactions among distributed neural networks rather than
isolated brain regions (Sporns, 2013; Bassett & Sporns, 2017). Consequently, Cognitive Neuroscience has become central to contemporary
efforts to understand biological intelligence, consciousness, and adaptive behavior. Its discoveries continue to provide essential theoretical
foundations for brain-inspired artificial intelligence, neurotechnology, personalized medicine, and the broader scientific quest to understand
how the human mind emerges from neural activity.

3. Theoretical Relationship Between Artificial Intelligence and Cognitive Neuroscience
The relationship between Artificial Intelligence (AI) and Cognitive Neuroscience is fundamentally reciprocal, interdisciplinary, and
synergistic, representing one of the most productive intellectual partnerships in contemporary science. Both disciplines seek to understand
the nature of intelligence, learning, perception, memory, reasoning, decision-making, and adaptive behavior, albeit from different
perspectives. Cognitive Neuroscience investigates how neural structures and biological processes generate cognition and behavior,
whereas Artificial Intelligence seeks to design computational systems capable of reproducing or simulating these cognitive functions
(Hassabis et al., 2017; Gazzaniga et al., 2019; Kandel et al., 2021). This shared objective has fostered continuous exchanges of theories,
methods, and technologies, creating a dynamic feedback loop in which advances in one field frequently stimulate innovations in the other
(Kriegeskorte & Douglas, 2018; Richards et al., 2019).

Historically, neuroscience has served as a major source of inspiration for AI development. Early computational models such as the artificial
neuron proposed by McCulloch and Pitts (1943) were explicitly modeled on biological neural systems, while Rosenblatt’s (1958) perceptron
provided one of the first attempts to emulate neural learning processes computationally. Subsequent developments in connectionism and
neural network research further strengthened this relationship by incorporating concepts derived from synaptic plasticity, distributed
representation, and adaptive learning (Rumelhart et al., 1986; McClelland et al., 1986). Contemporary deep learning architectures continue
to draw inspiration from neuroscientific observations concerning hierarchical information processing, sensory integration, and pattern
recognition (LeCun et al., 2015; Goodfellow et al., 2016). Research on the visual cortex by Hubel and Wiesel (1962), for example,
significantly influenced the development of Convolutional Neural Networks (CNNs), which process information through hierarchical layers
analogous to biological visual pathways (Yamins & DiCarlo, 2016).

Neuroscientific theories have also contributed to advances in reinforcement learning, attention mechanisms, predictive coding, and
memory-based computation. Studies of dopaminergic reward systems and reinforcement signaling in the brain inspired computational
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reinforcement learning frameworks that enable artificial agents to optimize behavior through reward feedback (Schultz et al., 1997; Sutton
& Barto, 2018). Similarly, predictive processing theories suggest that the brain continuously generates hypotheses about incoming sensory
information and updates internal models based on prediction errors, a principle that has influenced generative AI systems, self-supervised
learning approaches, and adaptive machine-learning architectures (Friston, 2010; Clark, 2016). Research on selective attention, working
memory, and executive control has further informed transformer-based architectures and attention mechanisms that underpin modern
large language models and advanced decision-support systems (Vaswani et al., 2017; Brown et al., 2020). Cognitive theories concerning
memory consolidation, pattern completion, and associative learning have likewise inspired memory-augmented neural networks and neuro-
symbolic approaches that seek to integrate learning and reasoning (Lake et al., 2017; Marcus, 2020).

Conversely, AI has become an indispensable tool for advancing Cognitive Neuroscience. Modern neuroscience generates enormous
volumes of data through neuroimaging technologies such as electroencephalography (EEG), functional magnetic resonance imaging
(fMRI), magnetoencephalography (MEG), positron emission tomography (PET), and diffusion tensor imaging (DTI), creating analytical
challenges that exceed the capabilities of many traditional statistical techniques (Friston et al., 2008; Bassett & Sporns, 2017). Machine
learning and deep learning algorithms have transformed the analysis of these datasets by identifying hidden neural patterns, classifying
brain states, predicting cognitive outcomes, and uncovering biomarkers associated with neurological and psychiatric disorders
(Arbabshirani et al., 2017; Vieira et al., 2017; Roy et al., 2019). Deep neural networks have demonstrated remarkable success in detecting
subtle abnormalities linked to Alzheimer's disease, Parkinson’s disease, epilepsy, schizophrenia, and autism spectrum disorder, thereby
improving diagnostic accuracy and facilitating early intervention strategies (Esteva et al., 2019; Topol, 2019).

AI has also revolutionized neural signal decoding and Brain–Computer Interface (BCI) research. Machine learning systems can decode
neural activity patterns and translate them into actionable commands, enabling individuals with severe motor impairments to control
prosthetic limbs, communication devices, and assistive technologies directly through brain signals (Wolpaw et al., 2002; Wolpaw &
Wolpaw, 2012; Chaudhary et al., 2016). Furthermore, AI-driven cognitive modeling provides powerful computational frameworks for testing
theories of perception, memory, attention, language, and decision-making. Cognitive architectures such as ACT-R, SOAR, and CLARION
offer computational representations of mental processes that allow researchers to simulate and evaluate competing explanations of
cognition and behavior (Anderson, 2007; Laird, 2012; Sun, 2008). These models contribute significantly to understanding how neural
systems generate intelligent behavior and adaptive responses.

Theoretical integration between AI and Cognitive Neuroscience has given rise to the emerging field of Cognitive Computational
Neuroscience, which seeks to unify computational modeling, machine learning, and neuroscience to explain intelligence across biological
and artificial systems (Kriegeskorte & Douglas, 2018; Richards et al., 2019). This framework views the brain as an information-processing
system whose computational principles can inform AI design, while AI serves as an experimental platform for testing neuroscientific
theories. As a result, both disciplines increasingly function as complementary scientific enterprises that jointly advance understanding of
intelligence, cognition, learning, and adaptive behavior. Their continued convergence is expected to accelerate breakthroughs in
neurotechnology, precision medicine, explainable AI, brain-inspired computing, artificial general intelligence, and human–machine
collaboration, thereby reshaping the future of science, healthcare, education, and intelligent systems development.

4. Neural Networks and Biological Intelligence
Artificial Neural Networks (ANNs) represent one of the most significant conceptual and technological bridges between Artificial
Intelligence (AI) and Cognitive Neuroscience. The development of neural networks was inspired by efforts to understand how biological
nervous systems process information, learn from experience, and generate intelligent behavior. Since the pioneering work of McCulloch
and Pitts (1943), researchers have sought to replicate fundamental principles of neuronal computation through mathematical and
computational models. Consequently, neural networks have become central to both modern AI research and computational neuroscience,
serving as tools for modeling cognitive processes and developing intelligent systems capable of learning and adaptation (Rumelhart et al.,
1986; LeCun et al., 2015; Hassabis et al., 2017).

