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Preface 

Computational cognitive neuroscience is a field that combines biology and psychology 
to utilize neural network models to simulate cognitive functions and link biological 
processes to behavior. Researchers may test theories of cognition in ways that are not 
always attainable with only experiments in this discipline. We can use computer mod-
eling to examine how networks of neurons learn, change, and occasionally fail, which 
is similar to how the brain functions normally and how it does not operate properly in 
people with neurological disorders. Students and researchers can now access this topic 
more easily thanks to advanced technologies; however, there is still some doubt. To be 
meaningful, computational models must be based on real-world data and have strict 
limits at multiple levels of analysis. The goal of this study is to examine the advantages 
and disadvantages of using computational modeling in cognitive neuroscience. It will 
provide both a theoretical basis and practical knowledge of how computational tools 
can help us understand the complex relationship between the brain and behavior. 

Understanding how the brain works is one of the greatest challenges in science, as 
it is a complex and fascinating mechanism. Computational cognitive neuroscience 
aims to bridge the gap between biology and behavior by employing computer models 
to simulate and comprehend the brain’s functioning. This book discusses neural 
networks designed to mimic the structure and operation of the brain. It focuses on 
aspects such as vision, attention, learning, memory, language, and cognitive control. 
It also examines how issues with brain systems may lead to cognitive difficulties in 
individuals with neurological disorders. As computational modeling tools improve, 
they enable us to create more precise simulations and gain a deeper understanding of 
how the brain functions. But there is still doubt about how biologically possible these 
models are. The book is for students, researchers, and professionals in neuroscience, 
psychology, artificial intelligence, and cognitive science. 

Chapter 1: “Introductory Chapter: Introduction to Cognitive Computational Models 
in Neuroscience” 

In neuroscience, cognitive computational models are crucial because they provide 
researchers with a means to explain, simulate, and predict brain functions, including 
language, learning, memory, attention, perception, decision-making, and conscious-
ness. These models are based on concepts from various fields, including cognitive 
science, computer science, psychology, artificial intelligence, and neurobiology. 
They are now a key part of current neuroscience research. This chapter examines the 
evolution of cognitive modelling over time, from symbolic models based on logic and 
rule-based systems to more recent advancements in machine learning, particularly 
deep learning and neuro-symbolic AI. The chapter describes in detail how computer 
models can help us generate testable ideas, explain how the brain functions, and 
predict human behavior. 



IV

Chapter 2: “Impact of Cognitive Computational Models in Neuroscience” 

Cognitive computational models have significantly enhanced our understanding of 
how the brain functions and its underlying structure. They have helped us learn more 
about cognitive processes, human behavior, cognitive diseases, and brain function. 
They also help us understand how people change over time by finding hidden influ-
ences. Cognitive science and computational neuroscience collaborate to investigate 
the brain’s functioning. They use deep neural network models, machine learning, 
neuromorphic computing, and high-performance computing. This chapter discusses 
various CCMs and their potential benefits to healthcare workers. 

Chapter 3: “Neurons on Microelectrode Arrays and In Vitro Electrophysiological Data 
Analysis” 

This chapter describes how to employ Microelectrode array (MEA) technology in 
investigations of functional neural networks, with an emphasis on detecting spikes 
and bursts. It also discusses multicompartment MEAs for assessing network activity 
and connectivity, which helps us gain a deeper understanding of how brain networks 
function together in vitro. The chapter combines several analytic methodologies to 
provide a framework for understanding the complex dynamics of neural networks and 
their functional connections. This makes it a valuable resource for researchers who 
utilize MEA technology to investigate neuronal electrophysiology. 

Chapter 4: “Perspective Chapter: What Image AI is Close to Human Senses?” 

Using supervised learning, self-supervised learning, and CLIP, researchers have developed 
Computer Vision Models (CVMs) to examine how people perceive their world through 
images. They utilized three sets of photos, employing SoftMax regression, to identify 
a fake CVM that was most similar to the photos. The best CVM combinations changed 
significantly across picture sets, suggesting that they are quite subjective and reflect how 
people perceive things. The best CVM similarity was linked to how people are represented. 

Chapter 5: “E-Learning in Light of the Concept of Power” 

Access to technology, curriculum setup, social presence, and feedback are all factors that 
impact e-learning. Access to technology may create inequalities among children, and 
the way the curriculum is structured can reveal how power operates. The Community 
of Inquiry approach emphasizes the importance of teacher presence in facilitating 
effective learning. Not allowing pupils to discuss topics might make them less mentally 
and socially engaged. Because of this, e-learning requires a more open and effective 
teaching approach. 

Vijayalakshmi Kakulapati 
Sreenidhi Institute of Science and Technology, 

Department of Information Technology, 
Yamnampet, Ghatkesar, Hyderabad, Telangana, India 
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Chapter 1

Introductory Chapter: Introduction 
to Cognitive Computational Models 
in Neuroscience
Vijayalakshmi Kakulapati

1. �Introduction

CCNs are particularly useful in neuroscience because they help us figure out how
the brain thinks. They provide you with an organized approach to think about how 
the brain works and how to test its functions [1]. Researchers may utilize CCMs to do 
more than simply explain how the brain works; they can also make predictions about 
how neural circuits impact how we think and act. They employ math and algorithms 
to make theories of cognition more formal by putting together information from 
neuroimaging, electrophysiological, and behavioral testing.

CM has had a hard time figuring out how neural networks operate and learning 
from raw sensory information. Symbolic models like ACT-R and SOAR were the most 
frequent cognitive models in the past. DL and artificial neural networks are becoming 
trendy again. This has allowed contemporary models to get hierarchical representa-
tions from sensory information, which helps them make complex choices and think in 
an ordered fashion [2].

Investigators are integrating probabilistic reasoning and biological plausibility into 
cognitive models, such as Bayesian cognitive models, to build learning and inference 
processes that are extremely close to how individuals think. Deep generative and 
probabilistic graphical models are two examples of frameworks that use math to 
explain how the brain deals with uncertainty [3].

Neuro-symbolic models are a big step forward in the area. They combine orga-
nized illustrations of symbolic systems with logical reasoning from neural networks 
[4]. These hybrid models encompass the complexity of the human mind, including 
acquired patterns and organized reasoning. They are becoming more common in 
higher-order cognition.

To study behavior and structure at different levels, CCNs are very important. The 
Human Brain Project and the Allen Brain Observatory are two examples of large-scale 
brain simulations that provide us with a lot of neural data to use to test and improve 
these models. This shows how important it is to have models that describe how the 
brain works and how biological processes work [5].

Emerging trends in the field include the use of reinforcement learning to model 
adaptive AI systems, which have come a long way in several areas, such as behavior 
modeling, predictive coding models, and physiologically realistic learning algorithms. 
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These new developments are also having an impact on computational neuroscience, 
giving us new ways to simulate sequential cognition and memory [6]. There are still 
problems to solve, however, such as biological plausibility and interpretability. AI 
systems do a great job of mimicking human behavior, but their structures and learn-
ing principles are frequently quite different from those found in the brain. Also, 
validating models against real-world data is necessary to show that they are useful for 
science across species and tasks [7].

This chapter discusses cognitive computational modeling in neuroscience, includ-
ing symbolic, connectionist, Bayesian, and hybrid methods. It talks about their brain 
bases, how they are used, and how modern models are used to deal with cognitive 
complexity. The chapter also talks about new trends and problems that are coming up 
in cognitive computational neuroscience.

2. �About cognitive computational neuroscience

Cognitive computational neuroscience (CCN) is a discipline that brings together 
cognitive science, neuroscience, and computer modeling to learn how the brain 
makes cognitive activities happen. It wants to connect these domains by developing 
and testing biologically accurate computer models that show how the brain works 
and behaves while doing cognitive activities. CCN studies how the brain processes 
information to help in perception, memory, language, decision-making, and other 
cognitive skills [8]. Researchers create computer models based on biological brain 
systems to represent certain cognitive capabilities. They then test these models against 
data from studies of people and animals in the actual world. CCN study also helps 
make AI and ML systems that work more like real life. A CCN researcher may, for 
instance, create a neural network model of how the brain perceives things by using 
what they know about the anatomy of the visual cortex and how neurons respond to 
visual inputs.

CCNs show how the brain processes information using arithmetic. These models 
may be compared to how people act to learn more about how the brain works. The 
goal of these models is to help us better understand how people think and use that 
knowledge in fields including AI, brain-computer interfaces, social policy, education, 
and the treatment of cognitive disorders [9].

Theories of functional modules in cognitive psychology led to the creation of 
functional imaging methods such as electroencephalography, positron emission 
tomography, and fMRI. Inspired by cognitive psychology, cognitive neuroscience 
(CNS) came up with its version of the game “20 Questions” with nature, linking cog-
nitive processes to brain areas. A brain map does not show how the brain works, but 
it does set limits for theories and might help us understand how the brain processes 
information [10, 11].

Cognitive science is important for computational neuroscience to understand how 
higher-level thinking works and how it affects behavior and cognition. We need AI, 
especially ML, to provide us with a theoretical and technical framework for modeling 
cognitive processes with physiologically realistic dynamic parts.

Computational modeling is an important technique in neuroscience because it lets 
researchers look at how neurons work on a biological scale [12]. It gives us a better 
understanding of how neurobiological features affect the characteristics of neural 
networks. Models may also be helpful at higher levels of study, such as showing how 
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the brain and behavior are connected. Some models look at behavioral phenomena 
at a middle level, incorporating information about the brain and how it changes over 
time. Some others, at the “anatomical systems” level, talk about how brain parts work 
based on their anatomical boundaries [13]. These models explore things that are not 
real, such the many sorts of representations that exist in the brain and how it learns or 
processes them.

Cognitive Computational Neuroscience (CCN) is a new discipline that brings 
together researchers from many professions to attempt to figure out how cognitive 
processes and brain systems operate together. Cognitive science models demonstrate 
how thoughts and actions are organized, whereas neuroscience focuses on the biologi-
cal mechanisms that make these things happen. Computational models provide us 
with the formal tools we need to bring together different areas of study. This helps us 
model, guess, and evaluate cognitive and neurological phenomena in the real world.

3. �Emerging technologies in cognitive computational neuroscience

Advanced technologies like neuroimaging, computational modeling, and brain-
computer interfaces are being used to learn more about the brain and how it operates. 
Some of the most prominent areas of research include functional magnetic resonance 
imaging (fMRI), electroencephalography (EEG), magnetoencephalography (MEG), 
near-infrared spectroscopy (NIRS), transcranial magnetic stimulation (TMS), and 
positron emission tomography (PET). Researchers are also focusing on CM and ML, 
which includes encoding models, neural networks, ML algorithms, Bayesian Brain 
Modeling, and brain-computer interfaces that enable the brain to communicate with 
other systems [14].

CNS looks at how brain circuits handle information. Bayesian inference models, 
recurrent neural networks (RNNs), and reinforcement learning algorithms are some 
examples of mathematical models that may be used for this [15]. Researchers used 
deep convolutional neural networks (CNNs) to predict how neurons in the monkey 
visual cortex would act. This shows that there is a link between artificial and biologi-
cal neural networks. Researchers have used recurrent neural network models to find 
out how prefrontal cortical networks retain information when doing memory tests. 
The CCN research uses AI’s reinforcement learning methods to copy how the brain 
learns from rewards and punishments. This is like how dopamine neurons and basal 
ganglia circuits operate in animals and humans [16].

AI algorithms are outstanding at predicting risks like depression, suicide, future 
drug addiction, and functional consequences. But they need to be validated to make 
sure they can be used in other situations and in the clinic. AI technologies save time 
in the health business by swiftly analyzing large volumes of data and anticipating 
treatments. They may also help create new theoretical models of how diseases work, 
find gene expression patterns that are connected to mental illnesses, and assist in 
predicting which medications will work, which can lead to the identification of new 
compounds that might be used to treat disorders. Cognitive neuroscientists may learn 
more about the brain and behavior, which helps both neuroscience and psychology. 
AI approaches may open new ways to intervene early, showing how AI and technol-
ogy may help us learn more about behavior in science [17].

Functional neuroimaging employs neuroimaging technologies to look at how the 
brain works and how it relates to certain activities, stimuli, cognition, behaviors, or 
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neural processes. EEG, MEG, PET, fMRI, fNIRS, fTCDS, and MRS are some of the 
most common technologies. These technologies provide us with many ways of looking 
at complicated neurological processes [18]. As a result, multimodal imaging is becom-
ing an area of interest for academic, therapeutic, commercial, and military purposes. 
In the future, these technologies may be used to gather information, teach people, 
screen for terrorism, and connect soldiers with machines.

Explainable AI is an important part of CM research because it makes models 
easier to understand and see through. Cognitive architectures like ACT-R and 
SOAR combine several models. Future research will concentrate on more complex 
ML methods. To make whole cognitive models that are easier to understand and 
see, multimodal modeling that includes behavioral, neurological, and physiologi-
cal data is necessary [19].

HPC approaches may help with problems with computational performance 
in huge data sets and complicated models by employing platforms like JSC and 
supercomputers like Sequoia. They need more storage space, but they can conduct 
simulations that cut down on runtimes. Using big data and DL models together can 
make Alzheimer’s disease diagnoses more than 90% accurate. As big data techniques 
provide bigger data pools, brain research will need quicker and more powerful 
computer approaches to be more complete.

Combining cognitive neuroscience, cognitive psychology, robotics, and AI gives 
us a full picture of how the brain works, which helps us make progress in AI, robotics, 
and healthcare.

4. �Conclusion

Cognitive Computational Neuroscience is a new way to learn about the brain 
and cognition. CCN’s goal is to uncover the neural basis for cognition by developing 
computational models guided by both cognitive theory and neuroscience evidence. 
This method might help not just with fundamental research but also with AI, neuro-
psychiatry, education, and how people and computers interact with one another. The 
discipline will only be successful if biological plausibility, computational rigor, and 
cognitive relevance continue to be combined.

5. �Future enhancement

In the future, CNS will focus on creating encoding models to look at how brain 
representations change as people learn and grow, using more realistic tasks in neuro-
imaging studies to learn more about how the brain works in everyday life, combining 
knowledge from cognitive science, neuroscience, and AI to get a better picture of how 
the brain works, and making new and better neurotechnology for diagnosing, treat-
ing, and improving brain function. These new developments not only change the way 
cognitive neuroscience research is done, but they might also influence many other 
areas, such as mental health, neurology, education, and AI.
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Chapter 2

Impact of Cognitive Computational 
Models in Neuroscience
Vijayalakshmi Kakulapati, Md Jaffar Sadiq and 
Aruna Varanasi

Abstract

Cognitive computational models have significantly enhanced our understanding 
of the brain’s structure and function, providing insights into cognitive processes, 
human behavior, cognitive illnesses, and brain function. They also aid in understand-
ing lifetime development by identifying latent factors. Cognitive science and compu-
tational neuroscience work together to understand brain processing, with cognitive 
science studying how neurons perform basic cognitive functions and cognitive 
neuroscience creating models that break down cognition into functional components. 
Advancements in deep neural network models, machine learning, neuromorphic 
computing, high-performance computing, and machine learning enable cognitive 
computational neuroscience to simulate brain data arrangement and encode neural 
signals for brain-machine interfaces. This chapter explores different cognitive compu-
tational models (CCM) and their benefits, providing recommendations for healthcare 
professionals.

Keywords: computing, deep learning, machine learning, neurons, cognitions, 
technologies, healthcare, physicians, brain, data, signals

1. �Introduction

Thinking, learning, and remembering are examples of cognitive processes that 
fall into declarative and procedural categories and are essential to human activity. 
Intelligence, a comprehensive cognitive capacity, encompasses thinking, problem-
solving, and learning. Divergent individual capabilities might result in differing 
coping mechanisms under tough circumstances. Mild cognitive impairment manifests 
as a deterioration in memory and cognitive function associated with aging and 
dementia, perhaps including issues with memory, language, or judgment. Cognitive 
diseases often start insidiously but advance, impairing quality of life. Comprehending 
these illnesses and their manifestations is crucial [1].

The word “model” in the behavioral and brain sciences refers to a variety of 
models that are used to investigate information processing and brain function. 
Data-analysis methods delineate correlations among variables, whereas effective 
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connectivity and causal-interaction models deduce causal impacts. Box-and-arrow 
representations illustrate cognitive component functions, whereas word models offer 
ambiguous explanations. Oracle models depend on inaccessible information, whereas 
brain-computational models replicate task execution. Image-computable models 
forecast cerebral activity and behavioral reactions, whereas deep neural networks 
offer image-computable models for visual processing. Reinforcement learning models 
utilize authentic environmental input for their learning processes [2].

Cognitive computational models have considerably advanced our knowledge of 
the brain’s structure and function, revealing information about cognitive processes, 
human behavior, cognitive diseases, and brain function. They facilitate the compre-
hension of lifelong development by recognizing hidden elements [3].

Through the conversion of hypotheses into implemented models and stimuli into 
numerical descriptors, computational modeling may help close the gap between neu-
robiology and cognition. This pertains to sophisticated deep learning models, neural 
encoding analysis techniques, and conventional instruments like as parsers, language 
models, and vector-space models. These models convert verbal assumptions into 
numerical representations or metrics that may be correlated with brain or psychologi-
cal information [4].

Cognitive computational models have profoundly impacted neuroscience by 
enhancing our comprehension of the brain and its information processing mecha-
nisms. They assist in delineating, quantifying, and validating intricate cognitive 
processes, forecasting behavior, and facilitating therapeutic applications. They 
amalgamate various neuroscientific data, formulate ideas on lifetime development, 
and simulate relationships among neurons and glial cells.

Computational modeling can connect cognition and neurobiology by converting 
hypotheses into executable models and stimuli into numerical representations. This 
pertains to sophisticated deep learning models, neural encoding analysis techniques, 
and conventional instruments such as parsers, language models, and vector-space 
models [4].

The present study is organized as follows: Section 2 provides a background study 
of computational cognitive neuroscience. Section 3 presents a relevant study in the 
field of computational cognitive neuroscience, and Section 4 gives detailed informa-
tion about emerging technologies in computational cognitive neuroscience. Section 
5 provides the overall discussion of the present study. Finally, Section 6 delves into 
concluding remarks, followed by future research prospects.

2. �Background of the study

Cognitive science and cognitive neuroscience have advanced considerably 
since the era of Allen Newell, marked by the emergence of computational models 
and the necessity of artificial intelligence in the comprehension of cognition. 
During the 1980s, cognitive science achieved notable progress through symbolic 
cognitive architectures and neural networks that utilized human behavioral 
data [5, 6]. Nevertheless, computer hardware and machine learning have not 
yet progressed sufficiently to replicate cognitive processes in their entirety. The 
emergence of human functional brain imaging enabled cognitive neuroscience to 
align the information-processing modules of cognitive psychology with the brain; 
however, it was deficient in computational rigor. Cognitive science and neurosci-
ence diverged in the 1990s [7].
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The work in machine learning, artificial intelligence, cognitive science, and 
neuroscience has impacted each other’s research. The research of McCulloch and 
Pitts on the brain was influenced by Turing’s contributions to computation, which 
subsequently inspired Rosenblatt’s development of the Perceptron. Neuroscience 
and psychology established the foundation for reinforcement learning, deep 
learning, and innovative external memory systems, such as the Neural Turing 
Machine [8].

The field of computational neuroscience emphasizes creating mathematical 
representations of fundamental cognitive processes such as sensory coding, normal-
ization, working memory, evidence accumulation, decision-making processes, and 
motor control. The discipline is also evaluating intricate models to elucidate advanced 
sensory and cognitive brain representations (Figure 1) [10, 11].

Computational models have gained significance in human neuroimaging research, 
offering a framework for elucidating intricate brain-behavior correlations and 
forecasting cognitive, behavioral, and clinical results. This has fostered excitement 
about their capacity to augment our comprehension of cerebral activity and refine the 
forecasting of clinical problems [12]. Nonetheless, the constraints of neuroimaging 
have become more evident, particularly in studies concerning higher-order cognition 
and mental disorders [13, 14]. Swift breakthroughs in neurotechnology, includ-
ing invasive recordings of human brain activity and real-time recordings through 
wearables, are vying for prominence in neuroimaging. These improvements provide 
unparalleled access to high-temporal and spatial resolution brain data and present 
novel opportunities for both fundamental and therapeutic research [15].

Various neuroscientific data from various research studies may be integrated by 
computational models, which can concentrate on factors such as learning rates and 
PEs. This convergence can be attained by online methods, controlled laboratory 
experiments, neuroimaging techniques, and invasive procedures. Comprehending 
neurobiological pathways via systematic study is essential for individualized mental 
wellness utilizing neuroscience. A multimodal approach is crucial for effectively 
utilizing many data sources and incorporating novel neuroimaging and behavioral 
techniques [16].

Figure 1. 
Cognitive computational neuroscience [9].
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3. �Existing works

To produce human language and extract information from text input, Natural 
Language Processing (NLP) uses language models, which are computer systems. They 
forecast words or sequences depending on the prior or adjacent context. Examples 
include n-grams, probabilistic symbolic grammars, recurrent neural networks 
(RNNs), and transformer architectures. N-grams provide for a certain quantity of 
previous words but fail to represent hierarchical structures or long-range interdepen-
dence. Probabilistic context-free grammars openly represent hierarchical structures 
but do not use similarities across words and situations [17].

