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ABSTRACT

Computational neuroscience (CNS) has enabled significant advances in the understanding of
cognitive processes through mathematical models and computational simulations, providing
a more precise understanding of brain activity. However, its application in higher education
remains limited, which restricts its potential to optimize teaching, cognitive and emotional
regulation, and personalized learning. This study aims to examine the problems addressed
by CNS, the methods used, and their implications for higher education, analyzing scientific
articles from the ScienceDirect, PubMed, and Scopus databases through a systematic review
study following the PRISMA guidelines. The results show that the application of methods such
as EEG, BCI, neurofeedback, fNIRS, tDCS, and computational models has facilitated the adapta-
tion of content and the assessment of cognitive load in students. However, its implementation
still faces methodological, economic, and technological barriers, such as variability in neural
responses and limited accessibility. It is concluded that CNS has a high potential to transform
higher education, but its effective integration requires the adoption of regulatory and stan-
dardized frameworks, which promote the creation of specialized areas in CNS within their
departments of psychopedagogy or neuroeducation, in order to promote its development,
accessibility, and ethical application in educational environments.

KEYWORDS
computational neuroscience, higher education, neurofeedback, brain-computer-interface,
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1  INTRODUCTION

Neuroscience has emerged as a key field in higher education, providing a solid
theoretical framework for understanding the relationship between neuronal activ-
ity and the cognitive processes involved in knowledge acquisition [1]. By analyzing
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the mechanisms underlying learning, memory, and decision-making, this discipline
offers fundamental tools for optimizing educational strategies tailored to the indi-
vidual characteristics of students [2]. The integration of computational models in the
educational field has allowed the identification of neural patterns associated with
key cognitive functions, which reinforces the scientific basis for the development of
evidence-based pedagogical approaches [3]. The convergence between neuroscience
and information technologies has facilitated the implementation of adaptive meth-
odologies that favor the personalization of learning and improve students’ ability to
process information efficiently [4]. In this context, it has been argued that the use of
neurocomputational models not only contributes to a better understanding of cogni-
tive dynamics in educational environments but also allows for the identification of
more efficient pedagogical strategies in university teaching [5]. Recent studies have
demonstrated the positive impact of these models in optimizing learning processes,
highlighting the development of pedagogical tools based on neural simulations that
improve information retention and processing [6].

The rise of emotional and cognitive disorders in higher education has increased
interest in neuroscience as a key discipline to address the challenges in students’ men-
tal health. Neural plasticity is a fundamental principle that explains how academic and
emotional experiences can modify brain architecture, influencing the ability to adapt
and psychological well-being [7]. In this sense, emotional regulation is a critical process
that intervenes in the adaptation to the university environment and whose alteration
can generate maladaptive responses, such as anxiety and chronic stress, which affect
academic performance and decision-making [8]. CNS has allowed modeling and pre-
dicting neural patterns linked to emotional disorders such as anxiety and depression,
offering innovative tools for the evaluation and treatment of these disorders through
neurocomputational simulations and machine learning algorithms [9]. Likewise, the
influence of the digital environment in the virtual learning process has generated new
challenges in mental health, evidencing the need for strategies that mitigate the impact
of academic stress on students [10]. In this line, the neuroscientific approach in higher
education not only seeks to improve learning processes but also the implementation of
methodologies that favor emotional regulation and student well-being [11].

The human brain is the most sophisticated information processing system known,
capable of integrating, interpreting, and responding to stimuli in real time within
a dynamic environment [12]. Its functioning does not depend solely on individual
neuronal activity but also on the interaction of complex networks that model patterns
of behavior, learning, and decision-making [13]. In this context, CNS has emerged as an
interdisciplinary field that mathematically formalizes these processes, allowing the sim-
ulation and prediction of neurobiological phenomena through models based on artificial
intelligence and applied mathematics [14]. Since its origin in the 1980s, this discipline
has evolved by integrating theories of neuroscience, computing, and machine learning
to decipher the principles of brain processing and its relationship with cognition [15].
Currently, CNS is considered not only to facilitate the understanding of fundamental
neural mechanisms but also to provide innovative tools for the study of complex cogni-
tive functions and their applications in different scientific and technological fields [16].

From the CNS perspective, mental activity is modeled from specific computational
processes implemented in the brain, allowing the analysis of cognitive phenomena
and their relationship with neural architecture [17]. Within this framework, theories
such as the Bayesian brain have been developed, which postulate that the nervous
system processes information in a probabilistic manner, constantly updating inter-
nal models based on error prediction and correction [18]. Computational modeling
of the brain has allowed the identification of neural activity patterns underlying
perception and decision-making, using approaches that combine neuroimaging and
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artificial neural networks to interpret the dynamics of cognition [19]. Furthermore,
the use of computational models has also facilitated the identification of individual
differences in neural processing, providing analytical tools to assess variations in the
brain mechanisms underlying different cognitive and emotional states [20]. These
methodologies have revolutionized the understanding of mental processes, offering
a unified approach that integrates principles of predictive inference and computa-
tional representation of sensory information [21].

