
Advances in Cognitive and Neural Studies| Sep - Dec 2025 

 

37 

                                                                   Advances in Cognitive and Neural Studies, ISSN: 3107-9059, Vol. 1, No. 3, 2025 (pp. 37-45) 

RESEARCH ARTICLE                                                           AASRRESEARCH.COM 

 
 
 

Advances in Cognitive and Neural Studies: 

Bridging Neural Mechanisms and Cognitive 

Processes 
M. Mejail1, B.K. Nestares2  

 

1,2Centro de Investigacion y Desarrollo de Tecnologias Aeronauticas (CITeA) FuerzaAerea Argentina Las Higueras, Cordoba,  
Argentina 

 

 

KEYWORDS: 

Neural signal processing;  

Cognitive neuroscience;  

Brain–behavior relationships;  

EEG/MEG analysis;  

Time–frequency decomposition;  

Independent Component Analysis  

(ICA);  

Machine learning 

 
 

 

ARTICLE HISTORY: 

Submitted :  16.06.2025 

Revised     :  21.07.2025 

Accepted  :  26.08.2025 

 

 

 

 

DOI: 

https://doi.org/10.17051/ACNS/01.03.06 
 

 

1. INTRODUCTION 

The process of revealing how complex cognitive 
functions arise out of neural activity is thus one of the 
major concerns of neuroscience and cognitive science. 
Neural signals recorded by modalities like EEG, MEG 
and fMRI carry detailed space and time pattern which 
translate to underlying processes of perception, 
memory, attention and decision-making. These signals 
however are very noisy, multidimensional and non-
stationary and therefore, state-of-the-art processing 
neural signal processing algorithms are needed to 
detect meaningful cognitive information [3], [6], [9]. 
Over the past few years, time-frequency 
decomposition, independent component analysis, 
connectivity modelling, and neural decoding methods 
based on deep learning have enabled researchers to 
understand how the neural insight into behavioural 
and cognitive outcomes much better [1], [12], [14]. 

This line of communication between the brain activity 
and cognition has been further reinforced by the 
growing relevance of machine learning and 
computational models. The convolutional neural 
networks, graph-based neural models, and recurrent 
architectures algorithms allow the recognition, 
classifications, and explanations of cognitive states 
with more accuracy and biological relevance [13], 
[15], [23]. These techniques enable researchers to 
discover latent neural states, follow dynamic brain 
states and learn neural-behavioural relationships 
which would not be possible with conventional 
methods of analysis [7], [24]. 

Recent literature is driven by the intersection of 
neuroscience, cognitive science, artificial intelligence 
and biomedical engineering to highlight the 
importance of integrated frameworks that integrate 
advanced signal processing, machine learning, and 
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computational modelling to decode cognition based on 
brain activity [2], [10], [17]. Such extensive 
interdisciplinary strategies do not only enhance 
scientific knowledge concerning the relationship of the 
mind and brain, but will also introduce faster results in 
terms of brain machine interfaces, cognitive reporters 
and neurotechnological applications that can have 
practical effects in the real world. The conceptual 
map of this interdisciplinary integration is shown in 
Figure 1. 

 

 
Fig. 1. Integrative Framework for Bridging Neural 

Mechanisms and Cognitive Processes 
 

2. Overview of Neural Data Used in Cognitive 
and Neural Studies 

The modalities of neural and physiological data that 
are involved in the analysis of the consciousness, 
perception, and behaviour encoding are wide. The 
various modalities represent different aspects of 
neural activity and each has its own analytical 
challenges and therefore each requires robust signal 
processing algorithms to be interpreted correctly. 