When analyzing Cognitive Networks (CCNs), encoding models are crucial 
because they use a weighted linear mixture of data taken from experimental inputs 
to predict brain activity. Models like the general linear model (GLM) utilize sensory 
properties as input and brain responses as output. Recent research has established 
models utilizing latent characteristics obtained from Artificial Neural Networks 
(ANN) [18]. Encoding models connect cerebral activity with artificial intelligence via 
a representational space, facilitating the evaluation of cognitive ideas [2].

The brain uses probability principles to evaluate data based on past knowledge, 
according to Bayesian cognitive theories [19]. In visual perception, retinal impulses 
represent external things, and to deduce these objects, we evaluate potential con-
figurations and their explanatory adequacy for the image. Our preexisting ideas are 
encapsulated by a generative model that delineates the likelihood of each configura-
tion and the probabilities with which a certain configuration would yield various 
retinal pictures. A Bayesian vision model may employ a generative model of the 
combined distribution of sensory input and environmental causes [20].

The China Brain Project, a component of the Innovation 2030 Major Science 
and Technology Projects, seeks to advance computational neuroscience to eluci-
date the neural foundations of cognition and neurological disorders. By mapping 
neural connections, the project will create effective algorithms and analytical 
tools to handle vast volumes of structural and functional data. The utilization of 
machine learning in analyzing brain abnormalities is crucial for the early detec-
tion of diseases and the assessment of therapy efficacy. The utilization of machine 
learning technologies for encoding and decoding neural signals will be essential in 
brain-machine interfaces [21].

Through the use of sophisticated models built using deep learning, neural encod-
ing analysis techniques, and conventional tools, computational modeling may close 
the gap between neurobiology and cognition by converting inputs into numerical 
descriptors and hypotheses into implemented models [4].

In a study [22] on virtual or augmented reality digital communication frameworks 
underscores the difficulties in merging cognitive neuroscience with diverse technical 
fields. The efficacy of these systems is influenced by impaired perceptual and cogni-
tive processing resulting from physiological and pathological aging causes, chiefly 
linked to neurotransmitter variations. The convergence of neuroscientific ideas with 
the Metaverse represents a potential multidisciplinary area.

Using mathematical frameworks such as partially-observable Markov decision 
processes (POMDP) and bilinear mappings, recent models have investigated the 
dynamically-gated working memory system, offering insights into its computational 
features [23, 24]. Dayan’s research is on connecting fundamental gating processes 
for working memory updating with the system’s capacity to execute tasks swiftly via 
vocal instructions. The research conducted by Ashby and colleagues demonstrates 
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that a PFC/BG system can elucidate significant discoveries in the categorization litera-
ture, hence providing more empirical opportunities for evaluating these theories [25]. 
Increasing empirical evidence from biological and cognitive neuroscience research 
substantiates the fundamental concepts behind these computer models [26].

Eye Movement analysis with Hidden Markov Models (EMHMM) has found 
prospective biomarkers for mental diseases such as sleeplessness, social anxiety, tem-
peramental shyness, and stranger fear. Individuals with insomnia often misinterpret 
angry expressions as being afraid, owing to deficiencies in the eye area, indicating 
problems with attention management [27]. Eye movement flexibility predicts social 
anxiety symptoms in adults, but attention bias toward frightening faces correlates 
with temperamental shyness and stranger anxiety in infants [28]. Individuals experi-
encing their initial episode of schizophrenia have nose-centric eye movement patterns 
in gaze direction perception, signifying positive psychotic symptoms. Pain perception 
indicates that persons with unfavorable perceptions of illness-related situations have 
increased nose-focused eye movement patterns [29].

The viability of using online media mining to seed computer models of behavior 
modification for non-painful intentions (NPIs), such as mask wearing and social 
distancing, was shown by [30] using PVA simulations. They utilized two stud-
ies of COVID-19 Twitter datasets and predicted mask-wearing behavior in four 
US states. The first Twitter research concentrated on pro- and con-mask-wearing 
using hashtags, but the subsequent analysis offered a more nuanced examination of 
cognitive content utilizing Natural Language Processing (NLP) methodologies. The 
analyses were included in PVA models concerning attitudes and behaviors related 
to mask-wearing, and the predictions were juxtaposed with actual mask-wearing 
behaviors in those states throughout the 2020–2021 period. ACT-R theory, a cognitive 
architecture, serves as a computational realization of a cohesive theory of cognition, 
seeking to distill a consensus on the fundamental structures and processes of cogni-
tive architectures [31].

PsyNeuLink is a platform created by Princeton University’s Neuroscience of 
Cognitive Control Lab, providing a modeling environment for computational 
models utilized by neuroscientists, psychologists, and computer scientists to 
investigate brain functions, psychological behaviors, and their connection to 
artificial intelligence. It seeks to provide a centralized repository for model-
sharing, enabling scientists to access optimal modeling tools for comprehending 
brain-based human intelligence [32].

4. �About emerging technologies in neuroscience

Inspired by biological brain networks, the neural network model explains cogni-
tive processes like visual object identification by combining information processing 
and various inputs. Sharp networks approximate any function, but deep networks 
address intricate tasks. Recurrent neural networks enhance engineering and capture 
repetitive signaling in the brain. Supervised learning techniques, including gradient 
descent, are employed for parameter estimation. Nonetheless, the use of this method 
by the brain remains contentious. Biologically realistic implementations of backprop-
agation and analogous supervised learning techniques may elucidate computational 
functions in the brain and propel developments in artificial intelligence.

Neuroscience includes diverse domains such as neural networks, brain-computer 
interfaces (BCIs), neuroinformatics, neuroimaging, cognitive neuroscience, neural 
15



Emerging Technologies in Computational Cognitive Neuroscience

6

signal processing, neurodynamics, big data analytics, computational methods in 
neurobiology, neuroengineering, artificial intelligence in neuroscience, and math-
ematical simulation and evaluation of neurological diseases while tackling intricate 
issues in pattern recognition and signal processing.

The use of computational models to decipher intricate brain-behavior interactions 
and forecast cognitive, behavioral, and clinical consequences is growing in human 
neuroimaging research [12]. This has resulted in heightened interest in comprehend-
ing cerebral activity and forecasting clinical situations. Nonetheless, neuroimaging 
possesses limitations, particularly with higher-order cognition and mental illnesses 
[13]. Accelerated neuro-technological progress, including invasive brain activity 
recordings and wearable devices [33, 34], is vying for attention, offering access to 
high-temporospatial resolution neural data and ecologically relevant metrics. The 
issue persists regarding the continued significance of neuroimaging for behavioral 
studies of neuroscience.

Computational neuroscience is a swiftly advancing discipline that employs 
many models in neuroimaging and neuroscience research. These models may be 
either theory-driven or data-driven, with theory-driven models concentrating 
on elucidating the brain computations that underpin certain actions and cogni-
tive processes [35]. Data-driven models, meanwhile, maintain a theory-agnostic 
approach, emphasizing data mining for practical objectives, such as discovering new 
patterns or forecasting clinical outcomes. Machine learning (ML) methodologies are 
pivotal to the AI revolution, employing both supervised and unsupervised learning 
approaches to attain practical results. These models emphasize empirical correla-
tions within extensive datasets and present considerable therapeutic promise via 
biomarker discovery or the tailoring of treatment protocols [36, 37]. Hybrid models, 
which integrate diverse theoretical assumptions and empirical data, can be utilized 
alongside various imaging modalities, such as fMRI for theory-driven models that 
correlate cognitive functions with specific brain regions and circuits, and EEG for 
mechanistic, theory-driven, and predictive models that examine temporally sensitive 
phenomena [38–40]. MEG, due to its superior temporal and spatial resolution, is 
applicable for models necessitating accurate timing and localization of brain events, 
including predictive modeling [41].

Optogenetics is a technique that uses light to regulate and manipulate particular 
neurons in the brain, enabling researchers to investigate intricate neural circuits 
associated with many behaviors and brain processes. The fundamental aspect of opto-
genetics is the utilization of microbial opsins, including Channelrhodopsin-2 (ChR2) 
and Halorhodopsin (NpHR), which are light-responsive proteins derived from algae 
and bacteria. These proteins can be genetically modified and introduced into neu-
rons using viral vectors, eliciting a response that can be documented and examined. 
Optogenetics is particularly intriguing as it may selectively target certain neuronal 
populations, such as those in the prefrontal cortex, which are implicated in decision-
making and social behavior [42].

Systems that enable communication between the brain and external devices are 
known as brain-computer interfaces (BCIs). They record and analyze brain activity 
and convert it into commands that may be used to operate computers, prosthetic 
limbs, or other devices. There are two primary categories: non-invasive BCIs utilizing 
sensors placed on the scalp or ears, and invasive BCIs that involve the implantation of 
electrodes directly into the brain. A brain-computer interface (BCI) has prospective 
uses in the rehabilitation of paralysis, management of neurological disorders, and the 
gaming and entertainment sectors [43].
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The CRISPR-Cas9 (Clustered Regularly Interspaced Short Palindromic Repeats) 
system relies on the guide RNA (sgRNA) to direct the Cas9 enzyme to the appropriate 
region of the genome for editing. It is a combination of CRISPR RNA (crRNA) and 
trans-activating CRISPR RNA (tracrRNA), enabling effective mammalian genome 
editing. The design of sgRNA, especially the gRNA domain, is essential for its effec-
tiveness and precision. High-specificity sgRNAs are crucial for accurate genome 
editing, reducing off-target effects, and enhancing the efficacy of CRISPR-Cas9 
technology in both research and therapeutic contexts [44].

The disordered electrical impulses in the brain of people with Parkinson’s dis-
ease and other neurological disorders generate symptoms connected to movement. 
DBS disrupts these impulses, resulting in tremors and other motor symptoms. 
Neurosurgeons insert wires known as “leads” into the brain, which are linked to 
a compact neurostimulator. Consistent electric current pulses traverse the leads, 
and the neurostimulator is configured to provide an electrical signal that optimizes 
symptom management while minimizing adverse effects [45].

The National Parkinson’s Foundation advocates for daily balance and deep brain 
stimulation (DBS) surgery for Parkinson’s disease patients exhibiting symptoms that 
impede daily activities, experience mobility fluctuations due to PD medications, dem-
onstrate a consistent positive response to medications, and require multiple combina-
tions of PD medications under the supervision of a neurologist. Nevertheless, certain 
patients may be less appropriate candidates for DBS surgery owing to issues with 
balance, speech, cognitive disorientation, memory impairments, mental disorders, or 
heightened surgical risks.

Employing data-driven methodologies, AI systems can forecast risk variables 
such as substance misuse, depression, and suicide risk [46]. Nonetheless, valida-
tion is required for their generalizability and clinical applicability. AI technologies 
enhance efficiency in the healthcare business by forecasting treatment modalities 
and constructing innovative disease pathophysiology models. Machine learning may 
also identify gene expression patterns associated with psychiatric disorders. Artificial 
intelligence can assist in predicting pharmaceutical outcomes and identifying novel 
compounds with therapeutic potential. Nonetheless, AI encounters obstacles in 
healthcare systems due to the insufficient understanding of the molecular factors 
behind psychiatric disorders.

By gathering cognitive and behavioral data from people completing comparable 
tasks, XAI can build human strategy models. This knowledge may be juxtaposed with 
AI models’ tactics, refining users’ perceptions of AI decision-making processes. A 
Human Saliency Imitator forecasts human attention maps in image categorization by 
employing a deep learning model trained on human attention data [47]. A separate 
research study created a Human Attention-Guided XAI that optimizes the congru-
ence of XAI saliency maps with human attention maps for object detection tasks. This 
approach can assist XAI in identifying possible adversarial assaults, including tiny 
alterations to an image or input that result in misclassification by AI [48].

The investigation of the brain’s anatomical and functional interconnections. Graph 
theory is essential for examining brain connection patterns, offering insights into 
the communication and collaboration across brain areas. This understanding aids in 
comprehending cognitive processes and illnesses, enabling individualized therapies 
aimed at specific brain circuits.

Rapid advancements in brain-computer interfaces (BCIs) hold considerable 
promise for improving human communication and cognition. Recent advance-
ments encompass implanted devices for those with paralysis and non-invasive 
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brain-computer interfaces utilizing electroencephalography and transcranial mag-
netic stimulation for brain-controlled prostheses. The necessity for further refining is 
to enhance the accessibility and user-friendliness of these technologies.

Neuroplasticity, the brain’s extraordinary ability to remodel and alter its structure and 
function, is being investigated using brain stimulation methods such as transcranial direct 
current stimulation (tDCS) and transcranial magnetic stimulation (TMS). These strate-
gies are being investigated to improve learning, memory, and rehabilitation in patients 
with neurological diseases. Nonetheless, ethical concerns and thorough study are essential 
for the secure and successful application of brain stimulation techniques [49].

The EEG signal, comprising many fundamental frequencies, represents cognitive 
functions and brain states across time. It is categorized into five sub-frequency ranges: 
delta, theta, alpha, beta, and gamma waveforms. Delta-band activity correlates with 
deep sleep, whereas theta waves are linked to awareness, attention, orientation, and 
working memory. Alpha waves are located in the occipital and posterior areas of the 
brain, whereas beta waves are mostly linked to awareness or alertness. Gamma fre-
quencies are prevalent across cortical regions and are involved in processes including 
perception, attention, memory, consciousness, synaptic plasticity, and motor control. 
These frequencies facilitate the comprehension of brain activity and its influence on 
cognitive processes [50].

Invasive brain activity recordings and real-time wearable recordings are two 
examples of emerging neuro-technological technologies that are upending conven-
tional imaging techniques by offering previously unheard-of access to high temporal 
resolution neural data and ecologically based measures [33, 51, 52]. These develop-
ments expand the methodological repertoire of the area, providing new opportunities 
for both fundamental and clinical study.

Blockchain technology and neuroscience may augment health and technologi-
cal breakthroughs, especially in the treatment of neurological illnesses. The human 
brain, consisting of many neurons, generates a series of decentralized events that 
influence our conscious experiences, akin to blockchain technology. Each episode 
is safely archived and readily available, mitigating confusion with childhood recol-
lections. Blockchain is a safe mechanism for storing and disseminating information, 
making it appropriate for tackling neurological issues and neurodegenerative diseases 
such as Parkinson’s and Alzheimer’s. A neuron-based consensus system may facilitate 
rapid and efficient blockchain operations, despite the analogy being complex and 
dependent on extensive data. The hash function in blockchain technology elucidates 
the human brain’s sensitivity to slight input variations, therefore assuring data secu-
rity and integrity within a network [53].

Cognitive augmentation, a technology using AI, virtual reality, and brain-
computer interfaces, is rapidly advancing, improving cognitive capabilities such 
as attention, memory recall, and problem-solving, with applications in education, 
healthcare, and business, notwithstanding ethical issues. Cognitive augmentation 
is a technology-driven method that improves mental functions such as memory and 
problem-solving by using AI systems to interpret extensive data more effectively than 
humans. This collaboration seeks to provide a more efficient and effective method for 
managing intricate jobs. Nonetheless, ethical dilemmas emerge around accessibility 
and reliance on technology. As these advancements proliferate, access to sophisticated 
cognitive tools may be restricted to certain people, exacerbating existing inequi-
ties. Furthermore, dependence on technology for cognitive functions may result in 
a decline in people’s inherent cognitive skills over time, prompting worries about 
autonomy and the ramifications of external technologies on critical thinking [54].
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Motor skills are essential for learning and development, with fine motor skills 
associated with language acquisition in infancy and writing proficiency in older 
children. Gross motor abilities, including crawling and walking, are associated 
with overall well-being and scholastic achievements, particularly in mathematics. 
Excessive screen usage adversely affects fine motor skills and heightens the likeli-
hood of obesity in preschool-aged children [55]. Attention control and executive 
function capabilities correlate with diverse educational results; television viewing 
adversely affects children’s attention skills, but video games may enhance attention, 
task-switching, and multitasking abilities. A recent comprehensive analysis, however, 
revealed no significant effect of screen usage on executive functioning skills in young 
children [56]. Engaging educational applications focused on vocabulary and language 
acquisition may enhance linguistic results. Sleep serves as a crucial facilitator for 
learning, since blue light emitted from screens influences melatonin levels, impairing 
sleep quality and delaying its onset [57].

A technique called Cognitive IoT uses AI and IoT to enhance systems by analyzing 
vast amounts of data and coming to more intelligent conclusions. It entails the syn-
thesis of data from the physical environment via sensors and actuators, then relaying 
it via the internet connection to the IoT infrastructure. Cloud computing oversees 
and evaluates this data, while artificial intelligence elements such as AI, natural 
language processing, and machine learning facilitate the system’s intelligent adapta-
tion and evolution. Edge computing analyzes data near its source, guaranteeing rapid 
and informative outcomes. Comprehensive security protocols safeguard devices and 
information, while an intuitive interface ensures seamless interactions between users 
and devices. Challenges include data overload, security issues, interaction with legacy 
systems, infrastructure expenses, the absence of standards, analytical complexity, tal-
ent scarcity, and fast technical advancements. The cognitive IoT market is projected 
to reach $238.1 billion by 2032, representing a sevenfold rise within a decade [58].

Quantum cognition is a theoretical framework in neuroscience that employs 
quantum physics to explain how the brain works when it comes to things like 
memory, perception, and making decisions. It tries to use quantum principles to 
explain cognitive processes that do not make sense or are contradictory. This area is 
very important for solving research problems in bio-inspired soft computing and 
adaptive distributed computing systems. An algebraic approach to quantum physics 
using linear Hermitian operators creates a computer model of cognitive function and 
consciousness. The model includes decision functions based on neurodynamics and 
trigonometric wave functions that closely match the way neurons fire. This analytical 
technique shows how to use quantum mechanical processes to represent brain activa-
tion and other cognitive operations [59].

5. �Discussion

The conception of computer models for neuroscience and neuroimaging research 
is being impacted by the philosophy of science [60]. There are two primary categories 
of models: theory-driven and data-driven. Theory-driven models elucidate the neural 
computations that underpin certain behavioral and cognitive processes, leveraging 
existing understanding of brain architecture, functionality, and cellular and molecu-
lar mechanisms. They generate testable predictions regarding neurological and 
behavioral effects, which may be objectively evaluated against observable data via 
simulations and model fitting. Differentiations in the models’ design and parameters 
19



Emerging Technologies in Computational Cognitive Neuroscience

10

may elucidate the neurological foundations of mental diseases. Data-driven models 
emphasize data mining for practical objectives, such as uncovering new patterns or 
forecasting clinical outcomes [61]. They employ machine learning methodologies 
to uncover empirical correlations within extensive datasets and provide therapeutic 
applicability via biomarker discovery or treatment protocol personalization [62]. 
Hybrid models, which blend theory and data, have been employed concurrently, 
combining diverse levels of theoretical assumptions and empirical evidence. Various 
imaging modalities are optimally utilized for informing computational models of 
differing scales, including fMRI for delineating cognitive activities to particular brain 
areas and circuits, EEG for enhanced temporal resolution, and MEG for accurate 
timing and localization of neural events [38, 39].

Various neuroscientific data, including online, controlled laboratory, and neu-
roimaging data, may be integrated using computational models that concentrate on 
factors such as PEs and learning rates. This methodology is essential for individual-
ized mental wellness via neuroscience, necessitating a multimodal perspective to 
effectively use varied data sources and include innovative techniques [16].

Blockchain technology with neuroscience may improve health and technological 
advancements, especially in the treatment of neurological illnesses, resolving chal-
lenges within healthcare systems, and advancing human cognition across several 
sectors [63].

Digital technologies have a modest influence on learning and development, 
influenced by several circumstances. Nonetheless, not all consumers possess the 
knowledge to use technological equipment effectively. Policy recommendations 
might mitigate this gap by offering information on using digital technologies to give 
feedback and engage in discussions about content, even in the absence of technology. 
Cognitive IoT, integrating intelligent technology with cognitive computing, facilitates 
autonomous learning and decision-making across several domains, including urban 
environments, healthcare, and manufacturing. Notwithstanding problems such as 
data management and security, it has significant promise for intelligent settings.

6. �Conclusion

Neuroscience is rapidly progressing with advancements in optogenetics, nano-
technology, and virtual reality, which are transforming research and therapy. These 
technologies manipulate neurons, provide pharmaceuticals, and enhance rehabili-
tation regimens. Neuroimaging, connectomics, machine learning, and artificial 
intelligence are driving progress in neuroscience research and clinical applications. 
Brain-computer interfaces and brain stimulation methods are elucidating cerebral 
enigmas and improving neurological conditions. Neurological research aims to 
understand the nervous system’s workings and resolve problems affecting the body, 
brain, and nervous system. It recognizes impairments and mental diseases, detects, 
diagnoses, and prognoses using AI for medical data processing.

Brain-computer interfaces and non-invasive brain stimulation technologies are 
transforming mobility, communication, and brain-machine integration. AI is a 
potent instrument for advancing neurological research, facilitating the examination 
of intricate neurological data. With an emphasis on multidisciplinary research to 
address difficult issues and hasten their integration across sectors, the effort attempts 
to develop technologies that replicate human cognition and facilitate data-driven 
decision-making. Analytical approaches in computational neuroscience are essential 
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for domains such as spiking neural networks, neural field theories, tensor networks, 
quantum kernel learning, photonic quantum networks for intelligent network 
computing, and quantum state teleportation. A computational framework including 
many tiers of three-dimensional picture representation and behavioral manipulation 
is essential for the next era of neuroscience, with quantum computing possibly usher-
ing in a new phase in the study of the brain.