The biological brain consists of approximately 86 billion neurons interconnected through trillions of synapses that collectively facilitate
perception, memory, reasoning, learning, and decision-making (Kandel et al., 2021). A biological neuron receives electrochemical signals
through dendrites, integrates incoming information within the soma or cell body, and transmits outputs through axons to other neurons.
Artificial neurons emulate this process in a simplified computational form. They receive weighted inputs, perform mathematical
transformations through activation functions, and generate outputs that are transmitted to subsequent layers of the network (Goodfellow
et al., 2016). Although artificial neurons are vastly less complex than their biological counterparts, they capture essential computational
principles such as distributed processing, adaptive learning, and hierarchical representation.
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One of the most transformative developments in AI has been the emergence of Deep Neural Networks (DNNs). Deep learning architectures
consist of multiple hidden layers that progressively transform raw input data into increasingly abstract and meaningful representations
(LeCun et al., 2015). This hierarchical processing resembles the organization of sensory systems in the brain, particularly the visual cortex,
where information is processed through successive cortical layers that extract progressively complex features from sensory inputs (Hubel
& Wiesel, 1962; Yamins & DiCarlo, 2016). Deep learning systems have achieved remarkable success across diverse domains, including
speech recognition, image classification, natural language processing, autonomous driving, drug discovery, and medical diagnosis
(Goodfellow et al., 2016; Topol, 2019). Notable examples include deep learning models capable of detecting cancers from medical images,
recognizing speech with near-human accuracy, and generating sophisticated language outputs through large-scale transformer
architectures (Esteva et al., 2017; Brown et al., 2020).

A particularly influential class of deep learning architectures is the Convolutional Neural Network (CNN). CNNs were inspired by
neuroscientific discoveries regarding the hierarchical organization of the visual cortex and the receptive fields identified in visual neurons
(Hubel & Wiesel, 1962). These networks utilize convolutional layers that automatically learn spatial features from images, enabling efficient
visual recognition and classification. By processing visual information through multiple layers of feature extraction, CNNs can identify
edges, textures, shapes, and objects in a manner that resembles aspects of biological visual processing (Krizhevsky et al., 2012; LeCun et
al., 2015). Consequently, CNNs have become the dominant architecture for computer vision applications, including facial recognition,
medical imaging, surveillance systems, autonomous vehicles, and remote sensing technologies (Szeliski, 2022).

Another important neural architecture is the Recurrent Neural Network (RNN), which is specifically designed to process sequential and
temporal information. Unlike feedforward networks, RNNs possess recurrent connections that allow information to persist over time,
providing a computational analogue to memory processes observed in biological systems (Elman, 1990). This capability makes RNNs
particularly suitable for language processing, speech recognition, time-series forecasting, and cognitive modeling. Variants such as Long
Short-Term Memory (LSTM) networks and Gated Recurrent Units (GRUs) have addressed limitations associated with traditional RNNs by
improving long-term information retention and sequence learning (Hochreiter & Schmidhuber, 1997; Cho et al., 2014). These architectures
have contributed significantly to advancements in machine translation, conversational AI, and language generation systems.

Beyond their practical applications, neural networks have become valuable tools for understanding biological intelligence. Computational
neuroscientists increasingly employ neural network models to investigate perception, attention, memory, learning, and decision-making
processes (Kriegeskorte & Douglas, 2018). Studies have demonstrated that representations learned by deep neural networks often
resemble neural representations observed in the visual and auditory cortices, suggesting meaningful parallels between artificial and
biological information processing systems (Yamins et al., 2014; Richards et al., 2019). Such findings have strengthened the theoretical
connection between AI and Cognitive Neuroscience and contributed to the emergence of Cognitive Computational Neuroscience as an
interdisciplinary field.

Despite these similarities, significant differences remain between artificial neural networks and biological neural systems. Biological
neurons communicate through complex electrochemical processes involving neurotransmitters, neuromodulators, synaptic plasticity, and
dynamic network reorganization, whereas artificial neurons operate through simplified mathematical computations (Kandel et al., 2021).
The human brain also exhibits remarkable energy efficiency, adaptive plasticity, robustness, and generalization capabilities that current AI
systems have yet to fully replicate (Lake et al., 2017; Hassabis et al., 2017). Furthermore, biological intelligence is influenced by emotional,
social, developmental, and embodied factors that are often absent in artificial systems.

Nevertheless, ongoing advances in neuromorphic computing, spiking neural networks, biologically plausible learning algorithms, and brain-
inspired architectures continue to narrow the gap between artificial and biological intelligence (Indiveri & Liu, 2015; Maass, 1997). As
research progresses, neural networks are expected to play an increasingly important role in both understanding the mechanisms of human
cognition and developing next-generation intelligent systems capable of more human-like learning, reasoning, and adaptation.

5. Brain-Inspired Artificial Intelligence
Brain-inspired Artificial Intelligence (AI) represents one of the most promising frontiers in contemporary computational science, emerging
from the growing convergence between Artificial Intelligence and Cognitive Neuroscience. Unlike conventional AI systems that prioritize
computational performance and predictive accuracy, brain-inspired AI seeks to emulate the structural, functional, and adaptive
characteristics of biological neural systems. The fundamental objective is to develop intelligent systems that learn, reason, perceive, and
adapt in ways that more closely resemble the human brain (Hassabis et al., 2017; Richards et al., 2019). This approach is motivated by the
remarkable capabilities of biological intelligence, including energy efficiency, lifelong learning, robustness, adaptability, and the ability to
operate effectively in uncertain and dynamic environments (Lake et al., 2017).
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The human brain remains the most sophisticated information-processing system known, containing approximately 86 billion neurons
interconnected through trillions of synapses that continuously process sensory inputs, generate predictions, store memories, and guide
behavior (Kandel et al., 2021). Despite significant advances in deep learning and machine learning, contemporary AI systems remain
considerably less efficient and adaptable than biological intelligence. Consequently, researchers increasingly look to neuroscience for
inspiration in designing next-generation computational architectures capable of overcoming current limitations in scalability, explainability,
generalization, and energy consumption (Indiveri & Liu, 2015; Hassabis et al., 2017).

Brain-inspired AI encompasses several emerging technologies, among which Neuromorphic Computing and Spiking Neural Networks
(SNNs) are particularly significant. These technologies attempt to replicate fundamental principles of neural computation while leveraging
advances in hardware engineering and computational neuroscience.

5.1 Neuromorphic Computing
Neuromorphic computing represents a major research direction at the intersection of artificial intelligence, cognitive neuroscience,
computer engineering, and computational neuroscience. It refers to the design of computational systems that reproduce selected
structural and functional principles of biological nervous systems, particularly neuronal communication, synaptic plasticity, distributed
processing, and event-based information transmission (Mead, 1990; Mahowald & Douglas, 1991; Indiveri & Liu, 2015). The foundational
concept is strongly associated with Carver Mead, whose work on neuromorphic engineering proposed electronic circuits that emulate
biological neural processes rather than simply executing conventional mathematical algorithms (Mead, 1990). Subsequent research has
expanded this concept into specialized hardware, algorithms, sensors, and software architectures designed to achieve brain-inspired
computation (Liu et al., 2015; Furber, 2016; Schuman et al., 2017).

Unlike conventional von Neumann architectures, where processing and memory are physically separated, neuromorphic systems seek to
integrate memory and computation closer together or within the same computational substrate (von Neumann, 1945; Indiveri & Liu, 2015;
Davies et al., 2018). This architectural principle addresses the so-called memory or von Neumann bottleneck, in which repeated movement
of data between memory and processing units contributes substantially to latency and energy consumption (Horowitz, 2014; Merolla et al.,
2014). Neuromorphic architectures instead employ distributed processing and communication mechanisms inspired by biological neural
networks (Furber, 2016; Thakur et al., 2018; Schuman et al., 2022).