In this context, the present study aims to carry out a systematic review of the lit-
erature on the contribution of CNS in higher education, with the purpose of identify-
ing the problems addressed, their areas of application, and the implications of their
implementation in the university environment. Through a mixed approach, which
combines qualitative and quantitative analysis, this study seeks to characterize and
evaluate the contribution of CNS in the optimization of teaching-learning processes,
emotional regulation, and cognitive well-being of university students. The explor-
atory scope of the research allows us to investigate the way in which this discipline
has been used to solve educational challenges, while the descriptive scope enables the
systematic organization of existing knowledge, facilitating the identification of gaps
and opportunities for future research. Based on the above, the research answers three
fundamental questions: (RQ1) What are the problems addressed by CNS in higher
education?; (RQ2) What are the methods of CNS that have been applied in higher edu-
cation?; and (RQ3) What are the implications of applying CNS in higher education?
Based on these questions, this systematic review seeks not only to map the state of the
art but also to provide an analytical framework to guide the design of future strategies
for the effective integration of neurocomputational models in higher education.

2  CONCEPTUAL FRAMEWORK
2.1 Computational neuroscience

Computational neuroscience is an interdisciplinary field that combines principles
of neuroscience, mathematics, and computing to analyze and predict the behavior of
the nervous system [22]. Its main purpose is to understand how electrical and chem-
ical signals generated in the brain are processed, stored, and transmitted to give rise
to cognitive and behavioral functions. Through computational models, this discipline
allows the simulation of neurobiological processes and the examination of neuronal
behavior in response to different stimuli, providing fundamental tools for the study
of cognition and brain plasticity [23]. The study of CNS is linked to various branches
of neuroscience, including cognitive neuroscience, social neuroscience, clinical neu-
roscience, developmental neuroscience, affective neuroscience, and behavioral neu-
roscience [24]. Each of these specialties addresses different aspects of the nervous
system and its relationship with human behavior. For example, cognitive neurosci-
ence studies the neural mechanisms that support processes such as memory, learning,
and decision making, while affective neuroscience analyzes the influence of brain
structures and neural networks on emotional regulation and affective states [25].

From a computational perspective, multiple models have been developed that
allow the representation of brain activity and the simulation of neuronal dynam-
ics in various scenarios, such as learning and emotional regulation. These include
artificial neural networks, designs to replicate the behavior of biological networks,
and models inspired by Bayesian theory, which interpret information processing in
terms of probabilities, facilitating the prediction of brain responses to stimuli [26].
A fundamental concept in CNS is the linear superposition model, which postulates
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that the activation of a neuron in a receptive field is equivalent to the sum of the
responses generated by the stimuli applied within said field [22]. This principle
explains how neurons integrate sensory information and respond to multiple signals
within a neural network. Figure 1 shows a schematic representation of this model,
where it can be seen that the total response of a neuron to various stimuli is the com-
bination of each individual response within the receptive field [26].
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Fig. 1. Linear superposition model

According to this model, the neuronal receptive field is the region in which differ-
ent stimuli S(x, y) are processed by a set of interconnected neurons. Each one responds
through an activation function (¢), whose combination determines the resulting
action potential (R). This model is crucial in CNS since it allows us to understand how
neurons integrate information in learning and decision-making processes. Equation 1
[26] represents the total neuronal response R, as the sum of the individual responses
¢, generated by stimuli S(x, y) applied in different positions of the receptive field.

R=ZH_:¢,. 1)

Furthermore, another relevant feature of the model is the proportionality of the
neuronal response with respect to the intensity of the stimulus, which is expressed
by equation 2 [26].

R=o*p (2)

Where, < is a proportionality coefficient that presents the modulation of the neu-
ronal response as a function of the magnitude received. This principle is essential in
CNS, as it allows modeling how neuronal activity adjusts based on the strength of the
sensory input and its impact on perception, cognition, and learning [26].

3  METHODOLOGY
3.1 Focus and scope

In this systematic review study on CNS in higher education, a mixed approach is
adopted, combining a qualitative analysis to examine and synthesize the content of
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the articles and a quantitative analysis to determine the prevalence of the problems
addressed and their categorization. Likewise, the scope of the research is exploratory
and descriptive. It is exploratory because it seeks to investigate and characterize
the problems that computational neuroscience has addressed in higher education,
with the purpose of identifying gaps and research opportunities. It is descriptive
because it allows organizing and classifying the available information, providing
a detailed view of how this discipline has been applied in the university setting.
Unlike other studies focused on the description of neuroscientific technologies,
this systematic review focuses on the implications of computational neuroscience
in higher education, examining its application in improving problems associated
with teaching-learning processes, mental health and emotional regulation, as well
as cognitive regulation in university students.