7. �Future enhancement

Through computational modeling, neuroscience may improve the treatment of 
neurological illnesses and close the gap between neurobiology and cognition. This 
encompasses deep learning models, neural encoding analysis techniques, and con-
ventional instruments such as parsers, language models, and vector-space models. 
Future advancements will concentrate on multimodal analysis within computational 
cognitive neuroscience.
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Abstract

Microelectrode array (MEA) technology has been used in functional neuronal 
network studies for decades, enabling the analysis of extracellular neuronal activity in 
both in vivo and in vitro. The proper interpretation of MEA recordings relies on effec-
tive neuronal signal processing and analysis. A key challenge in the field is accurate 
detection of extracellular neuronal activity (spikes) and identifying their occurrence 
in dense temporal clusters known as bursts. These bursts can be recorded by indi-
vidual electrodes (single-channel bursts) or across multiple MEA electrodes (network 
bursts), adding substantial complexity to the analysis. This chapter provides a 
comprehensive overview of MEA signal analysis techniques, including methods for 
spike detection, burst identification, and the assessment of functional connectivity 
within neuronal cultures. We also include the studies involving the multi-compart-
ment MEAs in the context of network activity and connectivity assessment, since 
such MEA setups offer a spatiotemporal depth in neural network interactions in vitro, 
facilitating more thorough insights into neurodevelopment and disease modeling. By 
integrating various analysis methods, the chapter offers a framework for understand-
ing the complex dynamics of neuronal networks and their functional connectivity, 
making it a valuable resource for researchers using MEA technology for analyzing 
neuronal electrophysiology.

Keywords: burst, EAP, extracellular action potential, extracellular electrophysiology, 
functional connectivity, MEA, microelectrode array, network burst, neuron, signal 
analysis, spike

1. �Introduction

The neurons belong to electrically excitable cells, as their membrane is capable 
of rapid impulse conduction: a transient voltage perturbation—the action potential, 
also called a spike. The brain’s remarkably complex function arises from the electrical 
activity of billions of neurons. The brain encodes information through the frequencies 
and timing patterns of action potentials generated by neuronal populations, which is 
rather difficult to study non-invasively [1–3].
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The electrical properties of neuronal activity allow for distant acquisition through 
microelectrodes [4, 5]. However, accessing the micro- and mesoscale electrophysi-
ological dynamics of the human brain in vivo presents significant challenges. On the 
other hand, these dynamics are effectively studied using animal models and in vitro 
human pluripotent stem cell-derived neuronal cultures by utilizing microelectrode 
arrays (MEAs) to record extracellular neuronal electrophysiological activity in 
both in vivo and in vitro settings [4–7].

Unlike intracellular recordings, MEAs capture activity from multiple neurons 
across several locations simultaneously [4, 5, 8–11], offering insights into network 
function and connectivity, which are crucial properties of neuronal networks. The 
obtained information about electrophysiological activity and functional interactions 
of the neurons serves as a proxy measure of synaptic transmissions [11]. Moreover, 
MEAs offer a non-invasive method to observe the electrical activity of the neuronal 
cells, thus allowing sequential or time-lapse follow-up of the same network. This 
approach is especially useful in developmental studies as well as mid- or long-term 
exposure experiments [3, 12, 13].

In vivo studies have the advantage of investigating neuronal networks’ dynamics 
in their actual physiological environment; however, in vitro approaches offer a more 
controlled setting for analyzing interactions from the subcellular to the network level. 
Moreover, the in vitro application of MEAs is particularly valuable due to their non-
invasive nature compared to the patch clamp technique. These capabilities facilitate 
the study of developmental processes, neurodegeneration, and long-term pharmaco-
logical effects [13–15]. A key advantage of in vitro functional research using MEAs is 
the ability to efficiently integrate pharmacological treatments, electrical stimulation, 
fluorescent labeling, and targeted optogenetic activation to enhance experimental 
outcomes [4, 11, 16].

MEA analysis of in vitro neuronal cultures, ranging in complexity from single 
to multiple cell types and from 2D to 3D network structures, is a powerful tool for 
studying neuronal dynamics by means of electrophysiology. Electrophysiological 
recordings of neuronal populations with MEAs rely on electrodes that vary in size, 
density, and spatial distribution. Standard in vitro MEAs consist of multiple elec-
trodes embedded at the bottom of the culture wells, where neuronal cells are plated. 
This setup enables mesoscale electrophysiological recordings, allowing researchers 
to analyze neuronal activity at the population level. Each electrode detects superim-
posed signals from nearby neurons [4]. Two examples of the standard commercially 
available MEA plates produced by Axion Biosystems are shown in Figure 1A. 
Recently, so-called high-density (HD) MEAs have also been utilized widely. By reduc-
ing the electrode size and increasing the density, hence obtaining the ability to record 
thousands of electrodes, HD MEAs are advantageous for measuring subcellular 
neuronal activities. It is an important achievement toward microscale electrophysiol-
ogy with the possibility to capture axonal signaling and spatially track the signal 
propagation [20, 21].

In vitro electrophysiological experiments require stable and controlled environ-
mental conditions to ensure neuronal viability and reproducible signal acquisition. 
This necessity influences both the design and practical use of MEA systems. Notably, 
neuronal cultures must remain in an incubator to maintain stable temperature, 
humidity, and gas levels essential for their survival. Consequently, MEA plates are 
typically designed to be portable, while the remaining hardware components are inte-
grated into an MEA headstage. The headstage is connected to a computer that runs 
MEA recording software. During recording sessions, the MEA plate is temporarily 
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positioned on the headstage [4, 22]. As an example, the components of the MEA2100-
System produced by Multi Channel Systems MCS GmbH [23] are shown in Figure 2A. 
The proper temperature and gas environment can be maintained with integrated 
commercial solutions [24, 25] or by in-house developed designs [26, 27]. Some of the 

Figure 1. 
A. Schemes of well and electrode alignment of Axion MEA well plates. CytoView MEA 12 has 64 electrodes per 
well, and CytoView MEA 48 has 16 electrodes per well. Modified from Ref. [17]. B. Custom MEMO MEA plate 
components and scheme of its three compartments with microtunnels and electrode layout. Modified from Ref. 
[18]. C. (Left) Immunofluorescent images show neuronal axons penetrating the microtunnels. (Right) Zoomed 
schematic of a central part of the MEMO MEA plate. The black dots represent the electrodes, and the gray lines 
between compartments depict the microtunnels designed to enable axonal connections between three neuronal 
cultures. Each compartment has 24 electrodes. An additional eight electrodes per compartment are located near 
the entries of the microtunnels. Modified from Ref. [19].
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most recent commercial solutions have the option to operate the system continuously 
in an incubator [28].

Novel culturing paradigms also impose another state-of-the-art subtype of in vitro 
MEA devices, multicompartmental MEAs. Such MEAs customized by different labs 
allow the study of the interactions between separated neuronal networks [18, 29–37], 
in some cases representing interconnectivities between different brain regions [36] or 
innervation to other cell types [38] as an advancement over cocultures located in the 
same compartments [39]. Some commercial solutions also exist for multi-compart-
mentalized MEAs [40]. An example of the custom three-compartment microfluidic 
MEMO MEA plate [18, 34, 41] is depicted in Figure 1B–C. The MEMO MEA plates 
are compatible with the MEA2100-System produced by Multi Channel Systems MCS 
GmbH.

This chapter focuses on the emerging use of in vitro neuronal cultures on MEAs 
and methods for analyzing their recorded signals. Precise analysis of recorded 
electrophysiological data is fundamental for research on neuronal development, brain 
injury, disease modeling, and pharmacological studies. Gaining insights into neuronal 
interactions will help deepen our understanding of neural circuit function in the 
brain.

2. �Microelectrode array signals

When an electrode is positioned close enough to a spiking neuron, the recorded 
extracellular voltage signal typically exhibits a distinct and easily recognizable action 
potential signature. Since extracellular electrodes do not disrupt neural activity, 
these recordings offer an accurate and impartial representation of the activity within 

Figure 2. 
A. Components of MEA2100-System. Modified from Ref. [23]. B. The block scheme illustrates the main 
contributors to the noise of the MEA system. Modified from Ref. [4].
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intact neural circuits [11]. Electrophysiological research with in vitro MEAs typically 
involves culturing cells in MEA plates on top of the electrode grid to enable repeated 
electrophysiological recordings. These plates contain one or more wells with embed-
ded electrodes at the bottom, onto which neuronal cells are seeded. The wells are 
filled with a cell maintenance medium that provides essential nutrients and chemicals 
to sustain cell viability [4]. This setup supports functional neuronal cultures in either 
2D [7] or 3D [42, 43] configurations, where cells are distributed across the surface 
of the recording microelectrodes, which capture extracellular electric potential 
fluctuations [44]. Each microelectrode captures variations in the extracellular electric 
field within its local environment. Typically, these electrodes register activity from 
sources located within a range of up to 100 μm [22, 45]; however, the signal ampli-
tude diminishes as the distance between the source and the electrode increases [46]. 
Additionally, an electrode’s sensitivity is influenced by multiple factors, including the 
properties of the surrounding medium [47], the electrode material, and the charac-
teristics of other hardware components of the MEA system [4].

The voltage signal detected by an MEA electrode results from the linear summa-
tion of contributions from current sources, with each contribution weighed inversely 
to its distance from the electrode. Calculating the voltage signal at the electrode 
necessitates two key assumptions: (1) neurons can be modeled as a spatial distribu-
tion of ion currents and sinks, approximated as monopolar point sources, and (2) the 
surrounding medium is homogeneous, isotropic, and unbounded. Consequently, the 
potential eV  (V) at the electrode location, influenced by N  point sources, is deter-
mined using the following equation:

	 πσ
= ∑1
4

N
n

e
n n

IV
r 	 (1)

where nI  is the amplitude (A) of a point source n , located at distance r  (m) from the 
electrode; σ  stands for the medium conductivity (S/m). The point source approxi-
mation for ion currents and sinks assumes that the volumes of their source regions are 
significantly smaller than their distances from the recording electrode, enabling them 
to be represented as points rather than complex shapes [4, 44, 48–50].

The recorded MEA signal incorporates multiple noise sources that degrade the 
recorded signal. Non-biological noise sources include 1/f or 1/f2 electrode-electrolyte 
interface noise and thermal noise. Moreover, digital recordings of the voltage signal 
and electrical stimulation require a connection between the MEA plate electrodes and 
various hardware, including amplifiers, filters, a digitizer, data transmission cables, 
a stimulator, and power lines. All these components of MEA systems contribute 
further to device noise. Signal distortions may also result from phase noise and lossy 
data compression methods [4, 51–53]. A block scheme of noise contributors in MEA 
recordings is shown in Figure 2B.

The biological components of the signal include the spikes and less prominent local 
field potential (LFP) fluctuations [5]. The LFP component contains hard-to-detect 
extracellular electric field changes, which originate from subthreshold transmembrane 
activities of neurons and distant spiking activity. The LFP resides in the lower part of 
the spectrum of the signal. However, a part of the LFP component is usually consid-
ered as biological noise. In such cases, the desired signal and the noise have overlap-
ping spectral characteristics [4, 50, 52, 54–56]. Although the LFP component is often 
challenging to analyze, it can still provide valuable insights. In vivo MEA recordings 
from the human primary motor cortex [57] and monkey motor cortices [58, 59] have 
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demonstrated that the LFP carries rich movement-related information, which can be 
extracted even in the absence of detectable spike activity. Additionally, LFP analysis 
can reveal new insights into postsynaptic potentials (PSPs) in neuronal cultures [22].

In contrast, spikes buried in the MEA signal serve as precise indicators of neuronal 
action potentials. The initial step in processing a raw MEA signal typically involves 
pre-filtering to distinguish between the LFP and spiking components. The spike 
detection typically begins with the band-pass filtering within a frequency range of 
approximately 300–3000 Hz, whereas LFP analysis involves low-pass filtering with 
cutoff frequencies below 300 Hz [5, 56, 60–62].

Next, we will consider spike detection and consecutive analyses based on the 
spiking activity.

3. �Microelectrode array signal analysis

Typically, the MEA signal analysis includes the detection of neuronal spikes in 
pre-filtered data, followed by the identification of spike-based features, such as firing 
rate (Section 3.1) or single-channel bursts and network bursts (NBs; Section 3.2). 
These analysis steps are visualized in Figure 3. Moreover, additional investigation of 
functional connectivity measures is often applied to map the functional topology of 
the networks [63–65] (Section 3.3). The functional connectivity evaluation methods 
may utilize both raw MEA data and the detected spikes [63–65]. Each analysis step is 

Figure 3. 
A. Exemplary signal recorded by a single MEA electrode. The pre-filtered waveform is shown in gray; detected 
spikes are highlighted with red circles; and periods identified as single-channel bursts are marked by black lines 
superimposed on the middle of the waveform. B. The raster plot demonstrates a segment of data recorded from 16 
electrodes simultaneously. The spike train from each electrode is represented as a row of colored bins in time. Each 
row corresponds to the spike train of a separate electrode. The rows from all electrodes are stacked on top of each 
other. The bin color encodes firing rate within the bin: white indicates 0 Hz, and black indicates 40 Hz. Green and 
red lines denote the start and end of detected NBs, respectively. The data were acquired with the Axion CytoView 
MEA 48 plate, which has 16 electrodes per well. Modified from Ref. [19].
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associated with the derivation of numerous feature-specific output parameters, which 
are then used for scientific inference.

3.1 Spike detection and sorting

A single neuronal excitation, the extracellular action potential or the spike, is a key 
feature to extract from the pre-filtered signal of each electrode in an MEA [66], and 
it can be characterized by two main features: an amplitude peak and a biphasic shape 
[11]. These two characteristics are essential for designing spike detection algorithms. 
The segment of the signal induced by a spike in extracellular recordings typically lasts 
about 3 ms [11].

The typical shape of an extracellularly acquired action potential is considered 
biphasic. The action potential begins with a rapid influx of Na+ ions, forming a current 
sink that generates a prominent negative deflection in the extracellular action poten-
tial. This is followed by a slower efflux of K+ ions, creating a current source and leading 
to a smaller positive deflection [4]. However, the final signal shape captured by an elec-
trode tends to depend on its position relative to the neuron’s morphology: with large 
negative spikes recorded at the perisomatic area and positive spikes at the dendritic 
area, generated by balancing outward return current as the net membrane current 
summed over the entire neuron is always zero [4, 45, 67, 68]. Thus, it is rather difficult 
to conclude which polarity of the spike waveform should be considered characteristic.

One of the simplest spike detection methods involves thresholding based on the 
amplitude peaks: either negative or both negative and positive. Thresholds can be either 
static, defined by the user, or adaptive, computed from the data [69, 70]. Static thresh-
olding struggles with the inherent variability in MEA data since noise levels can differ 
across channels and change over time. To overcome this limitation, adaptive threshold-
ing techniques were introduced. The adaptive threshold is typically set in relation to 
the noise level, which is estimated from segments of the raw signal that are free of 
spikes [11]. The most common adaptive method, known as absolute amplitude-based 
thresholding (ABS), calculates the threshold by estimating the noise’s standard devia-
tion (SD), multiplied by a threshold calculation factor (TCF). This estimation uses the 
median of the absolute values of the signal to prevent excessively high thresholds [69]. 
The block diagram of the ABS spike detection method is shown in Figure 4 below.

The performance of this algorithm still decreases significantly when the signal-
to-noise ratio (SNR) is low [46]. Despite this, the amplitude-based thresholding 
algorithms remain widely used in both in vivo and in vitro MEA recordings [60, 
62, 71–76]. Another amplitude-based method is Precision Timing Spike Detection 
(PTSD), which detects spikes by comparing the difference between the local maxi-
mum and minimum (RMM) within a predefined time window denoted as a peak 
lifetime period (PLP). If the peak-to-peak amplitude exceeds the Spike Detection 
Differential Threshold (SDDT), the spike is identified. The SDDT is determined by 
multiplying the signal’s SD by a specific TCF [77, 78]. This method captures both 
primary spike features: the transient amplitude peak and biphasic shape. The block 
diagram of the PTSD algorithm is provided in Figure 5 below.

Figure 4. 
Block diagram of the ABS algorithm.
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Figure 6. 
Block diagram of the MTEO algorithm. Modified from Ref. [54].

A different category of spike detection techniques focuses on transforming the 
signal into a specialized variable, known as the transformation variable or indicator 
signal, which is subsequently subjected to thresholding. This variable is designed to 
emphasize the key characteristics of the spikes and separate them from the noise. For 
instance, the Multiresolution Teager Energy Operator algorithm (MTEO) utilizes the 
Teager Energy Operator (TEO) concept, also known as Nonlinear Energy Operator 
(NEO), modified with a resolution parameter to detect various possible widths of 
action potential amplitude peaks. The discrete TEO is computed by finding the 
difference between the squared signal value at a given time point and the product of 
its adjacent samples. The algorithm highlights the transient amplitude changes in the 
signal. The corresponding equation is provided below:

	 ( ){ } ( ) ( ) ( )2 ,Ψ = − − +x n x n x n k x n k
 	 (2)

where ( )x n  is the input signal, and k  is the resolution parameter to reflect the width 
of the spikes to detect. The authors proposed utilizing multiple k  values to generate 
several transformation variables, which were subsequently smoothed and pro-
cessed through a maximum filter, which picked the maximum value from the three 
smoothed TEO outputs for every time instance, and thresholded it [54, 79]. The block 
diagram of the MTEO algorithm is presented in Figure 6 below.

On the other hand, the transformation variable can be derived through various types 
of wavelet decomposition applied to the input signal. A wavelet is the probing function 
of finite duration, which can be described as a short-lived waveform or localized pulse 
[80, 81]. Wavelet basis functions typically exhibit biphasic, triphasic, or multiphasic 
waveforms with compact support, making them similar to action potentials. These 
functions are translated or slid over the signal to localize the time instants where the 
signal resembles the wavelet shape or its dilated versions in the time domain, though the 
exact waveform of the extracellular action potential is not known. The obtained output 
exhibits local maxima at points where the input signal closely matches the shape of the 
wavelet function [82, 83]. The wavelet decomposition is usually implemented with a pair 

Figure 5. 
Block diagram of the PTSD algorithm.
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of wavelets: a mother wavelet, also called the wavelet function, and a father wavelet, also 
called the scaling function. The mother wavelet is designed to capture a detailed (or high-
frequency) profile of the input, while the father wavelet emphasizes the low-frequency 
approximation of the input signal. The resulting coefficients are denoted as detail 
coefficients and approximation coefficients, respectively. This multiresolution approach 
allows for efficient time-frequency analysis, particularly useful for non-stationary signals 
like MEA data [84]. A classical multilevel discrete wavelet transform (DWT) shifts to the 
next decomposition level, also called a scale, by downsampling the obtained coefficients 
and decomposing them with the same mother and father wavelets. Due to the downsam-
pling, the classical DWT is not a time-invariant transform, which means that the DWT 
of a signal and the DWT of the same signal shifted in time do not differ in the shift of 
the coefficients only [46, 84]. A stationary wavelet transform is a time-invariant version 
of the DWT. Instead of downsampling the obtained coefficients, it moves to the next 
decomposition level by upsampling the mother and father wavelets [46, 82, 84].

Thus, in spike detection, wavelet-based methods are specifically designed to spot-
light the distinctive shapes of spikes within an input signal. The previously published 
Stationary Wavelet Transform (SWT)-based spike detection algorithm involves 
denoising wavelet detail coefficients using MAD-based thresholding of each sub-band 
[82]. Since the signal’s energy is concentrated within a limited number of coefficients 
while noise is distributed across many coefficients, such thresholding helps eliminate 
low-energy time-scale points across all scales [82]. The block diagram of the SWT 
algorithm is presented in Figure 7 below.

Another technique, the Wavelet-based Teager Energy Operator algorithm 
(WTEO), combines multilevel DWT using only the father wavelet with the applica-
tion of the TEO to the resulting approximation coefficients of each sub-band [83]. 
The TEO outputs are combined with the maximum filter and then thresholded using 
an SD-based threshold [46, 83]. The block diagram of the WTEO algorithm is pre-
sented in Figure 8 below.

Figure 7. 
Block diagram of the SWT algorithm. Modified from Ref. [82].

Figure 8. 
Block diagram of the WTEO algorithm. Adopted from Refs. [46, 83].
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Building on a similar principle, the Stationary Wavelet Transform-based Teager 
Energy Operator method (SWTTEO) utilizes the stationary wavelet transform 
instead of traditional wavelet decomposition [46]. The block diagram of the 
SWTTEO algorithm is presented in Figure 9 below.

However, wavelet-based methods rely on the selection of a suitable wavelet basis—
a pair of wavelets whose shape should roughly match that of the spikes, despite the 
actual spike morphology being unknown. Several alternative advanced methods 
were developed to avoid using such predefined spike shape characteristics. In those, 
the spike templates were derived from the MEA signal using higher-order statistical 
measures and subsequently convolved with the raw signal for spike detection [85, 86]. 
Alternatively, some recent approaches employed supervised machine learning (ML) 
techniques for spike detection, such as pre-trained convolutional neural networks 
(CNNs). These models were trained using a combination of hand-curated datasets 
and synthetic data, which significantly enhanced detection accuracy. Another strat-
egy involves conducting a preliminary analysis to establish a “ground truth” using 
conventional spike detection methods, which is then used to train the model [87–89].