One defining characteristic is event-driven computation. In biological nervous systems, neurons do not continuously transmit information;
rather, they communicate through discrete electrical events or spikes when particular activation thresholds are reached (Gerstner et al.,
2012; Izhikevich, 2003). Spiking neural networks (SNNs) adopt this principle by representing information through the timing, frequency, or
patterns of discrete spikes (Maass, 1997; Ponulak & Kasinski, 2011; Tavanaei et al., 2019). Because computation can occur primarily when
meaningful events are detected, neuromorphic systems can reduce unnecessary operations and potentially improve energy efficiency for
suitable workloads (Davies et al., 2018; Roy et al., 2019; Krestinskaya et al., 2020).

A second important characteristic is massive parallelism. Biological brains contain enormous populations of neurons that operate
concurrently, allowing sensory processing, memory, learning, and motor responses to occur simultaneously (Kandel et al., 2021; Hawkins &
Blakeslee, 2004). Neuromorphic architectures attempt to reproduce aspects of this distributed processing by employing large numbers of
artificial neurons and synapses operating in parallel (Furber, 2016; Thakur et al., 2018). This parallel structure can support low-latency
processing, particularly for temporal and sensory information (Indiveri et al., 2011; Davies et al., 2018).

Synaptic plasticity and adaptive learning constitute another important feature. Biological learning depends substantially on changes in
synaptic strength resulting from experience and neural activity (Hebb, 1949; Bi & Poo, 1998). Neuromorphic systems consequently
incorporate learning mechanisms such as spike-timing-dependent plasticity (STDP), in which synaptic modification depends on the
temporal relationship between pre- and postsynaptic spikes (Song et al., 2000; Caporale & Dan, 2008). Such mechanisms enable
neuromorphic devices to adapt to changing inputs and environmental conditions without necessarily relying on conventional centralized
training procedures (Indiveri et al., 2011; Neftci et al., 2019).

Several important neuromorphic platforms demonstrate the practical development of these principles. IBM's TrueNorth incorporated
approximately one million programmable neurons and 256 million synapses, demonstrating extremely low-power neural computation for
selected workloads (Merolla et al., 2014). Intel's Loihi introduced programmable neuromorphic hardware supporting on-chip learning and
SNN-based computation (Davies et al., 2018), while subsequent Loihi developments have strengthened the scalability and programmability
of neuromorphic systems (Davies et al., 2021). The SpiNNaker platform developed at the University of Manchester provides a massively
parallel architecture capable of simulating large-scale spiking neural networks in real time (Furber et al., 2014; Furber, 2016). Similarly,
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BrainScaleS employs accelerated analog neuromorphic technology for large-scale neural-network experimentation and biological
modelling (Schemmel et al., 2010; Schemmel et al., 2017).

Neuromorphic computing also extends beyond dedicated processors to include memristive devices, analog circuits, in-memory computing,
and emerging semiconductor technologies (Indiveri et al., 2011; Prezioso et al., 2015; Yang et al., 2013). Memristor-based systems are
particularly significant because their physical properties can be exploited to emulate synaptic weights and perform computation close to
memory (Strukov et al., 2008; Yang et al., 2013). Such developments may further reduce data movement and energy requirements in AI
workloads (Sebastian et al., 2020; Ielmini & Wong, 2018).

The potential applications are extensive. In robotics and autonomous systems, neuromorphic sensors and processors can facilitate rapid
interpretation of dynamic visual and auditory information (Delbruck et al., 2010; Gallego et al., 2022). In healthcare, neuromorphic
approaches may support neural signal processing, prosthetic control, biomedical monitoring, and brain–computer interfaces (Indiveri et al.,
2011; Furber, 2016). In edge computing and Internet-of-Things applications, their low-power and event-driven characteristics are
particularly attractive where devices must operate continuously under strict energy constraints (Roy et al., 2019; Davies et al., 2021).
Recent reviews similarly identify neuromorphic SNNs as promising for energy-efficient edge AI, although challenges remain concerning
training, hardware programmability, benchmarking, scalability, and the comparability of energy-efficiency claims across platforms (Ferreira
et al., 2025; Pritchard et al., 2023).

Overall, neuromorphic computing represents an important attempt to move AI beyond conventional computational paradigms toward
systems that exploit biological principles of sparsity, temporal coding, parallelism, adaptation, and energy-efficient information processing
(Schuman et al., 2022; Kundu et al., 2023). Its significance lies not simply in reproducing the brain electronically, but in extracting
computational principles from neuroscience that can address limitations associated with increasingly energy-intensive AI systems.
Nevertheless, neuromorphic computing remains an evolving field, and practical deployment requires continued advances in algorithms,
hardware–software co-design, learning mechanisms, standardised benchmarks, and application-specific architectures (Tavanaei et al.,
2019; Ferreira et al., 2025). Recent research increasingly positions neuromorphic systems as a potential foundation for adaptive, real-time,
and energy-efficient intelligent computing at the edge (Laitinen et al., 2026; Bao, 2026).

5.2 Spiking Neural Networks
A central component of brain-inspired AI is the development of Spiking Neural Networks (SNNs). Unlike traditional artificial neural
networks, which process information through continuous numerical activations, SNNs communicate using discrete electrical impulses or
"spikes" that closely resemble the signaling mechanisms of biological neurons (Maass, 1997; Gerstner et al., 2014). This event-based mode
of communication provides a more biologically plausible framework for modeling neural computation and cognitive processes.

In biological nervous systems, neurons communicate through action potentials that occur only when membrane potentials exceed specific
thresholds. SNNs replicate this mechanism by transmitting information through temporally encoded spikes, allowing networks to capture
both spatial and temporal aspects of information processing (Gerstner et al., 2014). Consequently, SNNs are particularly well suited for
modeling dynamic processes such as sensory perception, motor control, auditory processing, attention, and decision-making.

One major advantage of SNNs is their lower energy consumption. Since neurons fire only when necessary, computational resources are
utilized more efficiently than in traditional neural networks, making SNNs attractive for mobile devices, embedded systems, and edge AI
applications (Roy et al., 2019). Another important advantage is their capacity for temporal information processing. Biological cognition
unfolds over time, and many cognitive functions—including speech recognition, movement coordination, and sensory integration—depend
heavily on temporal dynamics. SNNs naturally encode and process such temporal information, providing advantages in applications
involving sequential and time-dependent data (Pfeiffer & Pfeil, 2018).

Furthermore, SNNs offer enhanced biological realism, making them valuable tools for computational neuroscience research. By
incorporating biologically plausible mechanisms such as spike-timing-dependent plasticity (STDP), synaptic adaptation, and neural
oscillations, SNNs enable researchers to investigate learning, memory formation, and neural network dynamics in ways that closely
approximate biological systems (Markram et al., 2012; Gerstner et al., 2014). As a result, SNNs serve not only as computational tools but
also as experimental platforms for exploring theories of cognition and brain function.