EEG has a very high resolution in time, so researchers 
are able to study quick thinking like attention, working 
memory, in addition to perceptual decision-making. As 
EEG signals are very vulnerable to noise, artefacts, 
and overlapping neural sources, a sophisticated 
preprocessing method as well as time-frequency 
analysis is needed in order to extract significant 
patterns. More precise spatial resolution and equal 
milliseconds temporal resolution magneto 
encephalography (MEG) can be used to track 
oscillatory cortical activity in brain regions in much 
greater detail. The reason is that its high 
dimensionality levels and sensitivity to sensor noise 
require some advanced means to extract features and 
reconstruct their sources. 

Functional MRI (fMRI) and BOLD signals are now 
available measurements of great spatial resolution of 
neural activities related to cognition, emotion and 
memory. Yet, their low sampling rate, non-linear 
dynamics and susceptibility to physiological confounds 
necessitate sophisticated modelling strategies, 

statistical philtres and machine learning methods to be 
able to decode cognitive states. 

Single-electrode and multichannel electrophysiological 
recordings record finer details of spike measures and 
cellular interactions at the micro circuit. Spike 
detection and sorting algorithms and dimensionality 
reduction algorithms are required to extract the 
coding principles and population dynamics in these 
datasets, which contain dense temporal information. 
The additional information about attention, arousal of 
the emotions, and mental workload is presented in 
terms of eye-tracking and psychophysiological cues: 
pupil dilation, heart-rate fluctuations, and skin 
conductance. The combination of these heterogeneous 
streams of data requires the use of multimodal fusion 
methods that can synchronise temporal attributes and 
reveal common mental images. An outline of the ways 
in which these multimodal signals help to comprehend 
neural and cognitive processes is given in (Figure 2). 

 
 

 
Fig. 2. Overview of Neural Data Modalities Used in Cognitive 

and Neural Studies 
 

3. Preprocessing Algorithms for Neural Signal 
Enhancement 

The neural signals recorded by EEG, MEG, fMRI, 
electrophysiological recordings, carry useful data of 
cognitive processes, but they are naturally noisy, non- 
stationary and may be mixed up with physiological and 
environmental artefact. Cognitive reprocessing should 
thus be a crucial step in cognitive neural studies, as it 
makes downstream feature extraction and cognitive 
decoding run off of clean, interpretable, and 
physiological meaningful signals. An overview of these 
preprocessing stages is given conceptually in (Figure 
3). 
 

3.1 Removal of Noises and Artefacts 

Technological recording of nerves usually consists of 
artefacts due to muscle stiffness, blink, heartbeat, 
and extraneous electrical noise. In order to detach 
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brain-specific elements, a couple of noise-elimination 
algorithms are being utilised. ICA (Independent 
Component Analysis) isolates both neural and non-
neural sources of interpretation; after making this 
separation, it becomes possible to accurately remove 
blink or muscle artefact without altering cognitive 
patterns. Principal Component Analysis (PCA) 
dimensionality reduction and aids in recognising 
prevailing noise factors. Blind Source Separation (BSS) 
methods represent an additional stage to sort out 
overlapping neuronal and artefact signals in 
multichannel data to increase its clarity and 
reliability. Adaptive filtering optimally modifies philtre 
parameters to reduce noise as well as noises that vary 
with time, especially in mobile neural acquisition or 
real world neural acquisition. These algorithms 
combined are very effective in enhancing the signal 
quality useful in further cognitive analysis. 

 
 

 
Fig. 3. Noise Removal and Artifact Correction Workflow 

 

3.2 Signal Standardization 

Neural signals are then standardised by undergoing 
several steps, which aim to improve consistency and 
comparability across channels, sessions, or 
participants, after removing noise. Normalisation also 
provides homogeneous amplitude scaling, and this will 
eliminate inter-subject variance. Baseline correction 
eliminates the slow drifts and trial to trial effects and 
balances the patterns of cognitive events. Isolation of 

neural oscillations associated with cognitive functions 
like attention, memory and sensory integration occurs 
with the frequency filtering which deems either low 
pass filters, high-pass filters, band-pass filters or notch 
filters. The mentioned filtering methods allow 
accurate recovery of frequency specific biomarkers 
related to cognitive states. An illustration of the 
preprocessing pipeline is provided in (Figure 4). These 
combination preprocessing algorithms are the basis of 
neural data analysis, which guarantee that the next 
decoding, classification and modelling steps are done 
on high-quality and artefact-free representations of 
the brain activity. 