The spike detection algorithms are typically assessed on synthetic datasets crafted 
to mimic real MEA recordings. However, evaluations using different synthetic 
datasets often yield markedly different performance ratings for the same algorithms 
[46, 66, 86].

In certain experimental setups, the spike detection is followed by spike sorting to 
further analyze the detected spikes. For example, analyzing single-neuron activity 
requires accurately assigning each detected spike to its originating neuron [11]. This 
process involves extracting spike events as signal segments spanning over several 
tens of samples corresponding to the putative spike duration. These segments are 
then projected into a lower-dimensional space using techniques such as principal 
component analysis (PCA) or shape-based metrics such as peak-to-peak amplitude 
or spike width [90, 91]. Clustering algorithms are then applied to sort the spikes. 
Alternatively, the extracted waveforms can be decomposed using wavelet transforms, 
with selected wavelet coefficients serving as inputs for further clustering [69, 92]. The 
challenges imposed on spike sorting techniques arise from various features of MEA 
recordings, such as the interference of overlapping waveforms, spike shape changes 
during bursts, drift of neurons relative to their initial positions on the electrodes, and 
the unknown number of neurons within the electrode’s receptive field [11]. In con-
ventional MEAs, many neurons usually contribute to spikes at the electrode, while in 
HD MEA setups, a single spike is clearly reflected in several electrode signals [11].

The general logic of the spike detection is rather consistent across standard MEAs, 
HD MEAs, and multicompartmental MEA setups. However, the choice of a method, 
its parameterization, and the interpretation of results should reflect the specific 

Figure 9. 
Block diagram of the SWTTEO algorithm. Modified from Ref. [46].
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characteristics of the MEA plate used, such as electrode size and density, cell type-
related activity features, and other aspects of the experimental design.

3.2 Bursts

Bursts reflect network dynamics and are typically characterized by the simultane-
ous occurrence of frequent neuronal activity. Bursts imply compressed information 
transfer between neurons, consisting of a series of tightly packed single spikes. Bursts 
are recorded from single or several electrodes of an MEA and defined as single-chan-
nel bursts and NBs, respectively [11, 93, 94]. Although bursting is a key feature com-
monly used to evaluate neuronal network activity, a clear and universally accepted 
formal definition of a burst is still lacking in the field after more than 50 years of 
MEA research. As a result, burst detection strategies within the scientific community 
remain diverse and are often tailored to specific data at hand [11, 95, 96].

Bursts are believed to play a role in long-term potentiation and other processes 
related to synaptic transmission. This bursting activity contributes to a consistent and 
information-rich mode of neuronal communication [11, 93, 97–99]. In vitro bursts 
are considered to represent information packages similar to those observed in vivo 
neuronal networks [100]. Importantly, network bursts are characterized by their 
broader propagation within the network—they travel from cell to cell and across dif-
ferent regions of the neuronal network. The appearance of NBs in MEA data indicates 
the functional maturation of the recorded neuronal populations. NBs can be used to 
study the interconnectivity of the networks as well as connectivity velocity. Moreover, 
they represent the desired activity state for pharmacological experiments [18].

The lack of definition of bursts, together with unavailable ground truth MEA 
data, imposes serious constraints on the performance evaluation of the single-
channel burst and NB detection algorithms. The efficiency assessment of the 
algorithms is usually achieved with synthetic data sets and visual performance 
estimation [11, 94, 99, 101].

3.2.1 Single-channel burst detection methods

Single-channel burst firing determines distinct developmental patterns in neu-
ronal populations during MEA recordings [7, 98]. Numerous algorithms have been 
developed for detecting single-channel bursts [99], with many relying on interspike 
interval (ISI) characteristics within the recorded spike trains. The ISI-based approach 
may be further constrained with an additional criterion for a minimum number of 
spikes per burst to avoid detecting very brief single-channel bursts. The ISI threshold 
used for ISI-based detection can either be a fixed value [98] or be determined from 
the distribution of ISIs observed in the recorded signal [93, 101].

For example, the adaptive single-channel burst detection algorithm introduced 
by Pasquale and colleagues [93] constructed the logarithmic histogram of all ISIs of 
an input spike train. Then all peaks of the histogram were identified. The set of peaks 
was checked to contain the putative intra-burst peak: a maximum peak with an ISI 
value below the predefined intra-burst peak threshold. This peak was considered 
to represent the ISIs of intra-burst spikes. If no such peak was found, the data was 
marked as non-bursting. If the intra-burst peak was present, the algorithm evaluated 
the local minima between this peak and all other peaks that corresponded to longer 
ISI values. The evaluation criterion for the candidate minima was denoted as a void 
parameter, which reflected the quality of the peak separation and spanned from 0 
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when the peaks were not separated to 1 when the peaks were perfectly separated. The 
ISI value of the candidate minimum, which void parameter exceeded a predefined 
void threshold, was then selected as an ISI threshold, ISIth, for the single-channel 
burst detection. If the previously mentioned intra-burst peak threshold appeared 
lower than the obtained ISIth, both thresholds were used for detecting burst cores and 
extending their boundaries, correspondingly [93]. An example of the logarithmic his-
togram with highlighted peaks, intra-burst peak threshold, and derived ISI threshold 
ISIth is depicted in Figure 10A.

Alternatively, the algorithm created by Kapucu and colleagues [101] computed 
a non-logarithmic histogram of ISIs and then derived the cumulative moving aver-
age (CMA) value for each bin. The maximum CMA value, CMAm, was then used 
to identify the bin whose CMA value was closest to the product αCMAm, where α 
denoted the tolerance parameter to identify the burst-related spikes. The ISI value xt 
of that bin was then selected as an ISI threshold for the single-channel burst detec-
tion. The tolerance parameter α may vary from 0 to 1 [101]. The non-logarithmic ISI 
histogram with the overlayed CMA curve and the defined ISI threshold is depicted in 
Figure 10B. Both described algorithms process the ISI histogram to determine the ISI 
threshold that is assumed to separate the in-burst and out-burst firing regimes most 
efficiently. The data with the developed bursting activity tend to produce histograms 

Figure 10. 
Two ISI-based single-channel burst detection methods. A. (Left) Logarithmic distribution of ISI with the red 
star-marked ISI threshold ISIth that was selected at the local minima based on the peaks’ separation criterion. The 
corresponding peaks are marked with the black star symbols. An intra-burst peak threshold of 100 ms is depicted with 
the red dashed line. The horizontal axis of the histogram is logarithmic. (Right) Detection outcome: an exemplary 
spike train with the red spikes classified as belonging to the single-channel burst and the blue spikes marked as the 
out-burst spikes. The spike train is presented as a point process in time. Reproduced from Ref. [93]. B. Definition of the 
ISI threshold using the maximum value of the CMA curve of the ISI histogram. The maximum value of CMAm was 
reached at the bin with ISI value xm, and the ISI threshold xt was defined as the ISI value of the bin that corresponded 
to the αCMAm value. The defined ISI threshold for burst detection is marked with the red dashed vertical line. The ISI 
histogram is depicted with gray bars. The axes of the histogram are linear. Reproduced from Ref. [101].
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with an evident peak corresponding to shorter ISI values on the left side of the 
histogram.

On the other hand, there exists a family of so-called surprise-based methods for 
single-channel burst detection. These algorithms use statistical analysis to distinguish 
periods of bursting from baseline neuronal firing. Initially, a suitable assumption 
about the distribution of baseline spike firing times is developed. The bursting 
regimes are expected to produce evident deviation from this distribution, which is 
used to identify the single-channel bursts [96, 102, 103].

The spike timing-based detection of the single-channel bursts may, in principle, 
be applied to any MEA setup. However, the correct implementation of a particular 
algorithm relies on the general understanding of the origins of the recorded data. 
For example, with the standard commercial MEAs, it is impossible to infer directly 
whether the recorded single-channel bursting originates from one bursting neuron or 
from several active cells near the electrode [11]. Only the sorting of the in-burst spikes 
may provide an answer in this case.

3.2.2 Network burst detection methods

NB activity is commonly linked to network maturation, with its peak generally 
aligning with the period of highest synaptic density within a network [11, 93, 94, 
104–106]. Numerous established methods for detecting NBs have been proposed [93, 
94, 106–109]. Based on their underlying detection principles, these methods can be 
categorized into ISI-based approaches [93, 94, 108], population firing rate (PFR)-
based approaches [106, 107], and hybrid methods [109]. PFR integrates the time-
varying binned spike firing rates from all involved MEA electrodes into a common 
firing rate signal.

Some of the listed techniques extrapolate single-channel burst detection results 
to the network level [93, 108]. Pasquale and colleagues [93] extended their single-
channel burst detection logic to the NB detection level. After the single-channel 
bursts were detected in the signals of all involved electrodes, they pooled the timings 
of all these bursts into the cumulative burst event train. The logarithmic inter-burst 
interval (IBI) histogram was constructed using that. The histogram was used to 
identify the IBI threshold and to detect NBs within the cumulative burst event train. 
Finally, the criterion for minimum participating channels was applied to the detected 
NBs to preserve only the NBs with contributions from multiple electrodes [93]. 
Similarly, Välkki and colleagues [108] identified the single-channel bursts among 
MEA electrodes using the algorithm by Kapucu and colleagues [101] described above 
and evaluated their synchronization. The total NB signal was obtained by summing 
bursting behaviors over channels, which was then thresholded in accordance with the 
minimum participating channels criterion [108].

Others treat the NB detection as an independent process [94, 106, 107, 109]. For 
example, Bakkum and colleagues [94] developed a logarithmic ISIN histogram-based 
method. First, the spike trains from all involved MEA electrodes were combined and 
sorted into a joint spike train to calculate the logarithmic ISIN histogram of ISIs between 
N consecutive spikes. Again, the histogram exhibiting two separate peaks was assumed 
to represent two different firing regimes: in this case, the spikes that belong to NBs and 
the spikes outside the network firing regime, respectively. Therefore, the threshold for 
detecting NBs was selected at the minimum point between these peaks in the histogram 
[94]. Hedrich and colleagues [107] presented the PFR average-based method. The spike 
trains from all involved MEA electrodes were summed into 5 ms time bins to calculate the 
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PFR, which was then smoothed by a Gaussian kernel with a 100 ms SD. The intervals with 
a PFR exceeding the slowly varying 1-second PFR average were selected as NB candidates. 
The candidates were accepted if they fit three criteria: their peak firing rate exceeded 
three SDs of the PFR, their peak firing rate exceeded 10% of the average of the top five 
peaks, and at least three electrodes contributed. At the last step, neighboring NBs with 
IBIs less than 200 ms were merged [107].

Matsuda and colleagues [109] combined ISI-thresholding with a form of PFR-
thresholding. In their four-step method, the spike trains from all electrodes were 
pooled into a joint spike train, where the spikes separated by ISIs less than 4 ms were 
assigned to NB candidates. NBs with less than 20 spikes were discarded. Neighboring 
NBs with IBI less than 60 ms were merged. At the last step, only the NBs that accom-
modate more than 3000 spikes were considered valid [109]. The method involved a 
number of fixed parameters, which usually limit the adaptivity of the approach to 
highly variable MEA data.

The detection of NB activity provides an advanced measure of neuronal network 
functioning. Figure 11 shows the gradual drop in NB counts in a kainic acid (KA)-
exposed culture compared to its baseline activity. The data was acquired with an 
Axion CytoView MEA 48 plate, which has 16 electrodes per well.

3.2.3 Detection of network bursts in multi-compartment setups

Application of the NB detection methods to multi-compartment MEA setups 
possesses additional challenges. While the listed methods are well-documented for 
standard MEA setups, they are not directly applicable to the data acquired with multi-
compartment MEAs. The architecture of multi-compartment MEAs involves multiple 
potential synchronization levels, requiring specialized analysis tools to fully exploit 
the data they generate. Without such tailored analysis techniques, the advantages 
of multi-compartment MEAs over conventional single-network setups may be lost. 
Overall, the signal analysis for such systems should account for both the spatial sepa-
ration and the interactions between the interconnected networks to ensure accurate 
assessment [41].

Figure 11. 
Detected NB counts at baseline and after KA exposure. The raster plots of KA-induced perturbation of NB 
activity. The upper plot shows baseline spiking activity in a well with detected NBs. The green and red vertical 
lines represent the starting and ending times of NBs, respectively. The lower plot demonstrates disruption of the 
NBs into spread tonic firing. No NBs were detected. Modified from Ref. [110].
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Previous studies involving multi-compartment MEA data analysis often consid-
ered synchronous bursting as a key feature [30–33, 41]. Typically, these studies first 
identified local NBs within individual compartments using conventional methods, 
followed by evaluating the temporal alignment of these NBs within the entire com-
partmentalized network [30–32, 41]. For example, a recent work by Vinogradov and 
colleagues [41] defined three levels of synchronization within a three-compartment 
network of neurons (Figure 1B–C) recorded with the MEMO MEA plate. The initial 
detection of NBs was performed separately in each compartment using a custom 
algorithm developed based on a previously published method [94], which was 
extended with additional parameters to reflect local network synchrony [41]. The 
locally detected NBs were then evaluated for temporal alignment to capture their 
global, circuitry-level synchronization [41]. Beyond the localized NBs occurring 
within each of the three individual compartments of the device, two additional, more 
complex synchronization patterns were identified and analyzed. An intermediate 
circuitry burst (ICB) was characterized as simultaneous activity in two out of three 
compartments. Furthermore, a circuitry burst (CB) refers to synchronized bursting 
that encompasses the entire network across all three compartments [41]. The analysis 
demonstrated that a local network within a single compartment of a MEMO MEA 
plate could not only generate local NBs but also contribute to both ICBs and CBs 
observed at the global network levels, as illustrated by the network in compartment B 
(Figure 12).

3.3 Methods for functional connectivity analysis

Beyond analyzing synchronous bursting, various methods have been developed 
to assess functional connectivity and information propagation in neuronal cultures. 

Figure 12. 
Examples of NB, ICB, and CB detection. The detections are visualized on a combined raster plot of spiking 
activity in three compartments within a 150-second segment. The data was recorded with the MEMO MEA plate. 
The green and red vertical lines represent the starting and ending times of detected local NBs, respectively. The 
purple polygons at the top depict the time intervals of detected CBs involving all three compartments; the orange 
polygons indicate ICBs with two-compartment synchronization; and the yellow polygons indicate local NBs 
in a single (B) compartment only. The length of the polygons corresponds to the duration of the corresponding 
synchronization patterns. Reproduced with modification from Ref. [41].
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One such approach is the spike time tiling coefficient (STTC), which measures the 
proportion of spike co-occurrences between electrode pairs to determine pairwise 
correlations in their spiking activity [64, 111]. Similarly, functional connectivity 
maps can be constructed by analyzing correlations of simultaneous spikes across 
electrodes [35]. Cross-correlation-based methods have also been employed on 
compartment-wise firing rates within the network to infer the direction of activity 
propagation by evaluating the latency of peak correlations [30] or implemented 
straightforwardly between electrode pairs [31]. An additional alternative approach, 
known as correlated spectral entropy (CorSE), evaluates functional connectivity by 
analyzing temporal changes in the power spectra of raw MEA signals. The method 
involves segmenting the signals into windows, calculating spectral entropies for each 
window, and then determining connectivity through cross-correlation of the result-
ing entropy signals [63].

In a work by Hyvärinen and colleagues [112], the rat cortical and human plu-
ripotent stem cell (hPSC)-derived cultures were compared in terms of functional 
connectivity development using both the CorSE and the STTC methods. The data 
was acquired with Axion CytoView MEA 12 plates with 64 electrodes per well. Both 
algorithms indicated earlier onset of functionally interconnected networks in the 
rodent data [112]. Figure 13 provides the connectivity maps obtained using the CorSE 

Figure 13. 
Functional connectivity development analysis. A. (Up) Functional connectivity maps from an hPSC-derived 
network over 10 minutes of recording between days 21 and 42 on MEA and (Down) from a rat cortical network 
between days 14 and 35 on MEA. Each map presents the electrode layout of the Axion CytoView MEA 12 plate 
as an 8 × 8 array with detected functional connections depicted as lines. An arbitrary CorSE value of 0.7 was 
used as the connectivity strength threshold for the line plotting. B. Functional connectivity development of the 
hPSC-derived and rat cortical networks described with the average CorSE values over time. C. The same as 
described by the average STTC values. The average values were calculated from all electrode pairs for each well. 
Both the hPSC-derived and rat cortical network data consist of n = 12 networks per group; data are shown as 
Tukey box plots. A Mann-Whitney U-test was performed to compare the two groups at each time point. Statistical 
significances are marked as *p < 0.05, **p < 0.01, and ***p < 0.001. Adapted from Ref. [112].
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algorithm and shows the dynamics of the average CorSE and STTC values for both 
culture types over the experimental timeline.

In addition to the correlation-based methods, various event-based and informa-
tion theory-based approaches have been developed to estimate functional connec-
tivity and causal interactions. Event Synchrony (ES), introduced by Quiroga and 
colleagues, quantifies synchronization based on the timing proximity of discrete 
events such as spikes. It assigns synchrony scores based on the coincidence of spike 
times within a local temporal window, providing an intuitive, symmetric measure of 
synchrony between two spike trains [113].

Mutual Information (MI) is a widely used metric that quantifies statistical depen-
dencies between signals by comparing the joint probability distribution of events to 
their marginal distributions [65, 114]. MI has been particularly useful for assessing 
nonlinear relationships in spike train data [65, 115].

Extending the concept of MI, Transfer Entropy (TE) accounts for the directional-
ity of information flow by incorporating time-lagged dependencies, thus estimating 
the extent to which past activity in one signal predicts future activity in another [116, 
117]. Since TE is asymmetric and captures both linear and nonlinear interactions, 
making it suitable for analyzing directed functional connectivity [117].

Similarly, Granger causality [118], or its extended models for the frequency 
domain and multivariate signals [119], evaluates directional influences by relying on 
autoregressive modeling. It assumes that if a causal relationship exists, the past values 
of one time series will significantly contribute to the prediction of another. Several 
works in the field applied the Granger causality method for MEA data [31, 120, 121].

Each of these approaches complements classical correlation-based techniques 
and can enhance functional network mapping, particularly when directionality and 
information flow are of interest.

Functional connectivity analysis methods are particularly valuable in the context of 
multi-compartment MEA systems. Several illustrative examples are listed here. Le Feber 
and colleagues [30] applied cross-correlation analysis to compartment-specific firing rates 
within defined time bins, using the latency of peak correlations to infer the direction of 
activity propagation within a custom two-compartment MEA platform [30]. In another 
custom two-compartment MEA configuration, DeMarse and colleagues [31] estimated 
functional connectivity by computing cross-correlation and conditional Granger causal-
ity metrics from spike train data across electrode pairs [31]. Likewise, Van de Wijdeven 
and colleagues [35] generated functional connectivity maps by analyzing the correlations 
of simultaneous spikes detected across electrodes [35]. The CorSE method was used for 
evaluation of KA-exposure effects on functional connectivity in a three-compartment 
setup using previously mentioned MEMO MEA plates [41].

4. �Conclusions

MEA technology remains a powerful tool for investigating the functional dynam-
ics of neuronal networks. Precise analysis of electrophysiological signals is crucial for 
in vitro MEA studies focused on development, disease modeling, and drug testing. 
In this chapter, we introduced basic steps of neuronal data analysis and provided 
the corresponding analysis methods. This chapter has reviewed the core methods 
and current challenges in MEA signal analysis, including the accurate detection of 
spikes and the identification of bursts, both at single-channel and network levels, and 
functional connectivity mapping.
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Chapter 4

Perspective Chapter: What Image 
AI is Close to Human Senses?
Hiroshi Omori

Abstract

The development of Image AI has been remarkable. In addition to Computer 
Vision Models (CVMs) that use supervised learning on large-scale data such as 
ImageNet-21 K, CVMs that use self-supervised learning and Contrastive Language 
Image Pre-training (CLIP) have been developed recently. We have been researching 
human environmental perception using photos. We measured the visual similarity by 
having many participants manually classify similar photos. We had three photo sets: 
100 garden landscapes, 242 cityscapes, and 200 student life photos. We investigated 
how closely 26 types of pre-trained CVMs matched the human sense. We also used 
SoftMax regression to select a synthetic CVM from these CVMs that best correlated 
with the visual similarity. The optimal CVM combinations varied significantly 
across photo sets. For garden landscapes, which only have garden photos, semantic 
segmentation and self-supervised CVM were effective, while for student life photos, 
which have a wide variety of photos, supervised CVM was effective. For cityscapes, 
which have intermediate variations, self-supervised CVM was effective. MDS was 
used to examine in detail how the optimal CVM was like human perception and how 
it differed. For garden landscapes, humans and the CVM agreed on the judgment of 
garden size but differed on the judgment of garden style. In the case of cityscapes and 
student life photos, the recognition of patterns in the photos was roughly consistent 
between humans and the CVM, but the CVM made more detailed classifications. It 
was also suggested that some of the differences between the two stems from human 
representation. Although some differences remain, we found that by combining 
CVMs effectively, it is possible to construct a CVM that is quite close to human senses.