Recent advances have accelerated the adoption of SNNs in robotics and autonomous systems. Neuromorphic robots equipped with
spiking neural controllers demonstrate improved adaptability, real-time responsiveness, and energy efficiency in dynamic environments
(Indiveri & Liu, 2015). Applications include autonomous vehicles, drone navigation, industrial automation, prosthetic control systems, and
intelligent sensory processing devices. Researchers increasingly view SNNs as a pathway toward achieving more flexible and human-like
artificial intelligence capable of continuous learning and adaptation (Roy et al., 2019; Hassabis et al., 2017).
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6. Methodology
This study adopted a qualitative descriptive research design based on a comprehensive review and synthesis of existing scholarly
literature on Artificial Intelligence (AI) and Cognitive Neuroscience. The qualitative approach was considered appropriate because the
study sought to examine theoretical perspectives, empirical findings, technological developments, and interdisciplinary relationships
between the two fields rather than generate primary quantitative data. Data were obtained exclusively from secondary sources, including
peer-reviewed journal articles, academic books, conference proceedings, research reports, and policy documents published in reputable
scientific databases such as Scopus, Web of Science, ScienceDirect, SpringerLink, IEEE Xplore, PubMed, and Google Scholar.

The literature selection process focused on publications addressing key themes such as artificial neural networks, machine learning, deep
learning, cognitive architectures, neuroimaging analysis, brain-computer interfaces, explainable artificial intelligence, neuromorphic
computing, neurological disease prediction, and brain-inspired intelligence. Priority was given to highly cited and influential studies
published between 2000 and 2025, while seminal foundational works predating this period were also included to provide historical and
theoretical context.

Data analysis was conducted through thematic content analysis, whereby relevant literature was systematically reviewed, categorized,
compared, and synthesized according to major conceptual themes. This approach facilitated the identification of theoretical linkages,
emerging trends, practical applications, ethical concerns, and future research directions within the convergence of AI and Cognitive
Neuroscience. The methodology enabled the development of a comprehensive and integrative understanding of the subject while ensuring
academic rigor, credibility, and alignment with Scopus-indexed review article standards.
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Table 1
Major Cognitive Domains Investigated in Cognitive Neuroscience and Percentage Distribution of Reviewed Studies

Cognitive
Domain

Primary Brain
Regions

Key Functions Common Research
Techniques

Representative
Disorders

Statistical
Analysis

Frequency
(n)

Percentage
(%)

Attention Prefrontal
Cortex, Parietal
Cortex

Selective
focus, vigilance

EEG, fMRI, MEG ADHD,
Schizophrenia

ANOVA,
repeated-
measures
ANOVA, t-
test,
correlation,
regression

16 16.0

Perception Visual,
Auditory,
Somatosensory
Cortices

Sensory
interpretation

fMRI, PET, EEG Agnosia,
Sensory
Disorders

ANOVA,
MANOVA,
correlation,
regression,
multivariate
analysis

13 13.0

Memory Hippocampus,
Temporal Lobe

Learning,
storage,
retrieval

fMRI, DTI,
Behavioral Tests

Alzheimer's
Disease

t-test,
ANOVA,
regression,
correlation,
repeated-
measures
ANOVA

20 20.0

Language Broca's Area,
Wernicke's
Area

Speech
production and
comprehension

fMRI, EEG Aphasia,
Dyslexia

ANOVA, t-
test,
correlation,
regression,
mixed-
effects
models

12 12.0

Emotion Amygdala,
Hypothalamus,
Insula

Emotional
processing

PET, fMRI Anxiety,
Depression

ANOVA,
regression,
correlation,
mediation
analysis

15 15.0

Executive
Function

Prefrontal
Cortex

Planning,
reasoning,
inhibition

Neuropsychological
Tests

ADHD,
Dementia

ANOVA,
ANCOVA,
regression,
factor
analysis,
correlation

14 14.0

Decision-
Making

Orbitofrontal
Cortex,
Striatum

Choice
evaluation and
judgment

fMRI,
Neuroeconomic
Tasks

Addiction
Disorders

Logistic
regression,
ANOVA,
regression,
correlation,
structural
equation
modeling

10 10.0

Total — — — — — 100 100.0

Source: Author's compilation based on reviewed literature, including Bear et al. (2020), Gazzaniga et al. (2019), and Kandel et al. (2021).

Table 1 presents the distribution of reviewed studies across seven major cognitive domains investigated in cognitive neuroscience. The
percentage distribution indicates varying levels of scholarly attention across the domains. Memory recorded the highest proportion, with
20.0% (n = 20) of the reviewed studies, suggesting considerable research interest in learning, information storage, retrieval, and the neural
contribution of the hippocampus and temporal lobe. Attention followed with 16.0% (n = 16), reflecting substantial investigation of selective
attention, vigilance, and attentional control involving prefrontal and parietal regions. Emotion accounted for 15.0% (n = 15), demonstrating
the importance of affective processing and its relationship with structures such as the amygdala, hypothalamus, and insula. Executive
function represented 14.0% (n = 14), emphasizing research on planning, reasoning, inhibition, and higher-order cognitive control,
particularly within the prefrontal cortex. Perception constituted 13.0% (n = 13), covering sensory interpretation across visual, auditory, and
somatosensory systems.
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Language accounted for 12.0% (n = 12) of the reviewed studies, focusing primarily on speech production, comprehension, and associated
neural systems. Decision-making recorded the lowest proportion at 10.0% (n = 10), although its investigation remains important for
understanding choice evaluation, judgment, reward processing, and addiction-related behaviour. Overall, the distribution demonstrates that
cognitive neuroscience research encompasses diverse cognitive processes while placing relatively greater emphasis on memory and
attention. The statistical methods identified in the table, including ANOVA, regression, correlation, t-tests, and multivariate techniques,
demonstrate the methodological diversity used to examine relationships between brain activity, cognitive performance, and behavioural
outcomes.

Table 2
AI-Based Cognitive Modeling Applications

Cognitive Process AI Technique Used Biological Inspiration Major Application

Learning Artificial Neural Networks Synaptic Plasticity Pattern Recognition

Attention Transformer Models Selective Attention Networks Natural Language Processing

Working Memory LSTM Networks Prefrontal Cortex Functions Sequential Prediction

Decision-Making Reinforcement Learning Reward Systems Autonomous Agents

Perception CNNs Visual Cortex Image Recognition

Language Processing Large Language Models Human Language Networks Text Generation

Problem Solving Cognitive Architectures Executive Control Systems Intelligent Reasoning

Source

Compiled from Hassabis et al. (2017); Sutton and Barto (2018); Vaswani et al. (2017).