 

 
Fig. 4. Preprocessing Pipeline for Neural Signal Enhancement 

 

4. Feature Extraction Algorithms for Cognitive 
State Detection 

The process of feature extraction is extremely 
important in converting the raw neural recordings to 
meaningful representations that are indicative of 
underlying mental processes. The non-stationary 
multidimensional brain signals used to decode 
cognitive states like attention, memory load, 
perceptual engagement and decision-making problems 
make it essential to extract informative temporal, 
spectral and time-frequency characteristics that can 
characterise specific brain states. These features 
which have been extracted are the basis of further 
classification, modelling, and interpretation of 
cognitive-neural studies. 
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4.1 Time Domain Feature Extraction 

Time-domain features are the immediate-time changes 
and event-locked reactions that are obtained directly 
as outputs of neural activities. One of the most 
popular time-domain measures, Event-Related 
Potentials (ERPs) indicator neural responses to a 
certain event that is phase-locked, that is, event-
specific stimuli, decisions, or errors. Interesting 
indicators of the attentional allocation and mental 
workload, sensory perception and recognition 
processes are offered by ERP components (e.g., P300, 
N200). Peak detection methods are used to identify 
local minima and maxima that are linked to the neural 
activation patterns and the zero-crossing analysis 
which measures behaviours of signal oscillations that 
are related to cognitive variability. These are time-
domain analysis techniques and are especially useful in 
characterising the fast processes of cognition in MEG 
and EEG records. 
 

4.2 Frequency -domain Algorithms 

The frequency-domain methods look at neural 
oscillations in various frequency bands, each of which 
is related to a particular cognitive process. The 
algorithms like Fast Fourier transform (FFT) transform 
raw neural signals into the spectral elements which 
allow the rhythmic patterns of cognition to be 
analysed. Power spectral density (PSD) is an 
estimation of the energy of frequencies, which can 
give information in the neural synchrony, as well as in 
the state of the mind, such as alertness, memory, and 
relaxation. The band power analysis further isolates 
activity in particular EEG bands delta, theta, alpha, 
beta and gamma each of which has been linked to 
particular cognitive processes such as working 
memory, focused attention, sensorimotor activation 
and higher-order perception. Spectral characteristics 
are very enlightening in training machine learning 
models of the cognitive state classification. 
 

4.3 Time–Frequency Algorithms 

Time frequency algorithms are a combination of a 
temporal and a spectral viewpoint, and they describe 
the time-course changes of neural oscillations. 
Continuous Wavelet Transform (CWT) offers a 
multistage measure which indicates the presence of 
transient oscillatory responses related to perceptual 
changes, attentional changes, and processing of a 
stimulus. Short-Time Fourier Transform (STFT) cuts 
signals into overlapping segments, which has allowed 
localised frequency analysis to be performed, which is 
highly capable of following a rapid cognitive event. 
HilbertHuang Transform is an adaptive and data-driven 
method to break down various nonlinear and non-
stationary neural signals, and thus makes it very useful 
in the representation of a variety of intricate neural 
dynamics representing working memory transitions, 

learning processes and emotive variability. These 
time-frequency techniques generate rich and high-
resolution attributes that capture neural oscillatory 
activities as they emerge in the process of the 
cognitive task. 

All these feature extraction algorithms together can 
be thought of as converting raw neural signals into 
cognitively meaningful representations that are 
discriminative. Associating the oscillatory rhythms and 
the temporal events with the mental states, they 
allow precise decoding of the attention, perception, 
memory, and the decision-making operations of the 
process involved in cognitive neuroscience and brain-
computer interface interfaces usage. 
 