Keywords: visual similarity, computer vision model (CVM), self-supervised learning, 
softmax regression, multidimensional scaling (MDS), procrustes transformation, 
human representation

1. �Introduction

We have conducted research [1–9] on collecting photos of a certain object and
analyzing visual recognition of that object. The bottleneck in this research is the quan-
tification and tagging of the photos. When researchers tag manually, problems with 
tagging bias arise. We have performed objective quantification using collective intelli-
gence. That is, the similarity between photos was measured by the percentage of people 
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who perceived the two photos as “similar.” We called this similarity “visual similarity”. 
However, this method cannot measure the visual similarity for many photos, and an 
image analysis method that generates a similarity, like visual similarity, is needed.

In recent years, deep learning technology for images has developed rapidly and 
is now generally recognized as “Image AI”. By the way, Image AI includes a broader 
concept, such as image generation in addition to image recognition. In this article, 
we will deal with the relationship between computer image recognition and human 
image recognition, so we will not use the term Image AI from now on but will use the 
term Computer Vision Model (CVM).

For image classification CVMs, it has been common to perform supervised learn-
ing using large amounts of labeled image data such as ImageNet-21 K [10], which 
was an image set of 14,197,122 images labeled into 21,841 classes. CVMs with vari-
ous architectures have been developed as supervised learning CVMs. In addition to 
Convolutional Neural Networks (CNNs), such as VGG16 [11] and ResNet [12], Vision 
Transformer (ViT) [13] has been released, which applies the self-attention mecha-
nism [14], a standard in Natural Language Processing (NLP), to image processing.

However, there were problems with this method, such as the enormous cost of 
creating a large amount of labeled image data and the weak ability to recognize 
images that were not included in the training data. For this reason, a learning method 
that does not require labeling was required.

In fact, in the NLP, Self-Supervised Learning, which does not require labeling, 
such as Large Language Models (LLMs), for example, ChatGPT [15], is common for 
upstream tasks, and annotation, such as labeling, is performed in more specific down-
stream tasks. Its core technology is Masked Language Modeling (MLM), a learning 
method that masks any word in a sentence and predicts the masked word from the 
surrounding context. Bidirectional Encoder Representation from Transformers 
(BERT) [16] is a well known model that implements MLM.

Masked Image Modeling (MIM) [17] applies MLM to images. It masks parts of an 
image divided into patches and predicts them from the surrounding unmasked image. 
Examples of CVMs that implement MIM include Bidirectional Encoder representa-
tion from Image Transformers (BEiT) [18]. In addition, Masked AutoEncoder (MAE) 
[19] is a method like MIM. While MIM predicts pixels and features of a masked 
image, MAE predicts the features of the entire original image from an unmasked 
image. ConvNeXtV2 [20] implements MAE.

Self-supervised learning for images using data augmentation is also well known. 
Simple Framework for Contrastive Learning of Visual Representations (SimCLR) 
[21] performs data augmentation such as rotation, color conversion, and random 
cropping cutting out a part of the image. It performs contrastive learning to train an 
image encoder so that embedding vectors of positive example pairs that have been 
transformed from the same image are close to each other, and embedding vectors of 
negative example pairs that are combinations of different images are far apart.

Swapping Assignments between multiple views of the same image (SwAV) [22] is 
an online clustering method to train CNNs without annotations. By mining clusters 
invariant to data augmentations, SwAV learns semantic representations. SElf-
supERvised (SEER) [23] is constructed by applying SwAV to large-scale data. SEER 
used 1B random, public, and non-EU (GDPR circumvention) Instagram images as 
pre-training. Recently, a super-large model (RG-10B) [24] with 10B parameters has 
been released.

Contrastive Language Image Pre-training (CLIP) [25] is also a learning method 
that does not require labeling. CLIP is based on the idea that words used in the text 
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surrounding an image on the Internet are likely to be highly related to the image, 
and so it simultaneously learns the embedding of images and words based on the 
affinity between images and words. Large-scale Artificial Intelligence Open Network 
(LAION)-5B [26] is a huge dataset consisting of approximately 5.85 billion image-text 
pairs processed by CLIP. LAION-5B is also known for being used to train the diffu-
sion model [27], an image generation AI. Image encoders of LAION2B-en (English 
language consisting of 2.3B pairs) can be used for image classification.

Inspired by the rapid development of image deep learning in recent years, we 
began to study how well visual similarity can be approximated by pre-trained CVMs 
[28–32]. By combining semantic segmentation CNNs pre-trained on ADE20K [33], 
which consists of 20 K images colored with 150 semantics, such as sky, grass, build-
ing, and so on, CNNs and ViT pre-trained on ImageNet-21 K, and the image encoders 
of LAION-400 M with CLIP processing [24], we found that the synthesized CVM 
could well approximate the visual similarity for multiple photo sets [30–32]. However, 
in the past few years, many CVMs have been released one after another, including 
CVMs that have undergone self-supervised learning in Keras and Hugging Face. A 
total of 26 CVMs are covered in this report. Details are provided in Chapter 3. We 
believe that this report covers most of the current state of the art in CVMs for image 
recognition and image embedding.

We also devised SoftMax regression [34] to correctly find a CVM that mimics 
visual similarity from many CVMs and explain it in Chapter 4. The regression coef-
ficients of the SoftMax regression give the contribution ratio of each CVM when the 
visual similarity is approximated by the similarity from CVMs. By combining CVMs 
using these regression coefficients, we can synthesize a CVM that is closest to human 
sense. In Chapter 5, we present the optimal combination of CVMs for the three photo 
sets discussed in this paper. For the synthesized CVM that is closest to human percep-
tion, we compared human and CVM MDS (Multi-Dimensional Scaling) and added a 
detailed discussion of the similarities and differences between the two in Chapter 6.

There were no reports that examined in detail the relations between human senses 
and the latest CVM senses. Since one of the goals of image AI is thought to be to imitate 
humans, this report is believed to have made a significant contribution to that goal.

2. �Photo sets used and visual similarity measurement

2.1 Garden landscapes

In 2000 and 2001, we visited 184 randomly selected houses using detailed house 
maps and other sources and took numerous photographs of the gardens [1–5]. Within 
photos of each garden, we chose the one that seemed to best represent the overall 
atmosphere. Among these photos, 100 garden landscapes (40 in Aoba-Ku, Yokohama, 
Japan, 18 in Reading, UK, 7 in Edinburgh, UK, 15 in Turin, Italy, and 20 in Freising, 
Germany) were selected in consideration of landscape patterns and regionals. Twenty 
students measured the visual similarity between photos.

2.2 Kawagoe cityscapes

In 2010 and 2011, we asked local university students in Kawagoe, Saitama prefec-
ture, Japan, to take “favorite” photos in the city [8]. 242 photos were collected from 
172 students. Of these, 77 students measured the inter-photo visual similarity.
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2.3 Student life photos

We asked students of The University of Tokyo to take photos that they found 
“interesting” in their lives from 2012 to 2014 [9]. 200 photos were collected from 71 
students. Of these, 36 students measured the visual similarity.

Figure 2. 
An example of the similarity matrix.

Figure 1. 
The website to classify photos with similar ones [35].
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2.4 Differences among photo sets

In garden landscapes, there were only photos of the garden, with very little 
variation. In Kawagoe cityscapes, there was a variety of photos, such as distant views, 
streets, buildings, and so on. In student life photos, there were various types of pho-
tos, such as fields, buildings, indoors, foods, and so on. It is also the purpose of this 
paper to investigate the effect of different resolutions in photo sets on the relationship 
between the visual and the CVM similarity.

2.5 How to measure visual similarity

For the garden landscape study, students were given 100 postcard-sized photos of 
garden landscapes and asked to group them by similar photos. For Kawagoe cityscapes 
and student life photos, we asked the students to visit the website [35] shown in Figure 1 
and group similar photos on the web. On the left side, there was a box listing the  
photos, and on the right side, there were 20 boxes arranged vertically for storing similar 
photos. Students could select a photo by clicking on it and then move between photos by 
clicking the button above the box.

As an example of the visual similarity, Figure 2 shows the measurement results 
for four photos from a set of student life photos. Of the 36 students, only one student 
felt that photos 1 and 2 were similar, so the similarity was measured as 1/36, and 
14 students felt that photos 1 and 3 were similar, so the similarity was measured as 
14/36. In this way, the visual similarity was measured as the proportion of people who 
felt that two photos were similar. The overall visual similarity for a set of n photos is 
represented by a vector y consisting of n(n - 1)/2 elements.

3. �CVMs used and calculation of similarity between photos

The following pre-trained CVM parameters could be taken from Keras [36], 
GluonCV [37], or Hugging Face [38].

3.1 Supervised learning CVMs

3.1.1 Image classification by CNNs

We used CVMs pre-trained on ImageNet-21 K and fine-tuned on ImageNet-1 K, 
which is a subset of ImageNet-21 K and consists of an image set of 1.2 million images 
labeled into 1000 classes. For a given photo, we used an image feature (embedding) 
vector, the previous stage of classifying into 1000 classes. The CVM similarity 
between photos was calculated using the cosine similarity between these image 
feature vectors.

EfficientNet [39] was a CVM that balanced and optimized all dimensions of 
depth, width, and resolution using a simple, yet highly effective compound coeffi-
cient. We used six CVMs and called “Effi”.

Big Transfer (BiT) [40] was a CNN based on the ResNet architecture [12]. It 
was a powerful CVM for transferring learning to downstream tasks even with small 
amounts of data. We used nine CVMs and called “BiT”.

ConvNeXt [41] was a CNN based on the ResNet architecture, which improved the 
convolutional layer, optimized the placement of normalization layers and activation 
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functions, and incorporated the concept of the Transformer model. We used 15 
CVMs called “Conv”.

3.1.2 Image classification by ViTs

We used ViT models pre-trained on ImageNet-21 K and fine-tuned on 
ImageNet-1 K. The similarity between image embeddings was calculated by the cosine 
similarity.

Vanilla ViT [13] applied the standard architecture of the Transformer [14], which 
was famous in the NLP, to image processing. It divided the input image into fixed-size 
patches, treated them as tokens, and learned features using a self-attention mecha-
nism. We used four CVMs and called “ViT”.

FlexiViT [42] randomized patch sizes during training to obtain weights that per-
formed well across a wide range of patch sizes. We used two CVMs and called “Flexi”.

Swin (Shifted windows) Transformer [43] processed images hierarchically to learn 
features at different resolutions and shifted the window incrementally to efficiently 
integrate information across different patches. We used 12 CVMs and called “Swin”.

Data-efficient image Transformers (DeiT) [44] was a ViT that leveraged knowl-
edge distillation from CNN. The teacher model (CNN) outputted a probability 
distribution that represented class confidence for the input data. The student model 
(ViT) was learned using both the teacher model output (soft labels) and the actual 
label (the hard label). We used 10 CVMs and called “DeiT”.

3.1.3 Image classification by hybrids of CNN and ViT

We used hybrid models pre-trained on ImageNet-21 K and fine-tuned on 
ImageNet-1 K. The similarity between image embeddings was calculated by the cosine 
similarity.

Convolution and self-Attention (CoAtNet) [45] combined convolutional layers 
and a self-attention mechanism to effectively extract local and global features. We 
used eight CVMs and called “CoAt”.

EdgeNeXt [46] was a hybrid CNN and ViT that featured a lightweight and effi-
cient model design. It was adapted for real-time processing in edge environments such 
as mobile devices and sensors. We used four CVMs and called “Edge”.

Multi-axis Vision Transformer (MaxViT) [47] divided an image into patches 
and efficiently extracted local and global features. The MaxViT Block used a hybrid 
structure that combined a convolutional network and a Transformer Block. We used 
15 CVMs and called “MViT”.

3.1.4 Image classification by other CVMs

MLP Mixer [48] did not use convolutional layers or attention mechanisms but con-
sisted only of fully connected layers. It pre-trained on ImageNet-21 K and fine-tuned 
on ImageNet-1 K. The similarity between image embeddings was calculated by the 
cosine similarity. We used six CVMs and called “Mixer”.

3.1.5 Multiple classification

After removing classes with few intra-class photos from ImageNet-21 K, there were 
12,358,688 photos tagged into 11,220 classes (ImageNet-21 K processed). These classes 
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were organized into 11 layers from most abstract to least abstract, and multiple clas-
sifications of the photos were performed [49]. We used four CVMs and called “I21KP”.

It outputted classification probability distributions for each layer. The distance 
between two photos was calculated by taking the weighted average of the Hellinger 
distance between the probability distributions for each layer, calculated by the num-
ber of classes in the layer, and the similarity was calculated as 1 - distance. The reason 
for using the Hellinger distance was explained in Refs. [28, 29].

3.1.6 Semantic segmentation

We used six CNNs [50–52] pre-trained on ADE20K [33]. These CVMs were called 
“Seg”. In addition, we also used four CVMs from SegFormer [53], which combined 
a Transformer encoder and a lightweight multi-layer perceptron (MLP) decoder to 
perform simple, efficient, and powerful semantic segmentation. It called “SegFor”.

In semantic segmentation, a photo was classified into 150 classes (sky, wall, etc.) for 
each pixel, resulting in a pixel count distribution for 150 classes of the entire photo. The 
distance between the two photos was calculated using the Hellinger distance between 
pixel count distributions, and the similarity was calculated using the 1 - distance.

3.2 Self-supervised learning CVMs

3.2.1 Image classification using MIM or MAE

CVMs were typically pre-trained on ImageNet-21 K and fine-tuned on ImageNet-1 K. 
In this case, only ImageNet-21 K images were used for pre-training, and pre-training was 
done using MIM or MAE without using label information. Subsequent fine-tuning on 
labeled data could achieve high classification performance optimized for a specific task. 
The similarity between image embeddings was calculated by the cosine similarity.

BEiT [18] used MIM to divide the input image into patches and mask parts of 
them. The unmasked image was mapped to discrete tokens by discrete Variational 
AutoEncorders (VAE). Using the Transformer, it learned the context of the whole 
image from the tokens in the unmasked parts, predicted the tokens in the masked 
parts from this context, and learned the visual features of the whole image. We used 
nine CVMs and called “BEiT”.

BEiT v2 [54] used vector-quantized knowledge distillation to train the tokenizer, 
which discretizes a continuous semantic space to compact codes. It introduced a 
patch aggregation strategy which associates discrete image patches to enhance global 
semantic representation. We used eight CVMs and called “BEiT2”.

Swin Transformer V2 [55] introduced MIM as self-supervised learning to learn 
contextual relationships within the image and introduced data augmentation to 
increase the training data. We used 10 CVMs and called “Swin2”.

ConvNeXtV2 [20] divided an image into small patches and randomly masked some 
of the patches. The unmasked patches were input to the encoder, which extracted fea-
tures using a convolutional layer. The output from the encoder was input to the decoder, 
which predicted the masked patches. The decoder reconstructed the masked patches 
and learned to approximate the original image. We used 15 CVMs and called “Conv2”.

3.2.2 Image classification using data augmentation

We used eight SEER [23, 24] models including RG-10B and called “SEER”.
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self-DIstillation with NO labels (DINO) [56] used unlabeled data to simultane-
ously train a teacher model and a student model by self-supervised learning, where 
the student model learned to mimic the output of the teacher model. It was pre-
trained using a large and diverse dataset (LVD-142 M). This dataset comprised 142 
million curated images, sourced from various datasets such as ImageNet, Google 
Landmarks, Mapillary street-level sequences (SLS), and Food-101, among others. 
The teacher model was input with a global crop that covered most of the image, 
allowing it to learn broad context and capture overall features. The student model was 
input with local crops in addition to the global crop, allowing it to learn finer details. 
Additionally, the parameters of the teacher model were updated using the exponential 
moving average (EMA) of the parameters of the student model, which allowed the 
teacher model to slowly track the evolution of the student model. We used three 
CVMs and called “DINO”.

3.3 CLIP related CVMs

3.3.1 Image encoder of CLIP

We could use image encoders of CLIP [25] to obtain an image embedding. The 
similarity between image embeddings was calculated by the cosine similarity. We 
used six image encoders of CLIP-LAION-400 M and called “CLIP”. There were two 
types of image encoders: ViT-based and ConvNeXt-based in CLIP-LAION-2B. We 
used 19 ViT encoders and called “CLIPV”. We used eleven ConvNeXt encoders and 
called “CLIPC”.

3.3.2 CVMs using CLIP

Explore the limits of Visual representation at scAle (EVA) [57] masked a part of 
the input image and extracted features from the unmasked part using CLIP. It learned 
to predict CLIP features, not the pixels in the masked part. This allowed it to learn 
both geometric and semantic features. We used seven CVMs and called “EVA”.

EVA02 [58] improved accuracy by introducing improvements, which are used 
in NLP, to the architecture of the Transformer from the image side. In addition, by 
co-training MIM and CLIP, it achieved high accuracy with less parameter data than 
EVA-01. We used 11 CVMs and called “EVA02”.

META Transformer [59]was an integrated model that uses CLIP as a text encoder 
and learned semantic embeddings of text and images, allowing it to process informa-
tion from different modalities, including images, text, audio, infrared, and tabular 
data. We used two CVMs pre-trained on LAION-2B and called “META”.

4. �Comparison of visual similarity with CVM similarity

4.1 SoftMax regression

Each of the m pre-trained CVMi generates an inter-photo similarity vector xi 
of length n(n - 1)/2 for a set of n photos. Consider a regression model that finds 
the combination of vectors xi with the highest correlation for a visual similarity 
vector y. When performing a normal multiple regression of y on xi, the regression 
coefficients may become negative, making interpretation difficult. Therefore, we 
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performed regression with the constraint that the regression coefficients be non-
negative such as,

	 ( ) ( )0 1 1exp exp m my b b x b x= + + +‥ 	 (1)

Then, the final coefficient ai of xi is calculated using the SoftMax function, as

	 ( ) ( )exp / expi i j ja b b= Σ 	 (2)

In this paper, we used 26 types of pre-trained CVMs, including “Effi”, “BiT” and 
so on. Also, multiple CVMs were used for each CVM, for example, six for “Effi”. 
Therefore, we used the SoftMax regression to find the optimal combination of CVMs 
for each CVM as a preliminary round. Then, we used the SoftMax regression to find 
the optimal combination of CVMs across all 26 types of CVMs, as the final round.

4.2 Comparison by the two MDS coordinates

The correlation between the inter-photo visual similarity and the final CVM 
similarity indicates how similar both are overall. The MDS arrangement is considered 
a low-dimensional representation of the similarity structure. Here, 3D MDS was used.

Since the MDS represents the relative positional relationship between photos, it 
can be freely inverted and rotated. Therefore, to compare the 3D MDS based on visual 
similarity with the 3D MDS based on the CVM, it is necessary to align the MDS axis of 
the CVM with the MDS axis of the visual similarity using the procrustes transforma-
tion and to align the scales as well.

The overall similarity between the 3D MDS coordinates from the visual similarity 
and the transformed 3D MDS coordinates from the final CVM could be measured 
with the trace of the correlation matrix between both MDS coordinates. If the two 
match perfectly, the correlation matrix would be the identity matrix and the trace 
would be three.

Furthermore, by overlaying the MDS from visual similarity and the MDS from 
CVM, the difference in perception between the two for each photo could be quanti-
fied and visualized. In other words, photos with a large distance between the two 
coordinates are thought to give different cognition between humans and the CVM.

5. �Results

5.1 Result of the preliminary round

As an example of the preliminary round, the results of EVA02 are shown in 
Table 1. There were 11 CVMs of EVA02 available from Hugging Face, so these were 
denoted from M1 to M11. Specifically, M1 was “tiny_patch14-224.mim_in22k”, M2 was 
“base_patch14_448.mim_in22k_ft-in1k”, M11 was “large_patch14_448.mim_m38m_
ft_in22k-in1k”, and so on.

CVMs with large regression coefficients in Table I indicated valid CVMs and 
CVMs with regression coefficients of 0 were invalid CVMs. The synthesized CVM 
for “EVA02” was obtained by combining the individual CVMs with these regression 
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M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 M11 Corr.

