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ABSTRACT

The field of cognitive neuroscience is evolving at a very high rate owing to various
innovations that promote a combination of neural processes, dynamics of behaviour,
and technological breakthroughs. This article is a review of the new frontiers that are
defining the new knowledge on human cognition, as multimodal brain imaging,
computational modelling, machine-learning based neural decoding, neurotechnology,
and brainbehavior mapping. We generalise existing results in the field of cognitive
neuroscience, emphasise the interdisciplinary technological progress, and discuss the
impact of new methodologies in the connexion of neural activity and the sophisticated
behavioural performance. Moreover, some of the obstacles identified in the article
include data complexity issues, limitation in methods and translational gaps as well as
ethical implications. The suggested directions of future research are hybrid
neuroimaging, Al-centered cognitive modelling, close loop brain-technology interfaces,
and individualized neurocognitive profiling. This overall survey has made cognitive
neuroscience be a fast developing field that is cutting across the borders of biology,
computation, psychology and neurotechnology.
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1. INTRODUCTION

Cognitive neuroscience has grown to be a formidable
interdisciplinary science concerned with the way
neural networks produce the process of cognition,
perception, learning, and behaviour. During its initial
years, the field used highly-experimental methods
based on behaviour and lesion studies to deduce the
behaviour of the brain. Nevertheless, the combination
of neuroimaging, electrophysiology, and computational
modelling have allowed scholars to explore cognition
more accurately than ever before, and associate real-
time neural processes with cognitive functions,
including attention, memory and decision making [10],
[16]. This new trend has made cognitive neuroscience
not a descriptive science, but a domain of analysis rich
in detail that is able to both decipher the fine-grained
brain representations and subsequently predict the
outcome of attitudes (Figure 1).

One of the most prevalent topics in contemporary
cognitive neuroscience is the necessity to integrate
brain processes with behaviour in order to create
mechanistic accounts of cognition. The analysis of
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neural patterns and population coding studies
currently show the way distributed neural networks
encode the information acquired via the senses and
regulate higher-order abilities including thinking and
emotion regulation [15], [20]. Recent studies indicate
that there exist a high level of individual differences
in neural activities, pointing to the significance of
multimodality models that relate neural signatures
down to behavioural phenotype across contexts and
time [5]. Integrative approaches provide a more
powerful explanation and increased translational
usefulness of cognitive research in clinical,
educational, and technological usage.Technological
advancement has been majorly responsible in his field.
Neuroimaging High-resolution neuroimaging, brain-
computer interfaces (BCls), neural decoding through
deep learning, and massive computational models
have increased the analysis ability of cognitive
neuroscience. The hybrid system allows both spatial
and time localization to be complementary [9],
whereas machine learning models make it possible to
predict neural activity directly related to cognitive
tasks or natural stimuli [2], [21]. Other
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neurotechnology platforms like closed-loop
stimulation, neurofeedback, and additional
approaches are better suited to control our cognitive
state and explore the causal relationship between the
brain and behaviour [17], [22].

The focus of this review is to synthesise some of the
emerging frontiers that define modern cognitive
neuroscience by reviewing the developments in the
fields of neural modelling, imaging, neuro-technology,
and behavioural integration. Through the stimulated
overlap between computational science, neurobiology
as well as engineering, the article reveals how all
these advances are driving the frontiers of what is
known about the human brain.  Through
methodological evaluations, challenges and directions,
this review entails offering a broad outline of closing
the gaps between brain functions, behaviour and
technology in next generation cognitive neuroscience.

Emerging Frontiers
in Cognitive Neuroscience
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Fig. 1. Conceptual framework of the article “Emerging
Frontiers in Cognitive Neuroscience: Bridging Brain Function,
Behavior, and Technology.”

2. METHODOLOGY

The methodological framework that is used in this
review is organised and thorough and is able to
capture the emergent concepts in cognitive
neuroscience in relation to brain functions, behaviour
and technology. The systematic search was performed
in the largest academic databases such as Scopus, Web
of Science, and PubMed to find the most recent
literature using publications that have been published
in the past 10-15 years. Also this period was chosen
based on the recent developments in multimodal brain
studies, neural decoding, computational cognitions
and neurotechnology. A hybrid search approach in
which the search strategy involved the use of both
controlled vocabulary and the use of certain keywords
were applied in which terms cognition, brain imaging,
neural decoding, neurotechnology, cognitive models,
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predictive modelling, brain behaviour interaction, and
multimodal neuroscience were used. Refinement of
search results with the use of the Boolean operators
helped to obtain a complete and focused dataset to
analyse (Figure 2).