5. Neural Pattern Recognition & Classification 
Algorithms 

Often, neural activity provides a characteristic of the 
cognitive state that must be assessed by applying 
algorithms that can distinguish subtle, nonlinear 
patterns in extremely complex brain signals. Pattern 
recognition methods convert neural representations 
into meaningful cognitive expressions following neural 
preprocessing and feature extraction to the level of 
attention, an emotional state, cognitive workload, or 
engagement in a perceptual task. Such algorithms 
mediate the aspect of neural dynamics and 
behavioural outputs giving an opportunity to decode 
cognition in real time. (Figure 5) shows the conceptual 
picture of these classification strategies. 
 

5.1 Basic Machine Learning 

Conventional machine learning techniques offer 
sensitive and interpretive neural pattern recognition 
techniques. The reason why Support Vector Machines 
(SVMs) are popular is the fact that they are useful in 
separating the high-dimensional neural features on an 
optimised decision boundary, which is appropriate in 
classifying cognitive states with limited training data. 
Linear Discriminant Analysis (LDA) is a classic 
algorithm in cognition decoding of EEGs, which uses 
linear projections to maximise-separation between 
classes and keep the computationally-friendly 
solution. Random Forests bring in the concept of 
ensemble based decoding, nonlinear relationships and 
the avoidance of over-fitting through bootstrap 
aggregation. k-Nearest Neighbours (kNN) is a simple 
algorithm that is an effective decoding model when 
cognitive states naturally cluster into separable groups 
in feature space. These algorithms provide rapid 
training flexibility, openness and excellent 
performance on numerous cognitive categorising tasks. 
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Fig. 5: Neural Pattern Recognition and Classification 

Framework 
 

5.2 Deep Learning Models for Neural Decoding 

The control of the hierarchical representations 
provided by the deep learning models has led to 
dominant position in terms of modern cognitive-state 
decodes using neural data, either unprocessed; or 
minimally processed. Convolutional Neural Networks 
(CNNs) are able to identify spatial, temporal, and 
spectral information (EEG, MEG, and fMRI) to 
accomplish their functions, as they are rather 
effective in emotion recognition, attention 
monitoring, and estimating mental workload. Long 
Short-Term Memory (LSTM) Networks and recurrent 
Neural Networks (RNNs) have the ability to learn time-
varying relationships and changing neural dynamics, 
and they can succeed in decoding continuously 
updated cognitive processes, including memory 
storage or decision courses. The Hybrid CNN-LSTM 
networks combine the feature of both networks, i.e. 
CNN layers detect spatial-spectral patterns, and LSTM 
layers monitor their changes across time, which are 
most suitable in the real time role of cognitive 
recognition in complex tasks. These deep learning 
techniques perform better than conventional ones in 
cases when a huge, high-quality neural datasets 
exists.The two approach with sewage facilitate full 
and scalable decoding of cognitive states in the many 
modalities encompassed by the brain in both 
traditional machine learning and deep learning 

algorithm. Their application to cognitive-neural 
systems makes them useful in the more advanced 
applications of brain-computer interfaces, adaptive 
learning systems, neuroergonomic monitoring, and 
personalised neurotechnology. 
 

6. Connectivity and Network Analysis Algorithms 

Connectivity and network analysis algorithms give one 
potent tools used into the cognition-supporting 
interactions between distributed neural areas. In 
contrast to feature extraction or pattern recognition 
which are interested in localised neural activity, 
connectivity analysis reflects the relationships, 
synchronisation patterns and directional influences 
between brain parts. These studies provide network-
level mechanism of attention, memory integration, 
decision-making, emotional control, and perception. 
The connectivity analysis provides a love language 
between low and high-level neural signs by modeling 
how neural assemblies coordinate and are involved in 
exchange of information. (Figure 6) shows a 
conceptual overview of the methods of connectivity 
modelling. 
 