Garden 0.150 0.000 0.000 0.000 0.243 0.024 0.161 0.173 0.088 0.162 0.000 0.557

Kawagoe 0.001 0.000 0.000 0.000 0.000 0.000 0.172 0.128 0.000 0.292 0.407 0.669

Student life 0.134 0.052 0.000 0.001 0.158 0.000 0.061 0.000 0.345 0.000 0.259 0.623

Table 1. 
Regression coefficients for “EVA02”. A preliminary round.
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Supervised learning

Effi BiT Conv ViT Flexi Swin DeiT CoAt Edge MViT Mixer I21KP

Garden 0.394 0.483 0.479 0.459 0.330 0.467 0.457 0.432 0.414 0.489 0.469 0.294

Kawagoe 0.581 0.538 0.628 0.583 0.558 0.609 0.608 0.604 0.570 0.657 0.594 0.469

Student life 0.549 0.567 0.677 0.662 0.680 0.711 0.699 0.728 0.677 0.692 0.714 0.621

Self-supervised learning CLIP related

Seg Segfor BEiT BEiT2 Swin2 Conv2 SEER DINO CLIP CLIPV CLIPC EVA EVA02 Meta

0.489 0.501 0.399 0.478 0.487 0.503 0.481 0.427 0.383 0.518 0.522 0.505 0.557 0.471

0.378 0.368 0.642 0.613 0.620 0.649 0.514 0.695 0.472 0.628 0.637 0.609 0.669 0.568

0.448 0.515 0.712 0.630 0.669 0.685 0.657 0.572 0.620 0.646 0.666 0.618 0.623 0.522

Table 2. 
Correlation between visual similarity and synthesized CVM similarity.
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Effi BiT Conv ViT Flexi Swin DeiT CoAt Edge MViT Mixer I21KP

Garden 0.000 0.002 0.000 0.021 0.000 0.000 0.081 0.000 0.000 0.000 0.000 0.000

Kawagoe 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.155 0.000 0.000

Student life 0.000 0.000 0.000 0.000 0.048 0.004 0.006 0.225 0.000 0.000 0.114 0.216

Seg Segfor BEiT BEiT2 Swin2 Conv2 SEER DINO CLIP CLIPV CLIPC EVA EVA02 Meta

0.165 0.152 0.000 0.000 0.000 0.000 0.000 0.029 0.000 0.000 0.000 0.000 0.545 0.004

0.000 0.000 0.000 0.000 0.000 0.134 0.000 0.485 0.000 0.000 0.000 0.000 0.225 0.000

0.001 0.030 0.098 0.000 0.000 0.000 0.066 0.000 0.191 0.000 0.000 0.000 0.000 0.000

Table 3. 
Regression coefficients for all types of CVMs, the final round.
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coefficients. “Corr.” meant the correlation between the similarity based on this syn-
thesized CVM and the visual similarity. We found that effective CVM combinations 
varied significantly depending on the photo set. Furthermore, “EVA02” was highly 
correlated with Kawagoe cityscapes, indicating that the sense of “EVA02” to Kawagoe 
cityscapes was like that of humans.

Table 2 shows the correlation between the visual similarity and the similarity by 
the synthesized CVM for the 26 types of CVMs discussed in this paper. We found 
that the highly correlated CVMs differed depending on the photo set. For garden 
landscapes, the highest correlations were with “EVA02” (0.557), “CLIPC” (0.522), 
and “CLIPV” (0.518), in that order. For Kawagoe cityscapes, the highest correlations 
were with “DINO” (0.695), “EVA02” (0.669), and “Conv2” (0.649), in that order. 
For student life photos, the highest correlations were with “CoAt” (0.728), “Mixer” 
(0.714), and “BEiT” (0.712), in that order.

It is noted that since there were several CVMs that add pre-trained models from 
Keras in addition to models from Hugging Face, the results in Table 2 differed slightly 
those in the previous report [34].

5.2 Results of the final round

Table 3 shows the regression coefficients for the final round. We found that the 
effective CVMs varied significantly depending on the photo set. For garden land-
scapes, there are three main effective CVMs, such as “Seg” (0.165) and “SegFor” 
(0.152) from semantic segmentation, and “EVA02” (0.545) from CLIP related. For 
Kawagoe cityscapes, there were four main CVMs, such as “MViT” (0.155) from 
supervised learning, “Conv2” (0.134), “DINO” (0.485) from self-supervised learning, 
and “EVA02” (0.225) from CLIP related. For student life photos, there were four main 
CVMs, such as “CoAt” (0.225), “Mixer” (0.114), “I21KP” (0.216) from supervised 
learning, and “CLIP” (0.191) from CLIP related.

For garden landscapes, semantic segmentation, and self-supervised learning 
(“EVA02” was a CVM that combines CLIP and MIM) were effective, while for 
Kawagoe landscapes, the self-supervised learning CVMs were almost always effective. 
In contrast, for student life photos, the self-supervised learning CVMs were not very 
effective, and the supervised learning CVMs were often effective.

Table 4 shows correlations between the visual similarity and the similarity by 
the final synthesized CVM and the traces of the correlation matrix between 3D MDS 
coordinates. Table 4 also lists the results from the previous report [31]. This time, 26 
types of CVM were used, whereas the previous report used only five types of CVM. 
They were “CNN”, “ViT”, “I21KP”, “Seg”, and “CLIP”. Of these, “CNNs” were CVMs 
pre-trained on ImageNet-1 K and were not used this time. The synthesized CVM was 

This result Previous result [31]

Corr. MDS1 MDS2 MDS3 Corr. MDS1 MDS2 MDS3

Garden 0.619 0.926 1.677 2.197 0.526 0.917 1.544 1.894

Kawagoe 0.716 0.936 1.880 2.672 0.603 0.918 1.734 2.496

Student life 0.778 0.947 1.881 2.756 0.740 0.953 1.880 2.758

Table 4. 
Comparison of correlations and traces with previous results.
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Figure 3. 
MDS placements by humans and CVM.
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the average CVM similarity in the preliminary round, and the CVM with the highest 
correlation with visual similarity among the average, the top two, and the top three of 
each CVM in the final round was used as the final CVM.

Looking at Table 4, for garden landscapes and Kawagoe cityscapes, the correlation 
and trace values increased, and the results this time were better, but for student life 
photos there was not much difference from the previous results. In any case, these 
correlation coefficients represent the current state of similarity between CVM sensa-
tions and human sensations.

5.3 Comparison by MDS photo placements

Figure 3 shows 2D MDS photo placements for three photo sets. Figure 3a and b 
show MDS placements from humans and the final CVM for garden landscapes, respec-
tively. Figure 3c and d show MDS placements from humans and the final CVM for 
Kawagoe cityscapes, respectively. Figure 3e and f show MDS placements from humans 
and the final CVM for student life photos, respectively.

Looking at Figure 3a, there were relatively large gardens covered with lawns on 
the left side and relatively narrow gardens on the right side. There were Japanese-
style gardens with rounded pruning on the upper side and Western-style gardens 
with relatively many flowers or structures on the lower side. Thus, the first axis 
represented the size of the garden. The second axis seemed to represent the differ-
ence in the garden style: Japanese and Western. On the contrary, though the first 
axis of Figure 3b represented the same as that of Figure 3a, the second axis seemed 
different. That is, the upper side seemed to represent orderly and the lower side 
seemed cluttered gardens. This reflects the fact that, in the trace values in Table 4, 
while the MDS1 value for garden landscapes was high at 0.926, the MDS2 value was 
only 1.677 (an increment of 0.751), and the correlation between humans and CVM 
sense on the second axis was not so high.

Looking at Figure 3c, it looked like there were several clusters. There was a cluster 
of Kawagoe’s symbol tower, “Time Bell”, on the bottom right, “Shrines and Temples” 
on the upper right, “Distant views” on the left end, “Streets” on the bottom left, 
“Objects” above “Streets”, and “Buildings” on the bottom center. Similar clusters were 
also seen in Figure 3d, and both placements were very similar. This was reflected 
by the 2D trace value for Kawagoe cityscapes in Table 4, which was 1.88, close to 2. 
However, looking more closely “Distant views” was split into two clusters, “Natural 
views” consisting of river scenery and “Distant views” consisting of cityscape views, 
and “Buildings” was also split into two clusters, “Wooden Bldg.” and “Stone Bldg.”, 
with the CVM providing more detailed classifications. This would be discussed in 
more detail in the next section. That is, the humans CVM MDS agglomerated, while 
the CVM MDS clusters appeared to be more spread out overall.

Looking at Figure 3e, it also looked like there were several clusters. There was 
a cluster of “Foods” on the far right, “Flowers” on the lower left, “Fields” on the 
middle-lower left, “Trees” on the middle left, “Buildings” on the upper left, “Indoors” 
on the upper center, and “Animals” near the center. On the other hand, though similar 
clusters were also seen in Figure 3f, the CVM MDS clusters appeared to be more 
spread out like Kawagoe cityscape case, the “Indoors” cluster spilt into three, that 
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is, “Rooms”, “Indoors” and “Goods”, and the “Animals” cluster seemed disappear. 
Overall, the MDS placements of both were quite similar, which corresponded to the 
2D trace value of 1.881 for student life photos in Table 4.

5.4 Photos that moved greatly MDS coordinates of both

Next, we examine how the impressions of individual photographs differ between 
humans and CVMs. This could be seen by superimposing the 2D human MDS and 
CVM MDS shown in Figure 4 for garden landscapes, Figure 5 for Kawagoe cityscapes 
and Figure 6 for student life photos. The human MDS coordinates to photos were 
shown as “circles”, those of the CVM MDS as “crosses”.

Arrows were drawn from coordinates of the human MDS to those of the CVM 
MDS. Green indicated that the direction of the arrows was from 315° to 45, blue from 
45 to 135, purple from 135 to 225, and red from 225 to 315. Among the coordinate 
movements in the MDS, the top 30 long arrows for garden landscapes and the top 50 
for Kawagoe landscapes and student life are shown as solid lines, while the other short 
arrows are drawn as dotted lines.

5.4.1 In the case of garden landscapes

Looking at Table 4, in comparison with the previous results for garden landscapes, 
the current results showed that the optimal CVM is closer to human senses, but there 
is still a large difference. To examine this point, Figure 4 shows each of the superim-
posed MDS results side by side. The left side shows the previous results, and the right 
side shows the current results. In addition, 14 photos of distinct gardens, from A to N, 
are placed around this figure. Six gardens (A to F) look Japanese style. In particular, 
the water basin (chozuya) and bamboo fence (D) and the lantern (E) are objects 
unique to Japanese gardens. On the other hand, four gardens (G to J) look Western 
style and are full of flowers.

Figure 4. 
Superimposed MDS by humans and CVM for garden landscapes.

72



Perspective Chapter: What Image AI is Close to Human Senses?
DOI: http://dx.doi.org/10.5772/intechopen.1009359

17

There were more vertical movements than horizontal movements in the photos 
that moved significantly in both cases. It might reflect that the CVM MDS was less 
like the humans MDS on the second axis than on the first axis. Overall, the previ-
ous results in the left figure have longer solid arrows, indicating a larger difference 
between human and CVM senses. There was a big difference between A, D to F and 
G to J to the human eyes, but when viewed from the CVM this time, there was no 
difference. Surprisingly, the previous CVM reversed the evaluation. As a result, in the 
CVM MDS, the expression Japanese-Western on the second axis disappeared and was 
changed to orderly-cluttered as shown in Figure 3b.

Next, let us look at the large garden on the left. M and N, which were located 
at the top in the human MDS, moved downward in the CVM MDS, while K and J, 
which were located at the bottom, moved upward, and there was almost no differ-
ence among M, N, K, and J. No artifacts could be seen in M and N, but artifacts were 
noticeable in K and J. This difference seemed large to the human eye, but it seemed 

Figure 5. 
Superimposed MDS by humans and CVM for Kawagoe townscapes.

Figure 6. 
Superimposed MDS by humans and CVM for student life photos.
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that the CVM did not perceive it as different. On the other hand, the previous CVM 
on the left side did not show any large difference between human and CVM senses. 
For this reason, as could be seen in Figure 3b, it was thought that the vertical varia-
tion was large in the narrow garden on the right, but the vertical variation shrank in 
the large garden on the left.

5.4.2 In the case of Kawagoe cityscapes

As shown in Table 4, the optimal CVM for Kawagoe cityscapes was quite close to 
human perception. This could be seen in Figure 3c and 3d, where the cluster arrange-
ments for humans and CVM were similar. However, clusters other than “The Time 
Bell” and “Shrines and Temples” were subtly different between humans and CVM, 
and this was shown in the superimposed MDS on the left in Figure 5, and in more 
detail in the enlarged view on the right.

In addition, photos A to D, which showed interesting movements in relation to 
the “Shrines and Temples” cluster, were placed at the top of the left figure. Photos 
of stone monuments such as A and B were located near the “Shrines and Temples” 
cluster in the human MDS, but in the CVM MDS, they shifted to the lower left. On the 
other hand, photos with compositions such as C and D shifted to the upper right in 
the CVM MDS, closer to the “Shrines and Temples” cluster.

What is striking here is that the photos that were included in the “Building” cluster 
in the human MDS all moved to the left and became attached to the “Streets” cluster 
in the CVM MDS then split into “Wooden” and “Stone buildings”. Furthermore, 
part of the “Distant views” cluster in the human MDS shifted to the lower right and 
formed a “Distant views” cluster adjacent to the “Streets” cluster, while the remainder 
became the “Natural views” cluster.

5.4.3 In the case of student life photos

As shown in Table 4, the optimal CVM for student life photos was quite close to 
human perception. This could be seen in Figure 3e and 3f, where the cluster arrange-
ments for humans and CVM were similar. However, the “Indoors” cluster in human 
MDS split into three in CVM MDS, and the “Animals” cluster disappeared, then it 
showed in detail in Figure 6.

In the “Animals” cluster, photos that showed large movements from humans to 
the CVM were shown from A to I around the left figure. Moving upward from the 
“Animals” cluster were photos of pigeons (A) and cats (B to D) and moving to the 
upper right were adult silkworms (E, F, and H), and a larval silkworm (I). These photos 
appeared to be quite like the human eye, but CVM seemed to see them as different from 
each other. The CVM seemed unable to understand the photos of silkworms lined up on 
pads (E and F), and thought they resembled a coffee can (l), so placed them near to it.

In the “Indoors” cluster, photos that showed large movements were shown from a 
to h. The “Classrooms” cluster in the right figure of Figure 6 corresponding to photos 
from a to c could be seen seeping out of the human “Indoors” cluster to the upper left as 
shown in the left figure of Figure 6. Also, the “Goods” cluster corresponding to photos 
from e to h could be seen seeping out of the human “Indoors” cluster to the downright.

The “Foods” cluster in the human MDS of Figure 3e enlarged in the CVM MDS of 
Figure 3f, and this could be seen in more detail in Figure 6. The photos that moved 
largely from the “Foods” cluster were i to n in Figure 6. Looking at these photos, they 
seemed a little too subtle to be called “Foods”.
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6. �Discussion

Recent progress in deep image learning has been remarkable. We were interested 
in how similar the CVM similarity becomes to the visual similarity and investigated. 
We were surprised to see that many CVMs have been published even with a quick 
look at Keras and Hugging Face. As the number of candidate CVMs has increased, 
we developed SoftMax regression to easily find important CVMs. Even if new CVMs 
are announced in the future, we can quickly introduce their results to mimic human 
similarity perception by using SoftMax regression.

By the way, when we limited our search to CVMs that use huge training data, 26 
types of CVMs were extracted at this time. We believe there are still other excellent 
CVMs, but this is almost the limit of our capabilities, so please forgive us. Many CVMs 
have been released for each individual CVM, and we have used a total of 214 CVMs 
in this research. We would like to express our gratitude once again to the researchers 
who developed these CVMs.

We were surprised to see that the effective CVMs varied greatly depending on the 
photo set. This is thought to reflect the fact that humans’ sense of similarity differs 
depending on the photo. Therefore, it is necessary to carefully consider the subject of 
the research is what kind of photos. It may be necessary to randomly select about 100 
photos from the ones you have, measure the visual similarity as shown in this paper, 
and select important CVMs using SoftMax regression.

This time, we used image encoders based on a huge amount of data called CLIP-
LAION-2B. As shown in Table 2, “CLIPV” and “CLIPC” showed higher correlations 
with the visual similarity than the previous “CLIP”, and a large effect was observed. 
However, the effectiveness measured by the regression coefficients was not observed. 
The reason is unclear, and this is a future issue. We also had high hopes for “SEER”, 
but unfortunately the correlation with the visual similarity was not very high, and 
little effectiveness was observed.

Table 4 shows that the correlation increased significantly in garden landscapes 
and Kawagoe cityscapes, but not so much in student life photos. This was thought to 
be due to the big effect of the self-supervised learning CVMs, such as “EVA02” in gar-
den landscapes, and “DINO” and “EVA02” in Kawagoe cityscapes. On the other hand, 
in the case of student life photos, sufficient correlation had already been achieved 
using the previous supervised learning CVMs, and the effect of the self-supervised 
learning CVMs was not so great.

The supervised learning CVM recognized the “objects” that appeared in a photo. 
Since student life photos were made up of a wide variety of images, such as foods, 
interiors, buildings, and landscapes, it was believed that the differences in the 
“objects” that appeared in the photos were the determining factor in the inter-photo 
visual similarity. For this reason, the supervised learning CVMs were effective.

On the other hand, since the visual similarity between photos of Kawagoe 
cityscapes was thought to be determined by the overall impression of the 
streetscape, rather than by the “objects”, it was thought that the self-supervised 
learning CVMs would be effective. By the way, in the previous result [31], the 
clusters of the “Time Bell” and “Shrines and Temples” in the CVM MDS were more 
widely spread than the clusters in the human MDS, as shown in Figure 7. However, 
the clusters of the CVM MDS in Figure 3d were slightly more widely spread than the 
clusters in Figure 3c, with no large difference. The fact that the clusters by the CVM 
were not so widely spread was also thought to be due to the self-supervised learning 
CVM.
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In addition, the effectiveness of the semantic segmentation in garden landscapes 
was thought to be high since the size of the garden was related to the size of the 
semantic region called “grass”. In fact, when PSPNet [50] was used, which was the 
most effective among the six types of CVM used in “Seg” and the four types used 
in “SegFor”, the correlation between the CVM MDS1 and the percentage of “grass” 
pixels was 0.888, which revealed a relationship in which the more “grass” there was, 
the larger the garden appeared to be. Furthermore, the correlation between the 
percentage of “tree” pixels and the CVM MDS2 was 0.634, which revealed a tendency 
for gardens with fewer trees to appear cluttered.

Furthermore, looking at Figure 4, we can see that the human eye is quite different 
from that of the CVM. The human eye may sense a Japanese style from the objects in 
a garden, or a Western style if there are many flowers, but the CVM did not have this 
sense. This human sense can be called representation, and this representation may 
be unique to Japanese people. We also found that the presence or absence of artificial 
objects such as a table and chair at L in Figure 4 did not have much impact on the 
CVM’s sense this time. This may be because CVMs that are effective for garden land-
scapes were not often selected from supervised learning CVMs, as shown in Table 3.

To support this, the left figure of Figure 4 shows the results of a garden scene from 
our previous report [31], in which a CVM combining semantic segmentation and 
supervised learning was used. This result shows how photos that moved significantly 
from the human MDS to the CVM MDS in the current results moved in the previous 

Figure 7. 
Previous MDS for Kawagoe cityscapes.
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results. Looking at the right figure of Figure 4, the movement in the narrow garden 
on the right was like the previous time, but the movement in the large garden on the 
left was different. The movement of K was similar, but the movements of L, M, and N 
were smaller in the previous time. In other words, L, M, and N were not similar in the 
previous CVM, which is thought to indicate that the presence or absence of artificial 
objects influenced the sensation of CVM.

There are also significant differences in cluster formation between the human 
MDS and the CVM MDS. The clusters in Figure 3c and e are agglomerated, while 
the clusters in Figure 3d and f are more spread out. Humans classify photos based 
on some kind of criteria, which is thought to make it easier for clusters to form. On 
the other hand, the CVM does not have classification criteria, so it is thought that the 
separation of clusters can be ambiguous.

This is most evident in the “Indoors” cluster in Figure 3e and Figure 6. In student 
life photos, photos of food, buildings, plants, etc. can be relatively easily categorized 
according to the objects they contain, but indoor photos contain too many different 
objects, making it difficult to establish classification criteria. For this reason, we 
believe that the “Other” cluster was created to collect photos that could not be clas-
sified, which resulted in the formation of the “Indoors” cluster. On the other hand, 
CVM calculates the similarity between photos according to the objects they contain, 
so the “Indoors” cluster did not consolidate into one, and as a result it spread widely 
and appeared to be separated into the “Classrooms”, “Indoors”, and “Goods” clusters.

A similar phenomenon was observed in the “Buildings” and “Distant views” clusters 
in Figure 3c and d, and Figure 5. It seems that human senses separated “The Time Bell” 
and “Shrines and Temples” into clusters, separated single buildings into the “Buildings” 
cluster, and then gathered landscapes with the sky to form the “Distant Views” cluster. 
On the other hand, CVM judges the similarity of the photos themselves, so it sepa-
rated “Buildings” into “Wooden” and “Stone” and approached “Streets” which shows 
multiple buildings. It also separated “Distant views” into “Natural views” which shows 
nature such as rivers, and “Distant Views” which shows cityscapes, and since many 
buildings are shown here, it was attached to “Streets”. Compared to the previous CVM, 
the individual clusters in Figure 7 were spread out and the separation was unclear, but 
a cluster with the same composition as the cluster in Figure 3d was formed, so it was 
found that the scenery seen by CVMs was quite similar.

The “Foods” cluster in Figure 3e and f and Figure 6 also seems to have this ten-
dency. When humans look at many photos, they classify all photos that seem related 
to “Foods” as “Foods”, which results in the formation of a clear “Foods” cluster that is 
isolated from other clusters. On the other hand, CVM calculates the similarity between 
photos based on what is shown, so in Figure 6 i to n cannot be said to be 100% “Foods”, 
and so they are thought to have been separated from the “Foods” cluster.