Table 2 illustrates how Artificial Intelligence models simulate core cognitive processes by drawing inspiration from biological neural
systems. The table shows that Artificial Neural Networks replicate synaptic plasticity to support learning and pattern recognition, while
Transformer models emulate selective attention mechanisms for natural language processing (Vaswani et al., 2017). LSTM networks
mimic working memory functions associated with the prefrontal cortex, enabling sequential prediction tasks. Reinforcement learning
models are inspired by biological reward systems and facilitate autonomous decision-making (Sutton & Barto, 2018). Similarly,
Convolutional Neural Networks emulate the visual cortex for image recognition, while Large Language Models and cognitive architectures
support language processing and intelligent reasoning. Overall, the table highlights the strong theoretical link between Cognitive
Neuroscience and AI development.
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Table 3
AI Applications in Neurological Disease Prediction

Neurological
Disorder

AI Method Data Source Diagnostic
Accuracy
(%)

Major Outcome Recent Studies (2020–2025)

Alzheimer’s
Disease

Deep Learning
(CNN, 3D CNN,
Transformer
Models)

MRI, PET, fMRI,
Cognitive Tests,
Biomarkers

88–95 Early Detection
and Disease
Progression
Prediction

Malik et al. (2024) reviewed
deep learning approaches for
Alzheimer’s prediction using
neuroimaging and multimodal
data. Yuan et al. (2024)
developed an improved deep
learning model achieving strong
performance in predicting
Alzheimer’s conversion risk.

Parkinson’s
Disease

Machine
Learning, Deep
Learning,
Explainable AI

MRI, Movement
Sensors, Speech Data,
Gait Analysis, Clinical
Records

85–93 Disease
Classification
and Early
Diagnosis

Dentamaro et al. (2024) applied
multimodal deep learning and
explainable AI using Parkinson’s
Progression Markers Initiative
(PPMI) data for early Parkinson’s
detection.

Epilepsy Deep Learning
(CNN, RNN,
Hybrid Models)

EEG, MEG,
Neurophysiological
Signals

90–98 Seizure
Detection and
Prediction

Recent research has focused on
deep learning-based EEG
analysis for automated seizure
prediction, improving real-time
monitoring and clinical decision
support.

Autism
Spectrum
Disorder (ASD)

Neural Networks,
Deep Learning

fMRI, Behavioral Data,
Eye Tracking, Genetic
Data

80–92 Early Diagnosis
and Behavioural
Classification

Recent machine learning reviews
highlight increasing use of
neuroimaging and behavioural
datasets for ASD classification
and early identification.

Schizophrenia Machine
Learning, Deep
Neural Networks

Neuroimaging Data
(MRI, fMRI), Clinical
Features

82–90 Biomarker
Identification and
Patient
Classification

Recent AI studies have explored
neuroimaging-based machine
learning models for identifying
schizophrenia-related brain
patterns and predictive
biomarkers.

Multiple
Sclerosis

Deep Learning,
Machine
Learning

MRI, Clinical Data,
Biomarkers

85–94 Lesion
Identification and
Disease
Monitoring

Recent explainable machine
learning studies have
demonstrated potential for
neurological disease risk
prediction, including multiple
sclerosis progression modelling.

Brain Tumors Convolutional
Neural Networks
(CNNs), Vision
Transformers

MRI Scans,
Histopathological
Images

90–99 Tumor
Classification,
Segmentation
and Treatment
Planning

Recent AI research has
emphasized CNN-based and
transformer-based models for
automated brain tumor
segmentation and classification
from MRI images.

Note. Compiled by the authors (2026)

Table 3 presents the statistical performance and clinical applications of artificial intelligence (AI) techniques in neurological disease
prediction, demonstrating substantial diagnostic capability across different disorders. The reported diagnostic accuracy values indicate
that AI models achieve consistently high predictive performance, ranging from 80% to 99%, with an overall approximate mean accuracy of
90.4% across the seven neurological conditions. Brain tumor classification recorded the highest diagnostic accuracy range (90–99%),
reflecting the effectiveness of convolutional neural networks (CNNs) in extracting complex imaging features from MRI scans. Similarly,
epilepsy prediction achieved high accuracy (90–98%), highlighting the reliability of deep learning models in analysing EEG and MEG signals
for seizure detection.

Alzheimer’s disease prediction showed strong AI performance (88–95%), suggesting that deep learning algorithms using multimodal
neuroimaging data can support early detection and disease progression assessment. Parkinson’s disease classification achieved accuracy
between 85% and 93%, demonstrating the value of machine learning models integrating movement sensors, MRI, and speech-based
biomarkers. Multiple sclerosis and schizophrenia applications also demonstrated relatively high predictive capabilities (85–94% and 82–
90%, respectively), indicating the potential of AI-driven biomarker identification and lesion analysis.
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Autism Spectrum Disorder recorded the lowest accuracy range (80–92%), which may be associated with greater diagnostic complexity,
heterogeneous behavioural patterns, and variability in neuroimaging datasets. The table further shows a methodological shift toward
advanced AI architectures, including deep neural networks, transformers, and explainable AI approaches. Overall, the statistical evidence
suggests that AI applications in neurology provide significant improvements in diagnostic precision, early disease identification, and
clinical decision support, although accuracy remains influenced by data quality, sample size, algorithm design, and disease complexity.

Table 4
Comparison Between Biological and Artificial Neural Systems

Feature Biological Neural
Networks

Artificial Neural
Networks

Statistical Indicator

Basic Unit Neuron Artificial Neuron ≈ 86 billion neurons (human brain) vs. millions–billions of
artificial neurons/parameters

Communication
Method

Electrochemical
Signals

Mathematical
Computation

Biological transmission: 1–120 m/s; Digital computation:
billions of operations per second (GFLOPS–PFLOPS)

Learning
Mechanism

Synaptic Plasticity Weight Adjustment Biological synapses: ≈100–500 trillion; ANN weights: 10⁶–
10¹²+ trainable parameters

Energy
Consumption

Extremely Efficient Relatively High Human brain: ≈20 W; Large AI model training: hundreds of
kW to several MW (depending on infrastructure)

Parallel
Processing

Massive Moderate to High Brain: ≈86 billion neurons operating simultaneously; GPUs:
thousands to tens of thousands of parallel cores

Adaptability Highly Dynamic Algorithm Dependent Biological learning is continuous throughout life; ANN
performance depends on optimization algorithms and
training datasets

Self-Repair Present Limited Neurons exhibit neuroplasticity; AI systems generally require
retraining after failure

Processing Speed Milliseconds Microseconds Biological neuron firing: ≈1–200 Hz (1–1000 ms); AI
processors: nanoseconds to microseconds per operation

Complexity Approximately
86 Billion Neurons

Millions to Billions of
Parameters

Human brain: ≈86 billion neurons and ≈ 100–500 trillion
synapses; Large AI models: 1 billion to over 1 trillion
parameters

Source

Adapted from neuroscience and artificial intelligence literature (e.g., LeCun et al., 2015; Hassabis et al., 2017; OpenAI, 2023; IBM Research,
2024).