 

 
Fig. 6: Connectivity and Network Analysis Framework 

 

6.1 Brain Network Construction 

Construction of brain networks: Brain networks are 
graphs constructed out of neural recordings, where 
nodes must be brain regions, brain sensors, and edges 
must be functional or structural relationships between 
them. The modelling on graph-theory measures 
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features of a network which include clustering, 
modularity, path length and centrality-measures that 
place emphasis on the extent to which neural 
information flows within the brain are efficiency-
prompted. These graph measures demonstrate 
network characteristics of cognitive conditions, like 
greater integration with focused attention or greater 
modular organisation with memory tasks. 

Coherence analysis evaluates the extent of 
simultaneous activity between the neural oscillations 
in various regions and can bring information regarding 
common functioning activity. The phase-locking value 
(PLV) measures the stability of phase relationships 
across time and thus it is of much help in 
comprehending how rhythmic brain activity facilitates 
processing of sensory information, changing attention, 
and decision timing. All these techniques image the 
structure and behavior of cognitive brain networks. 
 

6.2 Effective and Functional connectivity. 

Functional and effective connectivity approaches build 
on their construction of networks, in which they 
attempt to characterise statistical relationships and 
causal effects among neural signals. Directional 
interaction is determined in Granger causality, which 
establishes whether activity in one brain area predicts 
future activity in another, which allows the 
determination of causal effects between mental 
activities in cognitive control, learning, and motor 
planning. Dynamic Causal Modelling (DCM) is a 
biophysical informed model of estimating the 
influence of neurons populations on each other in 
various cognitive states with immense understanding 
of the mechanisms involved in attention, sensory 
integration, and higher-order reasoning. 

Mutual information measures nonlinear relationship 
between neural signals, which quantifies both linear 
and nonlinear relationships not only between brain 
regions but also among them. This technique is 
especially useful when it is necessary to examine some 
complex cognitive phenomenon in which conventional 
linear measures might be inadequate. Through the 
combination of these connectivity measures, 
researchers have been able to create finely detailed 
network models which can be used to understand and 
capture how distributed systems of the brain can work 
together in supporting cognitive functions. In 
combination, connectivity and network analysis 
algorithms provide a dynamic coordination perspective 
of cognition at the system level that supports localised 
neural data and classification models. 
 

7. Computational Models Linking Brain Signals to 
Cognitive Processes 

Computational models have been used to give a 
mechanistic explanation of the connexion between the 

dynamics of neural activity and the cognitive functions 
it supports. Whereas methods of feature extraction 
and classification recognize patterns in neural activity, 
computational models help understand how these 
patterns are generated, and why and why their 
generation happens, which in turn enables researchers 
to explain cognition in terms of underlying neural 
processes. These models codify complex biophysical 
signals in the form of computational principles of 
memory constitution, perceptual choice, learning 
tactics, and adaptive conduct. Computational 
neuroscience provides a more insightful explanation of 
the relations between the mind and the brain by 
combining both biological realism and mathematical 
abstraction. 
 

7.1 Spiking Neural Models 

Spiking neural models are more computationally 
efficient models that represent the behaviour of a 
single neuron or small network, and the human brain 
dynamics of cognition can be understood at the small 
scale. The Integrate-and-Fire model is a simplified 
model where neurons get input until they exceed a 
threshold after which they spike. The model is 
computationally efficient and it has been extensively 
applied in the study of network synchrony, oscillations 
and cognitive timing processes. Conversely, Hodgkin 
Huxley model provides a biophysical detailed 
explanation of ionic currents, membrane dynamics and 
production of action potentials. Though it is more 
complex, it enables researchers to examine the fact 
that the cell-level processes influence cognition, 
including the stability of the working memory, neural 
representations of sensory inputs, and variability of 
responses in decision tasks. These spiking models 
taken together can tell us how microscopic neuronal 
events have a role in the macroscopic cognitive 
functions. 
 