The same was true of the “Time Bell” cluster in Figure 3c and d. The “Time Bell” 
is the symbolic tower of Kawagoe City, and is clearly different from other Kawagoe 
cityscapes, so a clear and separate “Time Bell” cluster was formed. The shape of 
“Time Bell” is significantly different from other buildings, so a relatively clear and 
separate cluster was formed in the CVM MDS, but the cluster was somewhat broad-
ened due to differences in the angle of the photo, etc. This cluster was much clearer 
and more isolated than the previous “Time Bell” cluster in Figure 7, clearly showing 
that the self-supervised learning CVM came much closer to human perception for 
photos like Kawagoe cityscapes.

Next, let us look at the disappearance of the “Animals” cluster in Figure 3e. 
Looking at Figure 6, the photos of A to I, which were in the original “Animals” cluster, 
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diffused from the right to the top in the CVM MDS, and the cluster disappeared. 
Looking at the photo arrangement in Figure 6, the photos around these photos are 
more diverse in the CVM MDS. Humans sense that living things and non-living things 
are different, but this is thought to be because the CVM does not have such a sense. 
This sense of living and non-living things may also be said to be a representation of 
human beings.

7. �Conclusion

We used three photo sets with different characteristics to investigate how similar 
human senses are to the CVM senses and to investigate in what ways they differ. 
Overall, we found that human senses can be almost imitated by the CVM. Specifically, 
in garden landscapes with only garden photos, the percentage of “grass” and “tree” by 
semantic segmentation was effective in imitating human senses. In addition, it was 
shown that the self-supervised learning CVM could be used to approximate human 
senses quite closely in Kawagoe cityscapes. In student life photos, which consist of 
various types of photos, it was shown that the supervised learning CVM was close to 
the human senses. However, the taste of Japanese style and Western style in garden 
landscapes is a representation of Japanese people and cannot be imitated by the 
current CVM. In addition, the human representation of living and non-living things 
cannot be imitated by the current CVM.

© 2025 The Author(s). Licensee IntechOpen. This chapter is distributed under the terms of 
the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0), 
which permits unrestricted use, distribution, and reproduction in any medium, provided 
the original work is properly cited. 
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Chapter 5

E-Learning in Light of the Concept 
of Power
Ismail Noori Mseer

Abstract

From the point of view of the analysis based on the aspect of power dynamics, 
e-learning reveals a number of critical factors influencing both the educational
experience and broader implications for learners and educators. These include access 
to technology, curriculum design, social presence, and the role of feedback and
assessment. Access to technology forms one of the very basic aspects of e-learning,
which relates directly to the power structures. Online learning requires dependable 
access to the internet and appropriate devices. Such is a source of inequality among
students hailing from different socio-economic backgrounds, geographic loca-
tions, and all manner of digital literacy. For instance, underprivileged students lack
adequate resources to engage in effective e-learning and thus accelerate the existing
inequalities in education. The concept of “virtual presence” underlines how technol-
ogy access influences the experience of learning and either enables or constrains
students’ possibilities to meaningfully engage with the learning material and peers.
Curriculum design also reflects major discourses of power in e-learning. Choices on
what is taught, how it is presented, and who is allowed to contribute or kept outside of
such decisions are indicative of deeper structures of power at work within educational
institutions. Often, the development of curricula does not take into account student
input, which may be the solution for the disconnection that exists between what is
taught and what really needs to or may interest a learner. This non-decision-making
power can marginalize the voices of students and limit their active and deep engage-
ment with the material. The Community of Inquiry framework stresses that teaching
presence plays a critical role in fostering meaningful learning experiences; hence, if
students are excluded from curriculum discussions, their cognitive and social pres-
ence is reduced.

Keywords: E-learning, power, technologies of self, commentary, taxonomy, biopolitical 
field, subjugated knowledges, cognitive discourse

1. �Introduction

E-learning forms the basis of new power dynamics between instructors and learn-
ers through the incorporation of technology. E-learning bridges the gap in geography 
by allowing quality education to reach out to students in remote areas and thus help-
ing in the empowerment of those citizens who otherwise were at a disadvantage due 
to their location or socio-economic background. Such access allows learners to engage 
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with educational content to which they otherwise did not have access [1]; this acts to 
redistribute power from traditional institutions to the individual learners who now 
can choose their own learning paths and resources. E-learning platforms often use 
adaptive technologies that permit individual learning to take place at an individual 
pace and according to individual style [2]. By putting the learners in control of their 
educational journeys, personalization empowers them with a sense of agency that is 
rarely experienced in a traditional classroom setting. In an e-learning environment, 
educators become more like facilitators or guides rather than the most important 
provider of knowledge [3]. This role adjustment will allow the teacher to spend more 
time on student learning processes rather than mere delivery of content, hence allow-
ing for better engagement and understanding on the part of students.

Technology has made the learning materials more interactive with mechanisms 
for instant feedback. On the flip side, over-reliance on technology could also be the 
cause of inequality because students who do not have either the relevant internet 
or hardware would always lag behind and hence present a constant challenge in 
assuring equal opportunities for e-learning resources [4]. Data obtained through 
e-learning technologies creates insights on students’ performance and behavior, 
empowering educators and learners alike. Educators can use this information to 
identify learning gaps, hence modify their teaching strategies accordingly [5], while 
at the same time allowing learners to monitor their progress and take ownership 
of their educational outcomes. E-learning gives a facelift to the power dynamics in 
educational contexts through increased access, personalized learning, changed roles 
by the educator, and the use of technology for enhancement in learning and feedback 
[6]. While it affords the opportunity for democratization across different strata, it 
equally demands consistent struggle for equal access to make such realities possible 
[7] for all learners.

Cognitive analysis in e-learning is one of the critical components whose keys to 
understanding lie in how learners process information, deal with cognitive load, 
and interact with digital content. It thus plays a very vital role in formulating effec-
tive e-learning experiences to improve learning outcomes. The theory of Cognitive 
Load Theory (CLT) focuses on the need to balance intrinsic load, related to material 
complexity, with extraneous load, related to the presentation of information so as to 
optimize learning. Effective instructional design minimizes extraneous cognitive load 
while maintaining intrinsic load at an appropriate level relative to a learner’s current 
level of expertise. These are the main factors that influence the effectiveness of inter-
active learning media with regard to cognitive engagement and learning outcomes: 
the degree of interactivity should be optimized so as not to overwhelm learners with 
information. Immersion and Realism: Immersive technologies in learning, such as 
VR, have a motivational appeal that reinforces experiential processes of learning. On 
the other hand, a very high degree of immersion may be associated with an increased 
cognitive load that may detract from learning if it is not properly moderated. A 
moderate dose of disfluency introduced will stimulate deeper cognitive processing for 
better understanding and retention. Triggers presenting positive emotions in learn-
ers increase engagement and motivation to learn, hence motivating deeper cognitive 
processing and information retention. The assessments need to be aligned with learn-
ing objectives and cognitive processing types triggered by the instructional design 
so that the cognitive load invested at the time of learning translates into measurable 
educational benefits.

E-learning spaces are negotiated through the interactions of instructors and 
learners. These include: E-learning space reconfigures instructors from being 
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transmitted directly as an authority figure into a facilitator, in which direct student 
involvement and ownership of learning can be promoted that improve engagement. 
When students are given a choice in learning, for example, this increases motivation 
and engagement in pursuing ownership of their learning processes. Effective facilita-
tion strategies provide inclusive dialogical spaces that balance power dynamics to 
ensure diverse participation in the engagement and learning outcome. Sometimes, 
access to technology and digital literacy widens inequities in engagement and learn-
ing outcomes. Inequalities within technology access and disparities in digital literacy 
create inequities within learning outcomes. The inclusion of formative assessments 
that allow for self-assessment-reflection and peer feedback may empower students by 
giving students more voices in their evaluation process. The integration of cognitive 
analysis with an understanding of power can enable educators to be more sensitive 
to the creation of inclusivity and more empowering online learning environments 
through collaboration and increased student engagement.

Even though e-learning is flexible and accessible, it introduces a number of con-
siderations with respect to power: multilayered issues entailing motivation and access, 
digital literacy, and shifting roles of educators and learners. One of the major issues 
is that students tend to lack motivation when participating in an e-learning environ-
ment [8]. The absence of face-to-face interaction and a lack of immediate account-
ability can create less motivation and engagement because such students lose focus 
over some period of time. This lack of motivation is joined by feelings of isolation, 
given the fact that students do not get to participate in the social interactions that take 
place during a conventional classroom environment, and could affect their mental 
health and academic performance. Technical issues are a significant part of the prob-
lems that come with e-learning [9]. Poor connectivity or a lack of access to relevant 
devices to learn is often frustrating for students, as the process is mostly crippled and 
always leads to irritation among students. For example, this is particularly a problem 
when there is a “homework gap” because students come from low-income families or 
from rural areas where they have limited access to essential technology to complete 
assignments, thereby exacerbating disparities in education.

Further complicating all of these challenges is the added layer of power dynam-
ics in e-learning. In other words, traditionally, the instructor has held the dominant 
position—that is, the only one with knowledge—which can effectively create a power 
differential that inhibits student agency. In a more student-centered approach, power 
is distributed to students through greater control over learning, which fosters com-
munity and engagement [10]. This shift in approach also means that educators need 
to get accustomed to new facilitator roles, which is not an easy task for those who are 
used to the traditional ways of teaching. Apart from that, digital literacy is another 
main factor that determines the success of e-learning. Good digital literacy enables a 
student to progress and function well in the depth of online platforms and learning 
resources with great efficiency [11]. Yet inequalities in digital literacy create unequal 
opportunities for participation that are dominated by more tech-savvy students over 
other less-proficient students.

Finally, there are the psychological effects that cannot be left unconsidered, 
related to remote learning: feelings of loneliness and increased stress. On the other 
hand, this might be reflected in the reduced level of motivation and engagement in 
class activities due to the exclusion of social interaction typical of the classical class-
room environment [12]. E-learning in the context of power relationships is multilevel 
and quite intricate. In effect, overcoming these challenges would definitely necessitate 
concerted efforts from institutions of learning with regard to ensuring equal access 
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to technology, providing support for their students and educators, as well as promot-
ing digital literacy in order to finally create effective and inclusive online learning 
environments.

2. �Research methodology

The cultural context can be very important in the analysis of power relations 
in e-learning, as there are cultures that have different norms concerning author-
ity, collaboration, and style of communication. E-learning research methodology 
is a sensitive field, more so on power issues and cultural consideration aspects, 
hence deepening the understanding of how the cultural norms and their power 
structures interplay in the shaping of learning environments [13]. Understanding 
Power Dynamics in e-learning shall be realized by knowing that interaction exists 
between instructor authority and student autonomy [14]. In most cases, instruc-
tors are granted enormous authority in traditional settings, which usually triggers 
power imbalance. This is further exacerbated in e-learning whereby the instructor 
can easily assume the position of the central authority, adopting a “sage on the 
stage” [15] mentality, which might reduce student participation and empower-
ment. Adoption of an empowerment framework may counteract some of these 
imbalances by fostering mutual responsibility for learning processes between 
instructors and students. Cultural context forms the core of any process or rela-
tionship encountered within e-learning [16]. Authority is not viewed equally across 
all cultures, and these cultural differences greatly affect how individuals relate to 
one another [17], make decisions, and exchange information. For instance, high 
power distance cultures, including many Asian and Middle Eastern cultures, deeply 
respect status and authority, which can result in very formal communications and 
decision-making approaches that are top-down [18]. On the other hand, low power 
distance cultures, such as the United States and Northern Europe, foster egalitari-
anism and encourage open communication, thus creating collaborative learning 
environments.

Cultural contexts influence collaboration styles in e-learning. For instance, collec-
tivist cultures place a high value on group cohesion and consensus and are thus more 
likely to bear reflective evaluators who are inordinately concerned with the group’s 
cohesion versus the need for self-expression [19]. Individualistic cultures might pro-
vide more active initiators interested in personal, reflective contributions and asser-
tiveness in discussions. The communication style is shaped by cultural differences, 
learning preferences, and the nature of the online interaction. High-context cultures 
rely heavily on non-verbal cues and context of communication and very often would 
favor indirect communication and hierarchical relationships [20], whereas low-
context cultures depend on direct communication and egalitarian interactions. The 
difference also has an impact on the way learners will approach e-learning platforms: 
for example, students coming from high-context cultures may appreciate more 
guided approaches and explicit instructions from instructors whenever necessary [8]. 
Understanding the power relations in e-learning requires knowledge of the cultural 
context. The way perceptions of authority, collaboration style, and communication 
norms interact determines how learners will interact with educational content and 
with one another. E-learning methodologies need to be flexible in meeting such 
cultural differences as a means of fostering increased engagement and effectiveness 
across diverse learner populations [21]. It is through such factors that educators can be 
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set to establish e-learning environments that are not only more inclusive but also more 
productive, culturally sensitive, and equally offer opportunities for learning.

2.1 E-learning through the concept of technologies of self

E-learning, based on the concept of technologies of self, necessitates emphasizing 
learners’ powers of self-management in education. This utilizes various digital tools 
and methodologies that allow personalized learning, targeting the individualizing 
of each person’s education toward their specific needs and preferences [22]. These 
technologies lead to domination in cognitive guidance within a few key areas: The 
technologies of self allow learners to set personal goals, monitor their progress, 
and adjust their strategies in response to feedback. This level of autonomy creates 
ownership of the process that is motivating and engaging. Research is indicating that 
students who practice self-regulated learning are obtaining higher academic per-
formance and satisfaction in an online environment. Technology integration within 
e-learning courses enhances cognitive presence in that learners are afforded reflection 
and discourse to construct meaning. Discussion forums and collaborative platforms 
foster a deeper level of cognitive engagement that supports more critical thinking and 
problem-solving skills [23]. Motivation and Engagement: E-learning environments 
utilizing technologies of self create increased motivation of the learners because one 
can select learning paths and use resources that best suit individual interests; hence, 
involvement with the content is deeper. Technologies of the self are directly fed back 
to learners through built-in digital tools of quizzes and analytics dashboards.

Real-time feedback allows the learner to diagnose their level of understanding 
from time to time and make necessary changes, something that is integral for any 
learning to take place. Technologies promoting social interaction foster the develop-
ment of a learning community. High social presence will build closer collaboration, 
including peer support, essential in online contexts for motivation and engagement. 
In other words, technologies of self through e-learning significantly influence 
cognitive guidance in developing self-regulation, cognitive presence, motivation, 
immediate feedback, and social connectedness. Each of these factors leads to the 
transformative power of technology in shaping an efficient e-learning environment 
that focuses on learner autonomy while guaranteeing robust cognitive engagement.

2.2 E-learning through the concept of commentary

E-learning through the concept of commentary greatly powered the production of 
digital narratives by affording the digital specialist the ability to insert meaning and 
context into their storytelling. This approach uses interactive and multimedia features 
to facilitate learning in a more engaging and meaningful manner. The integration of 
different media formats is one aspect of this process that facilitates an enrichment 
of the narrative. Digital storytelling is not just an affair involving text; instead, it 
incorporates visuals, audio, and interactive components that might help in stimulat-
ing a range of senses. This multimodal focus enables learning more easily because 
learners can relate to the content at deeper levels owing to the fact that they would 
be able to connect with the content through different channels, which in turn makes 
their understanding and retention of the same easier. For instance, video content 
supported with written text would allow the learners to visualize ideas and at the 
same time process the information aurally, which, in turn, can also promote Richard 
Mayer’s Cognitive Theory of Multimedia Learning [24], dual-channel processing 
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leads to better understanding and recall. The other key issue is related to commenting 
on the role of interaction between the narrator and the audience themselves. Where 
the storyline in traditional narration is set and often told from one perspective, in 
digital storytelling, many voices and perspectives may emerge. Interactivity enhances 
active involvement of learners in processes of learning, either through feedback or by 
creating alternative viewpoints that reshape the story. Engagement of this nature not 
only makes learning more dynamic but also fosters a sense of community among the 
learners, with the sharing of experiences and insights related to the content.

Moreover, commentary allows for emotional involvement with the text. Stories 
of emotions are easier to remember and interpret. When learners are involved in the 
narrative—through characters that they can relate to or situations that may seem 
gripping—they are bound to put more effort into grasping what is before them. This 
emotional interplay allows for better retention of information since students would 
likely remember information that appeals to them on a personal level. Digital narra-
tives can be flexible [25], letting students individualize their learning experiences. 
Commented stories by educators can show relevance to a wide range of learning needs 
and styles. Students from a whole range of abilities can engage with the content in 
ways that resonate with their particular experiences—be it visualized through aids 
for ocular learners or audio for more auditory learners. This is important in today’s 
diverse educational settings, where one-size-fits-all solutions mostly break down. 
Commentary as e-learning in digital narratives develops a media-based narration 
with opportunities for engagement, interaction that allows different views, emo-
tion to help retention, and personalization of learning experiences. Together, these 
provide a more meaningful educational experience—one that does not just inform 
but also inspires the learner.

2.3 E-learning according to the concept of taxonomy

E-learning through the concept of taxonomy involves arranging and structuring so 
that learning experience may be enhanced and will allow scattering at different sites. 
Taxonomy here means a well-structured classification that navigates educators and 
learners through complex information landscapes. Among the major frameworks used 
to understand taxonomy in e-learning, Bloom’s Taxonomy categorizes higher-order 
cognitive skills by naming them from basic knowledge recall to higher-level thinking 
skills involving creation and analysis. This framework can be applied in digital learn-
ing environments that enable instructors to design courses in accordance with specific 
learning outcomes. For instance, with Bloom’s Digital Taxonomy, instructors can 
use technology effectively to provide an environment that elicits much engagement 
and thinking from students [26]. In this version of the update, one would emphasize 
the use of digital tools at each of the cognitive levels, be it doing simulations for 
application or using collaborative platforms for creation. Clearly specifying learning 
objectives within the framework of the taxonomy will enable educators to develop 
focused assessments that will, in turn, effectively measure student understandings at 
multiple cognitive levels. This structured approach ensures that learners do not only 
absorb information but also apply and analyze it meaningfully. Taxonomies will, in a 
way, help in categorizing content into manageable sets so that learners can have easier 
access to relevant content. It may further assist in effective content delivery on various 
digital platforms to ensure that learners receive the right information at the right 
time. For example, a well-developed taxonomy allows resources to be collated about 
particular topics or skills and hence enhances learning experience.
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Taxonomies can also redefine relationships through the collaboration of learners. 
Students can discuss and share, using social media and collaboration tools within a 
taxonomy [27], their learning outcomes. Interaction in this manner not only enriches 
the learning but also creates community among learners. Well-defined taxonomy 
helps in the personalization of learning experiences, thus allowing educators to cus-
tomize content with regard to assessment to meet each learner’s needs. This is highly 
required in the e-learning environment wherein different students share different 
levels of pre-knowledge concerning a subject matter and, therefore, different learn-
ing styles. A taxonomy in e-learning will provide data on performance and learners’ 
engagement. The instructor can use this information to fine-tune teaching strategies 
and course design to improve learning outcomes [28]. In other words, taxonomy for 
e-learning not only systematizes the educational content but also shapes anew the 
relationship between learners and knowledge through advanced learning objectives, 
better distribution of the content, collaboration, personalization of learning routes, 
and data analytics. It is by exploiting these latter aspects effectively that educators are 
able to provide for a much more interactive and effective online learning experience 
that caters to many different needs of various learners.

2.4 E-learning through the concept of the biopolitical field

E-learning, when viewed from a biopolitical perspective, seems to have shown that 
pedagogical practices are inherently linked with the struggle of powers constituting 
both knowledge and social norms. The concept of biopolitics is an analytical category 
developed by the French intellectual Michel Foucault and denotes how a government 
administered by controlled subjects orchestrates life control [29]. Biopolitics can 
be applied in a number of ways concerning education. Another important aspect 
of biopolitics in e-learning is its possibility to fabricate and devise the entire set of 
facts and events. For instance, analytics might become used to measure the level of 
student participation, performance, or even their mood on e-learning platforms. Data 
gathered from such efforts allows educational facilities to profile the learner in ways 
that might be material for pedagogical strategy and institutional policy. For example, 
pattern analysis identifying students at risk could trigger interventions specific to the 
performance in question. This is biopolitics in action: knowledge of individuals’ lives 
applied to govern those lives in some respect [30]. Indeed, e-learning environments 
have a greater potential to regularize societal norms by integrating certain values and 
ideologies into their curricula. In these, specific content is presented based on broader 
ideas as dictated by government or institutional bodies. This could, therefore, be 
understood as one aspect of a biopolitical control of knowledge, where certain forms 
of knowing and practice are systematically enabled and developed, while others may 
be moved to the periphery. For example, the use of standardized testing in e-learning 
systems determines not only what is learnt but also how students conceptualize suc-
cess and failure.

Biopolitical influence goes beyond the levels of individual learning to collective 
pedagogical outcomes evident in e-learning. For Foucault, power operates not only 
through hierarchies but also through networks [31], so that e-learning will enable 
new social formations of learners. The online communities coalescing around learn-
ing could subvert conventional educational structures through the encouragement 
of alternative types of knowledge generation. Yet these communities are also open to 
surveillance and regulation by the educational authorities anxious to reassert their 
control over the learning environment. This would be manifest in not only developing 
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countries but also in a variety of marginalized communities. Biopolitical principles 
toward e-learning show very different implications [28] where, on one hand, e-learn-
ing democratizes access to education, yet, on the other hand, may further exacerbate 
existing inequalities due to a lack of equal access to technology. The presence of the 
digital divide helps to further emphasize that in developing biopolitical strategies, 
the socio-economic factors of who benefits from any given e-learning initiative are 
paramount. In other words, e-learning, as part of a biopolitical field, serves to illus-
trate that aspects such as educational practices are never independent of the power 
relationships that create knowledge and social norms [32]. E-learning environments, 
through data analysis of learners and curation of content for institutional aims, 
epitomize Foucault’s notion of biopower, whereby knowledge is a function of gover-
nance. It is in grasping these processes that educators and policymakers will be in a 
position to ensure equity and efficiency in learning environments that enable rather 
than constrain learners.