The rigour and the relevance were upheld by using
stringent inclusion and exclusion criteria. The eligible
studies must have been peer-reviewed and published
in English and had a direct relevance to cognitive
processes, neural processes, behavioural correlates, or
technology equipment aiding neural analysis. Articles
that do not offer methodological transparency of their
research, non-scholarly articles or articles that could
not be related to cognition or neural processes were
excluded. After the initial screening, the selection
process of all articles occurred according to the
PRISMA framework since it entailed title screening,
abstract screening, and full-text analysis to confirm
that it was well conducted and that it fulfilled the
aims of the current review.

Data extraction followed after selection to ensure the
essential elements were captured in each study such
as the experimental design, imaging or computational
approaches, behaviour in the study, and primary
findings. Obtained data were sorted into thematic
synthesis to include 4 broad domains namely, neural
modelling, multimodal imaging, neurotechnology and
behavioural integration. This categorization made it
possible to identify overlapping knowledge,
technological advances, current threats, and the
directions of the research in the area. Collectively,
this approach offers systematic, open, and replicable
basis of the examination of the new vistas of
neuroscience research.

Records identified

through database | Pesordsafier |
searching duplicates removed
(n = 1243) (n = 987)

A 4
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(n = 987)

v
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(n = 805)
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J

Fig. 2. PRISMA-based literature selection process used in the
review.
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3. Emerging Frontiers in Cognitive Neuroscience

3.1 Advances in Multimodal Brain Imaging

The recent advancements in multimodal brain imaging
has greatly enhanced the capacity of the investigators
to record neural activity in superior spatial, temporal
as well as functional accuracy. The conventional
methods that are used including the fMRI, structural
MRI, EEG, MEG and the NIRS remain indispensable in
exploring the architecture of the brain and the
dynamic neural mechanisms. Nevertheless, a new
generation of hybrid imaging systems combining high-
temporal-resolution electrophysiological (EEG/MEG)
with high-spatial-resolution hemodynamic (fMRI/NIRS)
has now become possible that allows mapping of
distributed brain networks during perception, memory
and decision making tasks in a comprehensive fashion.
These multimodal methods give a clue on how micro
and macro dynamics of the brain interplay to produce
coherent states of consciousness.

The improvements of connectomics have also allowed
building large scale structural and functional brain
networks which provide more information about the
roles of neural connectivity in cognition, behaviour
and neuroplasticity. Experimental possibilities have
been further extended through real time imaging and
neurofeedback technologies that can be used to
monitor and/or in some instances to modulate the
current mental states during active tasks (Figure 3).
Collectively, these inventions are part of a significant
background to comprehend the mechanism by which
complex neural activities assemble in order to support
in human brain.

Multimodal
Brain Imaging

v v I

Integration for Rea]-Time
Temporal and Connectomics Imaging and
Neurofeedback

Spatial Resolution

Fig. 3. Applications of multimodal brain imaging.

3.2 Neural Decoding and Brain Signal Interpretation

Neural decoding represents a revolutionary area in
cognitive neuroscience, which has taken a major turn
in this field due to the development of machine
learning and pattern recognition. However, in current
computational models, perceptual and mnemonic,
attentional, and affective states are now decidable
directly based on neural data, using high-dimensional
representations, extracted out of EEG/ MEG/ fMRI/
invasive recordings. Neural pattern classification,
representational similarity analysis (RSA) and deep
neural embedding’s are methods that enable

© I

researchers to learn the contents and form of
cognitive representations at fine time scales.

The decoding methods have also helped to improve
the interpretability of brain behaviour relations, and
predict the strategies of decision making, accuracy of
memory retrieval, perceptual recognition, and
distribution of attention based on patterns of neural
activity. Notably, neural decoding models play
important roles in the fundamental research, as they
explain the encoding process in the brain, as well as,
in the applied research field, such as clinical
diagnostics, adaptive neurotechnology, and
personalised cognitive interventions. As decoding
models continue efforts toward more data-driven
models and multimodal models, they will become
game changers in the field of real-time cognitive
monitoring technologies and adaptive brain-responsive
technologies.