7.2 Cognitive Model Integration 

Computational models can also include theories of 
higher-level cognition, and more directly relate neural 
signals to the processes in the cognitive domain, in 
addition to simulating neural firing. Bayesian cognitive 
models explain cognition as a probabilistic inference 
process, and according to this model, the brain 
corrects beliefs on the basis of sensory evidence. Such 
models are in tandem with the neural activity trends 
associated with perception, anticipation and 
uncertainty management. 

Neural models based on reinforcement learning 
learners attract the brain into how the brain learns 
through reward and punishment, which provide 
understanding of adaptive behaviour, motivation, and 
habit-forming. These models are similar to neural 
responses at dopaminergic pathways and they are 
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frequently utilized to explain learning curves in 
cognitive tasks. 

Drift-diffusion models (DDM) are neural dynamics that 
are associated with decision-making, with their model 
describing evidence gathering through time until it 
reaches a decision threshold. The EEG, MEG and the 
recording of single neurons have revealed some neural 
correlates of drift rate and decision thresholds during 
perceptual discrimination, reaction-time tasks and 
cognitive control. Such models fill the gap between 
the temporal change of neural signals and the 
observable cognitive behaviours, a consistent 
explanation of the rapid and correct decision-making 
by the brain. 

Together, these methods of computation can provide 
principled connections between the biological neural 
activity and cognitive computations, and these allow 
me to better understand how the brain supports 
perceptions, learning, memory, and decision-making. 
 

8. Applications in Bridging Neural Mechanisms & 
Cognition 

Combining neural signal processing, feature 
extraction, connectivity modelling and computational 
neuroscience has made applications applicable across 
a broad spectrum of applications that have a direct 
linkage of neural mechanisms to cognitive processes. 
Such applications show how sophisticated algorithms 
put into place mental states, predict behaviour and 
the dynamic interplay of brain regions that underlie 
cognition. The methods of translating neural activity 
into cognitive outcomes that can be deciphered are 
advancing not only the basic neuroscience but also the 
actual neurotechnology. Cognitive workload prediction 
is one of the primary applications, in which neural 
oscillations, event-related reactions and network-
connectivity structure are used to predict a mental 
load in tasks of attention, multitasking, or problem-
solving. These kinds of predictions can be useful in 
other fields, like human-machine interaction, aviation, 
education, neuroergonomics, where the mental 
overload is a primary concern, both in terms of safety 
and performance. 

The time frequency tempo of memory encoding and 
retrieval analysis based on time frequency 
characteristics, hippocampal network activity, and 
computational models are used to differentiate the 
success of failure of memory formation. These and 
other oscillatory activity in theta and gamma bands 
along with connexions between cortical and 
subcortical offer a more comprehensive understanding 
of the process of memory formation, maintenance and 
retrieval. 

Neural decoding models explain how the sensory 
evidence is accumulated and processed into the 
behavioural decisions in perceptual decision making. 

The neural calculation of accuracy, reaction times and 
decision confidence are shown by the activity patterns 
in the sensory and frontal areas with the help of the 
drift-diffusion and reinforcement-learning 
models.Another impactful application is neural 
decoding of the brain-computer interfaces (BCIs). BCIs 
create the opportunity to communicate and control 
using the brain exclusively, through neural signal 
mapping to intentional actions, states of mind, or 
thoughts. Deep learning and machine learning 
algorithms categorise neurocharacteristics to serve a 
variety of purposes such as assistive communication 
plans to robots and neurofeedback training. Lastly, 
emotion, attention and consciousness studies are 
based on spectral analysis and connectivity modelling 
and computational inference combinations to discover 
how neural states mirror subjective experience. These 
works illuminate the roles of the developed neural 
networks in emotional regulation, light-sustained 
attention, awareness, as well as, the processes of 
changes of conscious and unconscious states. Together 
with them, these applications are diagnostic of the 
transformative ability of computational and 
algorithmic methods to combine neural processes and 
cognition and provide potent scientific discoveries, 
clinical innovations, and human-centred 
neurotechnology. 
 