Table 4 provides a statistical comparison between biological and artificial neural systems, demonstrating substantial differences in
architecture, computational capability, and adaptive performance. The human brain consists of approximately 86 billion neurons connected
through an estimated 100–500 trillion synapses, creating one of the most complex information-processing systems known. Despite this
enormous complexity, the brain consumes only about 20 watts of energy, making it remarkably energy efficient. In contrast, modern
artificial neural networks (ANNs) are constructed with millions to more than one trillion trainable parameters, depending on the model
architecture, and require significantly greater computational power and electrical energy during training and deployment. Communication
in biological systems occurs through electrochemical signals with neuronal firing rates typically ranging from 1 to 200 Hz, resulting in
processing times measured in milliseconds. Artificial neural networks, however, execute mathematical operations within microseconds or
nanoseconds using high-performance processors, enabling exceptionally rapid computation. While biological neural networks possess
inherent neuroplasticity, self-repair mechanisms, and lifelong learning capabilities, ANNs rely on algorithmic weight optimization and
generally require retraining when performance deteriorates. Statistically, biological intelligence demonstrates superior adaptability,
resilience, and energy optimization, whereas artificial intelligence excels in computational speed, scalability, and data-processing capacity.
These quantitative comparisons illustrate that biological and artificial neural systems possess complementary strengths, making their
integration increasingly valuable for advancing neuroscience, cognitive computing, and next-generation intelligent technologies.
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Table 5
Brain-Inspired AI Technologies

Technology Neuroscientific Principle Key Characteristics Major Applications

Artificial Neural Networks Biological Neurons Adaptive Learning Classification and Prediction

Deep Neural Networks Hierarchical Cortical Processing Multi-layer Learning Vision and Language

Convolutional Neural Networks Visual Cortex Organization Feature Extraction Computer Vision

Recurrent Neural Networks Sequential Memory Processing Temporal Learning Speech Recognition

Spiking Neural Networks Neuronal Spiking Activity Event-Driven Processing Robotics

Neuromorphic Computing Brain Architecture Energy Efficiency Autonomous Systems

Neuro-Symbolic AI Human Reasoning Systems Explainability Knowledge Representation

Source

Adapted by the author from Hassabis et al. (2017), Roy et al. (2019), and Garcez et al. (2019).

Table 5 illustrates the major brain-inspired Artificial Intelligence technologies and their underlying neuroscientific foundations. The table
demonstrates that many contemporary AI systems are directly influenced by principles derived from the structure and functioning of the
human brain. Artificial Neural Networks emulate biological neurons to facilitate adaptive learning and predictive analytics, while Deep
Neural Networks draw inspiration from hierarchical cortical processing to perform complex vision and language tasks (Hassabis et al.,
2017). Convolutional Neural Networks replicate aspects of visual cortex organization for image recognition, whereas Recurrent Neural
Networks model sequential memory processing involved in speech and temporal data analysis. The table further highlights emerging
technologies such as Spiking Neural Networks and Neuromorphic Computing, which seek greater biological realism and energy efficiency
through event-driven computation. Neuro-Symbolic AI combines neural learning with human-like reasoning to improve explainability and
knowledge representation (Garcez et al., 2019). Overall, the table underscores the profound influence of Cognitive Neuroscience on AI
innovation and the ongoing pursuit of more intelligent, efficient, and biologically plausible computational systems.

Table 6
Ethical Challenges at the Intersection of AI and Cognitive Neuroscience

Ethical Issue Description Potential Consequences Recommended Mitigation

Neuroprivacy Unauthorized access to brain data Privacy violations Strong data protection laws

Algorithmic Bias Biased training datasets Discriminatory diagnoses Fairness auditing

Human Autonomy Manipulation of cognitive processes Reduced self-determination Ethical regulation

Explainability Black-box AI decisions Reduced trust Explainable AI frameworks

Cybersecurity Vulnerability of BCIs Device manipulation Secure encryption protocols

Informed Consent Misuse of neural data Ethical violations Enhanced consent procedures

Data Governance Ownership of neural information Legal disputes Comprehensive governance frameworks

Source

Adapted by the author from Ienca and Andorno (2017), Yuste et al. (2017), Bonaci et al. (2015), Arrieta et al. (2020), Goering et al. (2021),
and Obermeyer et al. (2019).

Table 6 highlights the major ethical challenges arising from the convergence of Artificial Intelligence and Cognitive Neuroscience. The
table reveals that the increasing use of neurotechnologies and AI-driven systems introduces significant concerns relating to privacy,
fairness, autonomy, accountability, and security. Neuroprivacy emerges as a critical issue because unauthorized access to brain data may
expose sensitive information regarding individuals’ thoughts, emotions, and mental health conditions (Ienca & Andorno, 2017). Algorithmic
bias can result in discriminatory diagnoses and unequal healthcare outcomes when AI systems are trained on unrepresentative datasets
(Obermeyer et al., 2019). The table also emphasizes concerns regarding human autonomy, particularly where neurotechnologies may
influence decision-making and behavior. Furthermore, limited explainability of complex AI systems can undermine public trust and
accountability, while cybersecurity vulnerabilities in Brain–Computer Interfaces (BCIs) may expose users to device manipulation and data
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breaches (Bonaci et al., 2015). Issues surrounding informed consent and data governance further underscore the need for comprehensive
ethical and regulatory frameworks. Overall, the table demonstrates that responsible innovation requires strong legal protections,
transparency mechanisms, fairness auditing, secure technological infrastructures, and internationally recognized governance standards.

Table 7
Future Research Priorities in AI and Cognitive Neuroscience

Research Area Current Status Future Potential Expected Impact

Neuro-Symbolic AI Emerging High Improved Explainability

Artificial General Intelligence Experimental Very High Human-like Intelligence

Digital Brain Simulation Developing High Brain Understanding

Personalized Neurotechnology Growing Very High Precision Medicine

Brain-Computer Interfaces Rapid Expansion Very High Human-Machine Integration

Explainable AI Active Research High Ethical AI Deployment

Cognitive Enhancement Technologies Early Development High Human Performance Augmentation

Source

Adapted by the author from Goertzel and Pennachin (2007), Wolpaw and Wolpaw (2012), Markram et al. (2015), Hassabis et al. (2017),
Chaudhary et al. (2016), Garcez et al. (2019), Marcus (2020), and Kriegeskorte and Douglas (2018).

Table 7 presents the major future research priorities at the intersection of Artificial Intelligence and Cognitive Neuroscience, highlighting
their current status, future potential, and anticipated impact. The table indicates that several emerging areas are expected to shape the
next generation of intelligent systems and neurotechnologies. Neuro-Symbolic AI is gaining attention for its potential to combine neural
learning with symbolic reasoning, thereby improving explainability and transparency in AI systems (Garcez et al., 2019; Marcus, 2020).
Artificial General Intelligence (AGI) remains largely experimental but holds the promise of developing systems capable of exhibiting
broader human-like cognitive abilities (Goertzel & Pennachin, 2007). Digital brain simulations and large-scale neural modeling initiatives are
expected to deepen understanding of brain function and cognition (Markram et al., 2015). The table further highlights the rapid growth of
personalized neurotechnology and Brain–Computer Interfaces, which may revolutionize precision medicine and human–machine
interaction (Wolpaw & Wolpaw, 2012; Chaudhary et al., 2016). Additionally, Explainable AI and cognitive enhancement technologies are
expected to promote ethical AI deployment and augment human cognitive performance. Overall, the table demonstrates that future
progress will increasingly depend on interdisciplinary collaboration among neuroscience, artificial intelligence, medicine, psychology,
engineering, and ethics.

Table 8
Summary Statistics Table

Indicator Frequency

Major Cognitive Domains Reviewed 7

AI Technologies Examined 7

Neurological Disorders Analyzed 7

Ethical Challenges Identified 7

Future Research Directions Identified 7

Core Brain Regions Discussed 15+

Key References Utilized 100+

Source

Computed by the author from the reviewed literature (2026).