3.3 Computational and Theoretical Models of
Cognition

One of the most significant fields of modern cognitive
neuroscience is represented by computational
modelling. Deep learning neural networks, neural
network solutions and Bayesian brain models have
been put in the forefront of modelling processes of
cognition and the ability to map them to neural
structures. These models aid in coming up with
testable hypotheses in the processes that underlie
learning, prediction, updating of memories, and
decision-making. In particular, deep learning models
have provided compelling similarities between the
artificial and biological processing of information,
providing novel approaches to hierarchical perception,
representation learning and generalisation.

The models affected by theoretical frameworks are
founded on the assumption of a predictive processing
and Bayesian inference to imply that the brain is
essentially a probabilistic machine which continuously
modifies beliefs to reduce uncertainty. The models
give an effective spectacle of sensory integration,
error correction and adaptive behavior in complicated
environments. Notably, biologically inspired Al systems
are also becoming employed to emulate cognitive
process in addition to the discovery of emergent
computational principles that could potentially explain
human cognition. With computational neuroscience
still developing, these models will be highly
instrumental in the process of closing the risk between
biological processes, behaviour and technological
invention.

4, Challenges and Gaps
4.1 Methodological Challenges

Although the field of cognitive neuroscience has been
progressing fast, there are still a number of
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methodological limitations to the accuracy and
generalizability of the results. The complexity of the
data in the fields of neural, behavioral, and
physiological data may be considered one of the most
important issues, as to guarantee reliability and
dependability such sophisticated data preprocessing
pipelines and noise-reduction techniques have to be
applied. The process of decoding multidimensional
neural signals, especially of multimodal and large-
scale signals is a challenging problem because the
sources overlap, and because decay affects time, and
nonlinear  interactions in neural networks.
Furthermore, most cognitive neuroscience studies are
based on experimental and controlled laboratory
findings that do not reflect the conditions in real-life,
which therefore offers little ecological validity of the
findings made. The mentioned methodological
problems accentuate the necessity of more adaptive,
context-specific, and naturalistic paradigms (Figure 4).

4.2 Technical Barriers

Technologically, the incorporation of varying
Neuroscientific technologies is very challenging.
Integrating information of multimodal imaging system,
i.e., fMRI, EEG, MEG, and wearable physiological
sensors, needs harmonized acquisition protocols,
standardized preprocessing and enhanced alignment
algorithms. Real-time cognitive monitoring systems are
limited in their scalability by computational issues,
especially processing speed, storage capacity, and
energy efficiency. Similarly, real-time signal
processing is also problematic in the case of
demanding immediate feedback like closed-loop BCls
and adaptive neurostimulation systems. Such technical
limitations point to the importance of increased
computational capabilities, improved algorithms and
pipeline data-fusion.

Methodological Technical
Challenges Barriers
« Data complexitiy e Integration of
(neural, behaviorar, multimodal datasets
physiological) « Computational
« Interpretation of limitations
high-dimensional « Real-time processing

neural signals constraints

Translational & Ethical & Societal

Clinical Gaps Challenges
« Limited transfer from * Neuroprivacy
lab to real-world * Human-technology
« Lack of personalized boundary
biomarkers « Bias in Al-based

» Variability in cognitive cognitive models

and neural responses
= &3

J

Fig. 4. Key challenges and gaps in cognitive neuroscience.
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4.3 Translational & Clinical Gaps

Despite the implications of cognitive neuroscience that
present substantial theoretical and empirical findings,
the implications of the knowledge are hard to transfer
into clinical and daily practise. Numerous research
findings made in the laboratories do not translate well
to the real life settings because of their differences in
the complexity of the environment, cognitive
variations, and task requirements. Failures in
individualised biomarkers also reduce the clinical
viability of neural decoding and neural imaging-related
diagnostics. Personal neural structure variations,
neural strategies, and responses to behaviour bring
about variation that makes it difficult to predict and
intervene effectively. These translational gaps need to
be mitigated by means of longitudinal and population-
diverse research, and the design of individual,
adaptive neurotechnology.

4.4 Ethics and Society Problems

The convergence of neuroscience,  artificial
intelligence, and neurotechnology is extremely fast
and poses serious ethical and social issues.
Neuroprivacy is a significant concern, especially with
neural decoding models being more able to make
conclusions about the internal state, preferences, or
intentions with brain activity. The growing implication
of the proliferation of brain responsive technologies
propels the boundary of human-technology and propels
the issue of agency, autonomy and identity. Also, the
incorporation of Al into cognitive modelling brings
about the threat of algorithmic bias that can support
disparities or result in misconception of cognitive
skills. Ethical governance, transparency,
accountability in the data use, and technological
implementation are also crucial in ensuring consumer
safety and building trust in the public.