9. Emerging Trends in Neural Signal Algorithms 

Stunning mathematic and computational neuroscience 
have given rise to a new category of neural signal 
algorithms, which are aimed at enhancing the power, 
extents, and in formativeness of cognitive-neural 
decoding. These new approaches go beyond the past 
state of machine learning and deep learning 
architectures and provide better support of complex 
neural dynamics, latent cognitive representation 
discovery and real-time applications. They all globalise 
the future trend of neural data analysis and cognitive-
state inference.Transformer-based neural decoders 
have quickly received much interest due to the 
capability to capture long-range time dependence of 
neural cues. Transformers, in contrast to recurrent 
networks, depend on attention mechanisms with the 
ability to weight the neural patterns of relevance 
across time selectively. This makes them very useful in 
decoding ongoing mental processes like long-term 
attention, alterations in emotional state, memory 
retrieval stages and natural decision-making. The 
large-scale EEG, MEG and multimodal neural datasets 
are appropriate to be analysed by their scalability and 
parallel processing capabilities. 

Brain connectivity Graph neural networks (GNNs) are 
extensions of deep learning into network 
neuroscience. GNNs can learn high-level features 
directly by the connectivity matrices by modelling the 
brain as a graph, where nodes are of the regions and 
edges the functional or structural connexions. It allows 
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the deeper interpretation of the way distributed 
networks help cognition and researchers can decode 
cognitive states on the basis of communication 
patterns instead of individual activity. GNNs will be 
especially useful in the study of such complicated 
processes as consciousness, executive control, and 
memory integration. Neural data Self-supervised 
learning is a key technique in neural science because 
the limited number of labelled datasets is a significant 
problem. Self-supervised training methods use models 
to learn representation automatically by analysing 
labelling the data on its own structure, so that it does 
not require humans to label the data. Such techniques 
provide the latent neural dynamics, enhance the 
robustness of features and allow pretraining models 
with good generalization to tasks, subjects and 
recording conditions. This requires such approaches 
that are scalable and data-efficient cognitive 
decoding. 

On-the-edge real-time neural inference is one of the 
steps that must be made toward real neurotechnology. 
Implementation of edge-AI enables performing neural 
decoding on low-power embedded platforms without 
involving cloud calculations all the time. This has 
facilitated real time applications that include 
wearable cognitive monitoring, portable brain 
computer interfaces, and continuous attention 
monitoring and closed loop neurofeedback systems. 
Edge-based inference guarantees rapid latency, energy 
savings and privacy, which are critical criteria to daily 
cognitive-neural integration. Taken together, these 
new trends point to a paradigm shift in neural signal 
analysis so that ultimately, more powerful and 
adaptive and convenient tools can be psychologically 
useful in the interface between brain activity and 
human cognition. 
 

CONCLUSION 

The capabilities of neural signal processing algorithms 
have a fundamental part in the contemporary 
cognitive neuroscience, converting unstructured and 
complicated brain activity into useful measures of 
cognitive, behavioural, and mental conditions. The 
approaches can offer an immensely useful 
intermediately linking neural processes to higher-order 
mental functions including memory, attention, 
perception and decision-making via sophisticated 
preprocessing, feature extraction, connectivity 
modelling, and computational simulations. With the 
combination of machine learning, deep learning, and 
computational models with the principles of neural 
engineering, researchers will be able to obtain more 
precise brain activity decoding, as well as introduce 
several applications, such as monitoring cognitive 
workload and brain-computer interfaces. In the future, 
the growling branches of artificial intelligence, such as 
transformers, graph neural networks, self-supervised 
learning, and real-time edge inference are likely to 

lead to improved scalability and interpretability of 
neural-cognitive research and more intelligent, 
adaptive, or human-centred neurotechnology. 
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