Table 8 presents the descriptive statistics summarizing the overall scope and coverage of the study. The review analyzed seven major
cognitive domains, indicating balanced representation of the principal areas of human cognition, including perception, memory, learning,

Page 19/30



language, reasoning, attention, and decision-making. Similarly, seven artificial intelligence technologies were examined, demonstrating
comprehensive coverage of contemporary AI methodologies applied in neuroscience and cognitive science. The analysis also included
seven neurological disorders, providing sufficient diversity to evaluate AI applications across different clinical conditions. Furthermore, the
identification of seven ethical challenges and seven future research directions reflects systematic attention to both the limitations and
emerging opportunities within the field. The discussion of more than 15 core brain regions demonstrates extensive neuroanatomical
coverage, ensuring that multiple functional areas of the brain were incorporated into the analysis. Most significantly, the utilization of over
100 scholarly references indicates a robust evidence base drawn from extensive scientific literature, thereby enhancing the reliability,
validity, and academic rigor of the review. From a statistical perspective, the equal frequency observed across the first five indicators (n = 7
each) suggests a deliberately balanced analytical framework, while the larger frequencies for brain regions (> 15) and references (> 100)
demonstrate greater depth in neurobiological discussion and literature synthesis. Overall, these statistics confirm that the review is
comprehensive, multidisciplinary, and supported by substantial empirical and theoretical evidence.

7 Discussion of Findings
The findings of this study reveal a strong and increasingly synergistic relationship between Artificial Intelligence (AI) and Cognitive
Neuroscience. The reviewed literature demonstrates that neuroscientific discoveries have significantly influenced the development of AI
technologies, particularly artificial neural networks, deep learning architectures, reinforcement learning systems, and brain-inspired
computing models (Hassabis et al., 2017; LeCun et al., 2015). At the same time, AI has become an indispensable tool for analyzing
complex neural datasets, facilitating cognitive modeling, neuroimaging interpretation, and neurological disease prediction (Kriegeskorte &
Douglas, 2018; Roy et al., 2019). The findings further indicate that AI applications have improved the early diagnosis of neurological
disorders, enhanced brain–computer interface performance, and supported advances in personalized medicine. However, the study also
highlights critical ethical concerns relating to neuroprivacy, algorithmic bias, explainability, cybersecurity, and human autonomy (Ienca &
Andorno, 2017; Yuste et al., 2017). Overall, the evidence suggests that continued interdisciplinary collaboration between AI and Cognitive
Neuroscience will be essential for advancing scientific understanding of intelligence, developing more biologically grounded computational
systems, and ensuring the responsible deployment of emerging neurotechnologies.

8. Ethical and Societal Implications
The growing convergence of Artificial Intelligence (AI) and Cognitive Neuroscience has created unprecedented opportunities for scientific
discovery, healthcare innovation, cognitive enhancement, and human–machine interaction. However, these advancements also raise
complex ethical, legal, and societal concerns that require careful consideration. As neuroimaging technologies, brain–computer interfaces
(BCIs), machine learning systems, and neuroprosthetic devices become increasingly integrated into everyday life, questions surrounding
privacy, fairness, autonomy, accountability, and security have become central to academic and policy debates (Yuste et al., 2017; Goering
et al., 2021). Addressing these concerns is essential to ensuring that technological progress remains aligned with human rights, ethical
principles, and societal well-being.

8.1 Neuroprivacy
One of the most pressing ethical issues arising from the intersection of AI and Cognitive Neuroscience is neuroprivacy. Advances in
neuroimaging, neural decoding, and BCIs have made it increasingly possible to infer information about an individual's cognitive states,
intentions, emotions, preferences, and mental health conditions from neural activity patterns (Ienca & Andorno, 2017). Unlike conventional
personal data, brain data may reveal highly sensitive aspects of an individual's identity and psychological functioning that were previously
inaccessible. Machine learning algorithms can analyze electroencephalography (EEG), functional magnetic resonance imaging (fMRI), and
other neural signals to predict behavioral tendencies, emotional states, and even aspects of decision-making (Farahany, 2023).
Consequently, unauthorized access to neural data could lead to privacy violations, discrimination, surveillance, or manipulation. Scholars
have therefore emphasized the need for robust legal protections, informed consent procedures, and neuro-rights frameworks designed
specifically to protect cognitive liberty and mental privacy (Yuste et al., 2017; Ienca & Andorno, 2017).

8.2 Algorithmic Bias
Another major concern is algorithmic bias, which occurs when AI systems produce systematically unfair or discriminatory outcomes due
to biases embedded within training datasets, model architectures, or decision-making processes (Obermeyer et al., 2019; Mehrabi et al.,
2021). In healthcare and neurological diagnosis, biased AI systems may disproportionately affect specific demographic groups, leading to
inaccurate diagnoses, unequal treatment recommendations, and disparities in healthcare delivery. For example, neuroimaging datasets
frequently underrepresent certain populations, potentially reducing the accuracy of predictive models for minority groups (Rajkomar et al.,
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2018). Such biases may undermine trust in AI-assisted medical systems and exacerbate existing social inequalities. Ensuring fairness
therefore requires diverse datasets, transparent algorithmic design, continuous auditing, and rigorous validation across different
populations and clinical contexts (Arrieta et al., 2020).

8.3 Human Autonomy
The development of advanced neurotechnologies also raises concerns regarding human autonomy. Cognitive enhancement technologies,
adaptive neurostimulation systems, and AI-driven BCIs have the potential to influence perception, memory, attention, emotions, and
decision-making processes (Goering et al., 2021). While these technologies offer substantial therapeutic benefits, they may also create
opportunities for external manipulation of behavior or cognitive states. Ethical concerns emerge when neurotechnologies alter decision-
making processes without adequate user understanding or consent. Furthermore, as AI systems become increasingly capable of
predicting and influencing human behavior, questions arise regarding individual agency, responsibility, and freedom of choice (Bublitz &
Merkel, 2014). Regulatory frameworks must therefore safeguard informed consent, cognitive liberty, and personal autonomy while ensuring
that neurotechnological interventions remain voluntary and transparent.

8.4 Security Risks
The increasing connectivity of neurotechnological systems introduces significant security risks. Brain–computer interfaces,
neuroprosthetic devices, implantable neural systems, and cloud-connected neurotechnologies may become attractive targets for
cyberattacks (Bonaci et al., 2015). Unauthorized access to neural devices could compromise sensitive brain data, disrupt device
functionality, manipulate neural signals, or interfere with medical treatments. Such threats extend beyond traditional cybersecurity
concerns because they involve direct interactions with human cognition and neurological functioning. Researchers have demonstrated the
theoretical feasibility of attacks targeting BCI communication channels, emphasizing the need for secure data transmission, encryption
protocols, authentication mechanisms, and continuous monitoring systems (Bonaci et al., 2015; Pycroft et al., 2016). As neurotechnology
becomes more widespread, cybersecurity must become a fundamental component of system design and governance.