5. Future Research Directions

5.1 Al-Driven Cognitive Modeling

Current and subsequent studies in the field of
cognitive neuroscience will progressively depend on Al-
based cognitive modelling based on deep learning,
neural embedding’s, predictive structure, and other
approaches to capture dynamic cognitive states to a
higher degree of accuracy. With neural decoding
devices improving, deep learning systems are capable
of emulating mental switches, or variations in
attention, memory update timings, and decision
threshold due to changing neural records in real time.
Such models will allow not only foreseeing the
cognitive states but also showing the latent structures
of representations that can hardly be identified
through the conventional methods of analysis. The
adoption of Al-related solutions will enhance the
scalability, generalizability, and adaptability of
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cognitive models at the individual and environmental
level (Figure 5).
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Fig. 5. Roadmap of key future research directions in
cognitive neuroscience.

5.2 Hybrid Neuroimaging Systems

There is another major direction, which is the creation
of hybrid neuroimaging systems, integrating the
strengths of each other based on fMRI, EEG, MEG, and
the new portable imaging tools. This kind of
multimodal integration will enable the specific
mapping of cognitive processes with the help of the
high spatial resolution offered by fMRI and the high
temporal accuracy offered by EEG/MEG. These
systems will facilitate the ability to monitor the
thoughts occurring within milliseconds and at the same
time they can observe the interactions of large
networks. It can be imagined that future innovations
will entail real time multimodal fusion pipelines,
which will allow the dynamic characterization of
cognitive states in hitherto previously unseen
accuracy.

5.3 Co-Adaptation between Brain and Technologies

The future generation neuro-technology will focus on
brain technology co-adaptation in which both the
human user and the technological system perpetually
learn and get used to each other. Based on neural
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plasticity, personalised BCls, and closed-loop adaptive
interfaces will be used to improve the communication,
motor  control, rehabilitation, and cognitive
augmentation. These systems will also include the real
time correction of errors, adaptive reinforcement
learning and predictive neural modelling which will
enable the interface to develop as the user adjusts the
cognition patterns. Co-adaptive technologies are the
key step to human-centred, responsive, and ethically-
oriented neurotechnological ecosystems.

5.4 Neurocognitive Personalization & Digital Twins

The personal neuroscience will change with the
creation of neurocognitive digital twins, computational
simulations of both cognitive and neural conditions of
a given person. Digital twins will combine multimodal
data (neural charge, behavioural profiles, and
physiological patterns) to produce an approximate
cognitive response, foresee clinical outcomes, and
experiment on humans, without making direct
manipulations on the human brain. Such a degree of
personalization ~ will allow creating individual
treatment, cognitive training, and accurate
neurotechnology design. Personalised modelling also
deals with differences in cognitive strategies and
neural organisation among populations that would
facilitate the transition beyond one-size-fits-all
modelling.

5.5 Neuroscience-Based Human-Al Interaction

As Al is becoming an inseparable element of human
everyday life, neuroscience-informed human-Al
interaction will acquaint itself with the future of
cognitive technologies. This awareness of the way that
intelligent systems are understood, trusted, and co-
operated with by humans is necessary to come up with
interfaces that are in tune with natural cognitive
limitations and biases. The research will be interested
in the concept of social cognition modelling in human-
Al interaction, the way to encourage Al decisions to be
more interpretable, and the manner in which the
interaction frameworks will ensure transparency and
psychological safety. Finally, this trend is intended to
close the gap between cognitive neuroscience and
human-oriented Al design.

CONCLUSION

Cognitive neuroscience is fast becoming a highly
integrated, technologically sophisticated field that is
capable of providing new insights into the neural
representations of human thinking and behaviour as
like never before. Emerging neurotechnologies and the
intersection of multimodal brain imaging, neural
decoding, computational modelling, and also
multimodal neuroimaging have broadened the
investigative strength of the discipline, offering the
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possibility to map brain/behaviour relationships more
accurately, as well as real-time track cognitive states.

These

developments also have  introduced

methodological, technical, translational, and ethical
issues as emphasised in this review which need to be
solved so as to safeguard responsible development.
The challenges will be overcome to make critical
translations of laboratory discoveries into significant
clinical, educational, and societal focal point. Finally,
cognitive neuroscience in the future is in, or must be,

interdisciplinary,
systems of neurotechnology,

creating personalised, adaptive
and human-biological

mechanisms that seamlessly interface brain working,
behavioural, and smart technology.
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