3. �E-learning through the use of subjugated knowledges

E-learning platforms are important drivers in the reshaping and redefinition 
of knowledge categories by incorporating subjugated knowledges—that is, those 
knowledge forms that have been marginalized or excluded from mainstream dis-
course. These platforms democratize education by offering access to a diversity of 
perspectives, especially those emanating from the margins, and hence challenging 
conventional knowledge hierarchies. It increases access by overcoming geographi-
cal constraints [33], thereby allowing different learners to access content to which 
they can relate due to their experiences. This is a question of inclusivity that helps 
in the recognition of subjugated knowledges—for instance, indigenous knowledge 
systems or feminist theories—that can challenge dominant narratives. Indigenization 
of knowledge and skills might also be effected through the incorporation into the 
curriculum of various epistemologies, such as local ecological knowledge or tradi-
tional healing practices. Such a move would validate such knowledge claims as central 
rather than peripheral and would contribute to a more holistic understanding of 
subjects like science. The insights of historically oppressed groups become significant 
knowledge in e-learning platforms that value such knowledge. Hence, this model 
of learning opens up the academy to the inclusion of alternative perspectives that 
enrich the educational landscape. Traditionally, independent knowledge is taken to 
be the objective truth. However, from the perspective of subjugated knowledges, 
e-learning demonstrates that all knowledge is contextual and interdependent between 
different forms of understanding. Direct contact in e-learning through, for example, 
interactive discussions and collaborative projects increases student interaction, which 
in turn strengthens social ties among students. In addition, this contact may help 
reduce feelings of loneliness, and it enables feedback that provides an opportunity for 
personalized learning experience. Integration of subjugated knowledge in e-learning 
promotes a culture of lifelong learning and adaptability [34]. The more diverse the 
perspectives with which learners engage, the more likely they are to seek out new 
knowledge on their own initiative, which in turn should encourage organizations to 
invest in continuous training and development initiatives. In a nutshell, e-learning 
platforms have a transformational role in the reordering of educational paradigms by 
underlining access and direct contact with voices from the margin. It reconstitutes 
knowledge categories through an affirmation of diversity in epistemologies, furthers 
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equity in education, and complicates the understanding of knowledge as a complex 
play of cultural narratives and experiences.

4. �E-learning through the concept of cognitive discourse

E-learning through the concept of cognitive discourse authority merges scientific 
knowledge with social interaction to work out effective online learning environments. 
Cognitive science is thus at the root of this concept, which guides the design and 
implementation of e-learning experiences, putting an emphasis on information pro-
cessing and construction of knowledge by learners. Authority of cognitive discourse 
in e-learning is informed by a number of significant theories and frameworks that 
govern it. These are: Cognitive Load Theory (CLT): This theory, as propounded by 
John Sweller [35], prescribes that instructional materials should minimize extraneous 
cognitive load and maximize intrinsic and germane loads. By this approach, learners 
shall be able to focus on the essential concepts without being overwhelmed, thus 
enhancing retention and understanding. Cognitive Flexibility Theory: The theory 
insists on exposing information to different contexts so that a deeper understand-
ing and adaptability can be achieved. E-learning with case studies and simulations 
enhances knowledge transfer and critical thinking in multiple dimensions.

A presence based on cognition within the Community of Inquiry model, cogni-
tive presence deals with constructing and confirming meaning by reflection and 
discourse. Discussion forums and peer feedback are part of an effective e-learning 
platform that enhances cognitive engagement. Interaction with Peer and Instructor: 
Interaction will develop the feeling of belongingness and community [36]. It 
enhances the motivation and understanding when working by sharing different 
perspectives and getting support from each other. A strong feeling of social presence 
reduces feelings of loneliness while studying in distance learning; an effective role of 
participation and cooperation leads to enhanced learning outcomes. Self-Regulation 
and Technological Interaction: Efforts toward self-regulated learning in combination 
with effective use of technology are necessary in bringing involvement in course 
content to a deeper level of meaning. Rich multimedia resources and mechanisms for 
immediate feedback support cognitive engagement. Cognitive discursive authority 
also means cognizing how individuals evaluate sources for credibility. This includes 
the role of emotions and contexts in perceptions of authority. The emotional appeal 
of information can have a crippling effect on perceptions of authority. One can easily 
understand how navigating through diverse sources today is incredibly overwhelm-
ing. In a nutshell, the cognitive discourses’ authority in e-learning underlines the 
interdependence between scientific knowledge and social interaction. Educators 
develop effective e-learning experiences that prepare students for academic success 
and active citizenship in a scientifically informed society by promoting rich dialogs 
and addressing socio-emotional factors.

5. �E-learning through knowledge transfer

E-learning through the concept of knowledge transfer, in fact, tries to bridge the 
theoretical apprehension of knowledge with practical application and thus the ability 
of learners for the application of that knowledge in a real-world context. This is 
achieved through several key strategies: Step-by-step learning involves smaller “bytes” 
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of learning about certain concepts or skills [37]. Most e-learning courses are divided 
into sections that are manageable, either focusing on a concept or skill. In this respect, 
learners will find it easier to learn and confidently apply theoretical inputs effectively 
on the job. Community Learning: Engaging learners in activities of collaboration, 
such as discussion and group projects, creates interaction with peers that is very criti-
cal for both knowledge retention and application. The aspect of interaction in a social 
context promotes sharing experiences and insights during learning that is relevant 
and appropriate in a daily working environment. Practical Exercises and Assessments: 
The integration of practice questions and real-life scenarios in the e-learning course 
[38] will reinforce knowledge and better equip the learner to face every challenge 
in life. The continuous assessments offer feedback, which is then applied to create 
continuous improvement in the application of knowledge. Business Goal Alignment: 
The alignment of the learning outcomes to business objectives means that the training 
will be pertinent to the roles of the learners. Such alignment gives them a reason to 
go through the material and use it effectively; this helps in associating the objectives 
of training with organizational success. Ongoing Support and Follow-Up: Refresher 
courses with follow-up exercises enhance long-term learning. Ongoing practice will 
allow learners to review their knowledge and apply it in a different context, thereby 
keeping it usable and executable for a long period following the initial training. In 
other words, e-learning strengthens practical ways of knowledge by using structured 
content delivery [39], stimulating community involvement, applying practical 
exercises, aligning training to business objectives, and giving continued support. All 
these elements combined amplify the effective means of application of knowledge by 
the learner within realistic situations—a dream to cause meaningful learning impact-
ful right at the heart of reality.

5.1 E-learning, through the concept of semantic representations

Semantic representations have recently gained immense traction in e-learning 
platforms for the betterment of educational experiences by facilitating personaliza-
tion, content discovery, and assessment methods. Semantic representation involves 
data with a structure that conveys meaning, hence the ability of the systems to process 
information as it is comprehended by humans. Semantic analysis tailors learning 
content for each individual learner by highlighting strengths and weaknesses. This 
shall enable platforms to recommend resources that better match learners’ current 
understanding and goals, hence boosting engagement and retention [1]. Semantic 
technologies improve the packaging of content and how it is accessed by providing 
users with intuitive search capabilities. For example, if searched regarding “machine 
learning,” results would include related topics and resources about the very same 
[40], based on context through semantics rather than a word-for-word search result 
[1]. E-learning systems, with natural language processing or NLP embedded within 
them, may comprehend what students respond to correctly reflect their comprehen-
sion and application of ideas, unlike traditional ways of testing. Adaptive Learning 
Pathways: It has the ability to dynamically adapt the curriculum to learner progress 
with appropriate challenge levels without students being overwhelmed. Collaboration 
and Knowledge Sharing: Semantic representation allows for better collaboration by 
indicating relevant discussions, thereby showing learners how ideas are related; this 
leads to a fuller collaborative environment.

Semantic technologies enhance education through information organization in 
meaningful ways and access to it. They enhance knowledge construction by enabling 
92



E-Learning in Light of the Concept of Power
DOI: http://dx.doi.org/10.5772/intechopen.1008165

11

intelligent searches where realization of the context and relations between concepts 
is facilitated, thereby enabling deeper understanding due to bringing coherence into 
information presentation. Personal Learning Networks (PLNs): Semantic technolo-
gies automate content curation [41], relieving learners from spending more time 
searching for content than engaging with the content itself. This improves learn-
ing experiences in educational terms, as learners are better connected to resources 
relevant to their interests and goals. Standardization of course descriptions through 
shared ontologies, facilitated by semantic technologies, has come to make credit 
transfers and recognition of prior learning between institutions easier, thus enabling 
students to create personalized pathways of education. Linguistic and Rhetorical 
Tools in E-Learning: It encompasses terminological, linguistic, rhetorical, and 
conceptual tools to provide semantic understanding in e-learning. Such tools will 
be supportive in navigating online communication and knowledge construction. 
Terminological Tools: It has to do with ensuring shared vocabularies are employed 
appropriately to reduce ambiguities; hence, it provides a better learning atmosphere. 
Linguistic Tools: The employment of language structures and styles that befit easy 
communication promotes better comprehension [42]. Rhetorical Tools: Strategies 
to engage the learner effectively through ethos, pathos, and logos. Conceptual 
frameworks: Utilize organized structures like Bloom’s Taxonomy so as to conceptual-
ize abstract thinking. Semantic representations in e-learning approach formal and 
cognitive semantics from various perspectives so as to construct appropriate learning 
environments. Logical structures, understanding cognitive processes or using rhetori-
cal strategies are useful ways educators could improve the learning experience [4].

5.2 E-learning by means of the concept of discourse units

The concept of discourse units shows e-learning from the perspective of how 
communication is constructed and facilitated in the digital environment. By discourse 
units, it means segments in the flow of communication which may be subjected to 
analytical scrutiny in terms of how well they have served their purpose in relaying 
information and bringing about interaction among participants. Therefore, effec-
tive digital communication and dilapidated digital communication for e-learning 
are important to distinguish between in order to definitely influence the learning 
process [43]. This means that effective digital communication within an e-learning 
environment should be clear, interactive, and engaging, using a lot of digital tools 
and platforms for better collaboration and meaningful exchange between the learners 
and instructors. Platforms providing support for real-time discussions—for example 
[44], forums or chat applications—are a good platform to get immediate feedback 
or to encourage active participation. This is consistent with research that emphasizes 
how important collaborative learning environments are for students to communicate 
effectively with their co-students and instructors. Digital technologies have also been 
found through research to potentially really enhance the communication and col-
laboration competencies of students when introduced thoughtfully into the processes 
of learning. On the other hand, impoverished digital communication involves an 
e-learning system that has a poor design or poor implementation of the same that 
poses a barrier to effective interactions. This may be actualized through inadequate 
directions, the lack of tools to support participation, or an inability to enable activities 
necessary for collaboration. Moreover, a few of the learning contexts might always 
involve disappointments among the learners, making them disinterested, hence 
compromising the experience.
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For example, if a digital platform is not friendly in providing such features or 
resource materials necessary for supporting collaboration, students may fail to 
communicate effectively to avoid disputes or perhaps without the motivation to 
work collaboratively. The burden of the communication space could be brought on 
by dilapidated digital environments, leading to cognitive overload. Poorly organized 
content or an overabundance of information without any support or guidance on how 
it is to be navigated impairs learners’ capability to process [45] and engage with the 
material. This lies on the underlying cognitive load theory, which espouses that effec-
tive learning occurs when the cognitive resources are optimally challenged without 
irrelevant distractions or an overload of those resources. In a nutshell, the effective-
ness of e-learning by discourse units relies upon the quality of the digital communica-
tion. While efficient digital environments facilitate engagement and collaborative 
effort due to clearly structured and supportive tools, dilapidated ones result in 
barriers that discourage learning. The effects of such differences reach much further 
because they not only impact the immediate learning outcomes but also influence the 
attitude taken toward online education in general. It therefore goes without saying 
that a well-designed e-learning platform, respecting the spirit of good communica-
tion and aimed at an improvement in educational experiences within digital contexts, 
is an investment worth its weight in gold.

5.3 E-learning in light of the concept of discursive formation

E-learning, within the concept of discursive formation, means knowledge of how 
language and discourse shape and mold educational experiences and life realities. 
Stemmed from theories by Michel Foucault, it identifies ways through which practices 
of language contribute to the dynamics of power and discrimination in digital learn-
ing environments. Discursive Formation in E-Learning: This is the discursive forma-
tion concerning e-learning, which involves how the language and the social practices 
shape understanding and implementation pertaining to digital education. Thus, it 
stipulates that knowledge and the power dynamic play a role in the implementation 
of educational practice and perception within an e-learning environment. Identity 
Construction: One key dimension concerns how the identities of teachers and learners 
are produced [46]. Thus, for example, in technology-mediated contexts, teachers are 
made out to be technologically proficient and their identities are mediated through 
dominant discourses about what constitutes a “good teacher.” Through this process, 
then, good teaching is reduced to an issue of technological proficiency at the expense 
of pedagogical content. Technology itself plays an essential role as a mediator of 
knowledge. Most of the e-learning platforms encourage such discourses around learn-
ing through autonomous study and flexibility. These discourses tend to obfuscate the 
issues of equity and access as not all the learners are provided with equal means to 
succeed in an online environment. Power relations between institutions and e-learn-
ing discourses are highly intertwined. It is through institutional policy that decisions 
about the use of technology in teaching and learning determine what knowledge is to 
be considered valuable.

The impact of this may be to homogenize education where local concerns or cul-
tural differences are potentially dismissed. Linguistic practices play a significant role 
in developing the e-learning experience in regard to issues of inclusion and discrimi-
nation. Such practices include neutralization of linguistic content so as not to cause 
misunderstanding, cultural sensitivity, and investment in quality translation services. 
Discrimination in e-learning can manifest as implicit bias in assessment, disparity 
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in access, and in the dynamics of online discussion. The solutions that address these 
issues include cultural competence training, effective feedback mechanisms, and 
designing contents inclusively. Theoretical education models lay the foundation for 
the design and delivery of e-learning. ADDIE, Merrill’s Principles, and Constructivist 
Theory [47] are some of the models that inform effective learning content design to 
meet the needs of a diverse group of learners. This means that through the notion of 
discursive formation, e-learning emphasizes how language shapes educational experi-
ences. Thus, with an understanding of linguistic practices and their implications for 
discrimination and representation, educators can work toward constructing learning 
environments that are inclusive and equitable, where students feel empowered to 
engage with the course material meaningfully.

5.4 E-learning, through the concept of knowledge

E-learning, from a knowledge perspective, can actually be regarded as a direct 
embodiment of power. Such a perspective arises from a number of interlinked 
factors that reveal how knowledge acquisition and sharing in online environments 
might nurture or question already established structures of power. E-learning plat-
forms provide people with unparalleled access to knowledge and learning resources, 
an unprecedented shift in educational landscapes. The most important geographical 
or time-based barriers fall away since learners can access online courses and materi-
als at any place and any time, accommodating differing schedules and learning rates. 
Such democratization of education implies that more people can acquire quality 
training without being confronted with financial burdens, as e-learning reduces 
costs associated with traditional education. The saying “knowledge is power” by 
Francis Bacon [48] denotes that knowledge allows individuals and society to make 
informed decisions and wield power over nature. The implications this has upon 
various areas of life are gigantic and range from education and personal growth 
[9] to the very philosophy of e-learning, which actually rests on providing access, 
affordability, personalization, and interactivity to continuing professional devel-
opment and sustainability [49]. Besides, most e-learning systems utilize adaptive 
technologies for content presentation to meet the learning needs of each individual. 
This implies that learners would always get instruction matched to their current skill 
level and learning style.

This personalization enhances engagement and retention as a means of con-
structing understandings and challenging established narratives by learners, hence 
manifesting a form of power through knowledge. E-learning democratizes education; 
that is, making it more accessible and equal for several kinds of groups. It means that 
the e-learning courses and materials are open to different categories of students that 
henceforth give them the opportunity to learn what was previously inaccessible to 
them. In this regard, there is global contact that would lead to cultural interchange 
and understanding—an ingredient needed in today’s world. In brief, it is the power of 
e-learning: a medium that reshapes knowledge production, amplifies learner par-
ticipation and interaction—in particular ethical dimensions—while democratizing 
information access, thereby empowering the learner; at the same time, it unleashes 
new dynamics of control and responsibility that ought to be exercised with care [50]. 
This interplay between knowledge and power in e-learning environments suggests 
that critical engagement with technologies should be encouraged to ensure that 
technologies are used as an instrument of empowerment rather than as an instrument 
of control.
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5.5 E-learning, through the concept of tacit knowledge

E-learning platforms act as important facilitators in the transfer and acquisition 
of knowledge that is subjective and hard to articulate by nature. Examples of such 
knowledge are experience, skills, and insight flowing out of personal and profes-
sional lives. The digital era ushers in a number of ways that facilitate better sharing 
of this kind of knowledge: E-learning platforms are integrated with collaborative 
tools that enable learners to discuss and share experiences. Social interaction is very 
important for the transfer of the knowledge [51], since people will construct the 
knowledge through shared conversations and collaborative projects. Online social 
networks sometimes turn out to be more viable in this area compared to face-to-face 
interactions. E-learning environments make use of storytelling for the delivery of 
tacit knowledge. Personal narratives or case studies help set information in context 
and allow better assimilation. The methodology encapsulates the nuances within 
the tacit knowledge and emotionally appeals to the learners for better retention and 
comprehension. Guided experience: Platforms host guided experiences where learn-
ers observe experts, practice [52] skills under supervision, and get feedback. This can 
reimagine traditional models of apprenticeship for digital environments via video 
demonstration or interactive simulation.

Some e-learning systems track lessons learned from projects or experiences. This 
helps retain valuable insight and allows others to learn from it. The process ensures 
that crucial tacit knowledge is not lost in the instance of employees leaving or moving 
positions. E-learning fosters a continuous learning environment by creating oppor-
tunities for skill development and knowledge sharing [53], activities such as webinars 
and discussion forums. It helps in converting the tacit knowledge into more explicit 
forms. Encouraging learners to “show their work” means their thought processes are 
made visible in the process of completing their tasks so that others understand the 
underlying tacit knowledge that informs the decision-making. The digital age has also 
transformed the way in which tacit knowledge is elicited and shared across organiza-
tions. While digital means can enable the access to information [54], especially for the 
nuance of understanding that is usually lost when it comes to tacit knowledge, social 
media and collaborative networks allow for real-time communication and an ecology 
that enables an experience-based learning with natural spontaneity. AI technologies 
will increasingly emerge as bridging tools of tacit-explicit knowledge gaps through 
patterned data analysis and insights that augment human intuition. In other words, 
e-learning platforms have a spectacular opportunity in supporting the transfer of 
knowledge by offering collaboration tools, storytelling techniques, guided experi-
ences, tracking of lessons, creating continuous learning environments, and work 
process visibility. These approaches further strengthen the learning ecosystems and 
ensure that valuable knowledge of a tacit nature is always shared for the success and 
innovation of an organization [1].

6. �Conclusions

E-learning represents an important development in modern education; indeed, it 
has totally changed the balance of power between teacher and student. This is actually 
reflected in a number of important ways. E-learning widens access since learners can 
utilize educational resources anytime and anywhere, hence surmounting many of 
the geographical and financial barriers that usually hinder conventional education. 
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Flexibility especially helps non-traditional learners, such as employed professionals 
or those with family constraints, study in comfort at their own speed. E-learning 
platforms often employ adaptive learning technologies, catering to individual learn-
ing styles and preferences. This kind of personalization of learning has shifted the 
balance of power in favor of students by placing them at the center of their educa-
tional journeys, where students can now choose what and how they learn. This makes 
students active learners rather than passive recipients of knowledge, hence increasing 
effectiveness and engagement in learning.

Another important factor in how e-learning impacts power dynamics is cost-effec-
tiveness. It diminishes costs related to tuition, commutes, and materials; thus, it raises 
affordability and opens its doors to more people. In this respect, such democratization 
of education enables different groups from various socio-economic backgrounds to 
seek knowledge without the financial burden imposed by traditional institutions. 
E-learning crosses borders, creating international learning communities that allow 
participants from very different walks of life to engage in greater cultural exchange 
and cooperation. Interconnectedness supports a bottom-up approach to knowledge 
sharing, challenging established power structures in education.

With great potential also comes a great set of challenges, including the digital 
divide problem. Not every student has equal access to fast and reliable internet or to 
modern digital devices, which creates a chance for further inequity in the education 
system. Some scholars argue that such inequality gaps should be curbed to ensure 
equal distribution of benefits from e-learning across populations. E-learning has huge 
implications for changing the dynamics of power in education through increased 
access, personalization of learning experiences, affordability, and creating global 
communities. All these benefits must, however, be seen within the context of unequal 
access to technology.
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the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0), 
which permits unrestricted use, distribution, and reproduction in any medium, provided 
the original work is properly cited. 
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