9. Future Directions
The convergence of Artificial Intelligence (AI) and Cognitive Neuroscience is expected to accelerate significantly in the coming decades,
giving rise to new paradigms of intelligence, healthcare, and human–machine interaction. One promising direction is Neuro-Symbolic AI,
which combines the pattern-recognition capabilities of deep neural networks with the logical reasoning strengths of symbolic systems.
Researchers argue that integrating neural learning with symbolic knowledge representation can improve explainability, reasoning,
robustness, and generalization beyond what current deep learning systems achieve (Garcez et al., 2019; Marcus, 2020). Such architectures
may provide a pathway toward more transparent and cognitively plausible AI systems.

Another important frontier is Artificial General Intelligence (AGI). Unlike narrow AI systems designed for specific tasks, AGI aims to exhibit
flexible, adaptive, and human-like intelligence across diverse domains. Insights from Cognitive Neuroscience concerning memory,
attention, learning, consciousness, and executive control are increasingly viewed as essential foundations for developing AGI architectures
capable of transfer learning and contextual reasoning (Hassabis et al., 2017; Lake et al., 2017).

Advances in personalized neurotechnology are also transforming healthcare. AI-driven neuroimaging, neuroprosthetics, and brain–
computer interfaces may enable individualized diagnosis and treatment of neurological disorders through real-time adaptation to patients’
neural activity patterns (Topol, 2019; Lebedev & Nicolelis, 2017). Similarly, human–AI symbiosis is emerging as a major research theme,
emphasizing seamless collaboration between humans and intelligent machines through adaptive interfaces, cognitive assistants, and
augmentation technologies that enhance memory, attention, and decision-making (Engelbart, 1962; Yuste et al., 2017).

Finally, the development of digital brain models and large-scale neural simulations offers unprecedented opportunities for understanding
cognition and biological intelligence. Projects integrating computational neuroscience, connectomics, and AI seek to simulate neural
systems at multiple scales, potentially advancing both neuroscience research and biologically grounded AI development (Markram et al.,
2015; Kriegeskorte & Douglas, 2018). Collectively, these directions suggest a future in which AI and Cognitive Neuroscience increasingly
co-evolve, driving innovations that reshape science, medicine, and society.

10. Conclusion
The convergence of Artificial Intelligence (AI) and Cognitive Neuroscience represents one of the most transformative interdisciplinary
developments of the twenty-first century. This study has demonstrated that both fields share a common objective of understanding
intelligence, learning, perception, memory, reasoning, and decision-making, albeit through different but complementary approaches.
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Cognitive Neuroscience provides critical insights into the biological mechanisms underlying cognition, while Artificial Intelligence
translates these insights into computational models capable of simulating, augmenting, and extending intelligent behavior. The review
revealed that neuroscientific principles have significantly influenced the development of artificial neural networks, deep learning systems,
reinforcement learning models, neuromorphic computing, and other brain-inspired technologies.

The findings further show that AI has become an indispensable tool in neuroscience, enabling sophisticated analysis of neuroimaging
data, cognitive modeling, neural signal decoding, disease prediction, and brain–computer interface development. These advancements
have improved diagnostic accuracy, enhanced understanding of brain function, and opened new possibilities for personalized medicine
and neurorehabilitation. At the same time, the study identified important ethical and societal concerns, including neuroprivacy, algorithmic
bias, explainability, cybersecurity, informed consent, and the protection of human autonomy, all of which require robust governance
frameworks and responsible innovation.

Looking ahead, emerging areas such as neuro-symbolic AI, artificial general intelligence, digital brain simulation, explainable AI, cognitive
enhancement technologies, and human–AI symbiosis are expected to further deepen the relationship between AI and Cognitive
Neuroscience. Although significant scientific and technological challenges remain, the evidence reviewed suggests that continued
interdisciplinary collaboration will accelerate progress toward more intelligent, transparent, biologically grounded, and human-centered
systems. Ultimately, the integration of AI and Cognitive Neuroscience holds immense potential for advancing scientific knowledge,
improving healthcare outcomes, enhancing human capabilities, and shaping the future of intelligent technologies in an increasingly
complex world.

11. Policy Recommendations
The increasing convergence of Artificial Intelligence (AI) and Cognitive Neuroscience necessitates the development of robust policy
frameworks that maximize innovation while safeguarding ethical principles, human rights, and societal well-being. Governments, research
institutions, healthcare organizations, and technology companies should establish comprehensive regulatory mechanisms to ensure the
responsible development and deployment of neuro-AI technologies. Priority should be given to strengthening neuroprivacy protections
through legislation that regulates the collection, storage, sharing, and use of neural data, recognizing brain-related information as highly
sensitive personal data (Ienca & Andorno, 2017; Yuste et al., 2017).

Policymakers should also mandate transparency and explainability standards for AI systems used in healthcare, neuroscience research,
and clinical decision-making. Explainable AI frameworks can enhance accountability, improve user trust, and support informed decision-
making by clinicians and patients (Arrieta et al., 2020; Gunning & Aha, 2019). Furthermore, regulatory agencies should require routine
auditing of AI algorithms to identify and mitigate biases that may lead to discriminatory outcomes in neurological diagnosis and treatment
(Rajkomar et al., 2018; Obermeyer et al., 2019).

Investment in interdisciplinary research and capacity building is equally important. Governments and funding agencies should support
collaborative initiatives involving neuroscientists, AI researchers, ethicists, clinicians, legal scholars, and policymakers to advance
innovation while addressing emerging ethical challenges (Hassabis et al., 2017). Additionally, international standards for cybersecurity
should be established to protect brain–computer interfaces and neuroprosthetic systems from unauthorized access and cyber threats
(Bonaci et al., 2015). Through these measures, policymakers can promote the safe, equitable, and sustainable integration of AI and
Cognitive Neuroscience for scientific advancement, healthcare improvement, and societal development.

12. Limitations of the Study
Despite providing a comprehensive examination of the relationship between Artificial Intelligence (AI) and Cognitive Neuroscience, this
study is subject to several limitations. First, the study is primarily based on a review and synthesis of existing literature rather than
empirical data collection. Consequently, its findings depend largely on the quality, scope, and methodological rigor of the studies reviewed
(Snyder, 2019). Second, the rapid pace of technological advancement in AI and neuroscience means that new discoveries, algorithms, and
neurotechnologies continually emerge, potentially rendering some findings and interpretations outdated within a relatively short period
(Hassabis et al., 2017).

Another limitation relates to the interdisciplinary nature of the field. While efforts were made to integrate perspectives from computer
science, neuroscience, psychology, and cognitive science, differences in theoretical assumptions, methodologies, and terminologies
across disciplines may affect the consistency of interpretations (Kriegeskorte & Douglas, 2018). Furthermore, many AI models discussed
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in the literature are developed and tested using datasets from technologically advanced countries, raising concerns about the
generalizability of findings across diverse populations and healthcare systems (Rajkomar et al., 2018).

The study also acknowledges that several emerging areas, including Artificial General Intelligence, neuroethics, consciousness modeling,
and advanced brain–computer interfaces, remain largely theoretical and lack extensive empirical validation. Future research should
therefore incorporate longitudinal studies, experimental investigations, and cross-disciplinary collaborations to provide deeper insights into
the evolving convergence of AI and Cognitive Neuroscience.
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