3.2 Search strategy

In this systematic review, an exhaustive search of scientific literature was carried
out with the aim of identifying relevant studies that answer the research questions,
avoiding generating biases in the results of the study. For these, key terms in English
were selected that represent fundamental concepts, such as “computational neurosci-
ence,” “brain-computer-interface,” “Neurofeedback,” “fNIRS,” “EEG,” “higher educa-
tion,” “university learning,” “cognitive regulation,” “emotional regulation,” “adaptative
regulation,” and “adaptative learning.” These terms were strategically combined using
Boolean operators in order to optimize the precision and coverage of the search.

The studies were collected from three high-impact databases in computational
neuroscience and higher education: Scopus, ScienceDirect, and PubMed. Scopus
was selected for its broad scope in interdisciplinary research on education and
technology. ScienceDirect was included for its focus on applied neuroscience and
computational learning. PubMed was incorporated to identify studies on neuro-
technology such as EEG, fNIRS, neurofeedback, and non-invasive brain stimulation,
allowing the analysis of their impact on learning, cognitive and emotional regula-
tion in various study populations.

In order to delimit the selection of articles that would subsequently be subjected
to an exhaustive content review process, specific inclusion and exclusion crite-
ria were established; these criteria ensure methodological relevance and thematic
coherence [27]. Table 1 shows four inclusion criteria and their corresponding exclusion
criteria, ensuring methodological coherence and alignment. These criteria focus on the
study population in which CNS was applied, the type of scientific document to be con-
sidered, the time interval of publication, and access to the full content of the research.

Table 1. Inclusion and exclusion criteria

Criteria Detail

Inclusion | 1. Studies that apply computational neuroscience in higher education.
2. Scientific articles published in scientific journals and peer reviewed.
3. Scientific articles were published between 2014 and 2024.

4. Open access scientific articles.

Exclusion | 1. Research conducted in populations outside higher education, such as primary or secondary
school students.

2. Scientific publications such as these, books, hook chapters, conference papers, letters to editors.

3. Scientific articles were published before 2014 and after 2024.

4, Scientific articles with access restrictions.
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3.3 Data extraction

The data extraction process was carried out following the PRISMA method-
ology, adapted to this systematic review study of Computational Neuroscience
in Higher Education, according to the format developed by [28], [29]. The collec-
tion of studies was carried out on February 5, 2025, in three databases, Scopus
(n =1126), ScienceDirect (n = 308), and PubMed (n = 267), obtaining an initial total
of 1701 documents. In the identification phase, the requested studies and those
published outside the time range 2014 to 2024 were excluded, reducing the total
number of documents to 1449. In the projection phase, the titles and abstracts were
reviewed, which led to the exclusion of 1023 articles that were not directly related
to the research, leaving 429 studies under evaluation. In the eligibility phase, the
previously defined inclusion and exclusion criteria were applied, resulting in the
elimination of 403 studies that did not meet the established requirements. Finally,
in the inclusion phase, the bias assessment criterion proposed in the research devel-
oped by [30] was used to select the final scientific articles. As a result, 4 scientific
articles that did not reach the minimum quality threshold were discarded, obtaining
a total of 22 studies for the analysis and synthesis of results. Figure 2 shows the data
extraction sequence based on the PRISMA guideline.

Science
Scopus Direct
(n=1126) (n=308)
[
E Total manuscripts after excluding duplicates and articles
L) published before 2014 and after 2024 =1449
Cause of exclusion
Manuscripts whose title and
»|  abstractare notlinkedto the
research study=1023
Manuscripts in projection to be chosen=429 I
Cause ofexclusion
- Manuscripts excluded
7| according to “inclusionand
exclusioncriteria’ =403
A 4
. Manuscripts afterapplying the "inclusion and exclusion
g criteria” criteria=26
<
20 Cause ofexclusion
i Manuscripts that didnot
»| achieveaminimumscore
l based on the quality criteria
defined forthis study =4

Manuscripts included forthe analysis and synthesis

process=22

Fig. 2. Data extraction sequence based on the PRISMA guideline
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3.4 Quality analysis of eligible articles

For the quality analysis of the eligible articles, four criteria were established that
define the quality (CQ) of the articles to be included for the content analysis and
synthesis phase. Criterion CQ1 implies that the scientific article details the problems
addressed with CNS in higher education; criterion CQ2 implies that the scientific
article details the methods of CNS applied in the university environment, and crite-
rion CQ3 implies that the scientific article specifies the implications of the use of CNS
in higher education. In this sense, Table 2 shows the results of the quality analysis, in
which a score of one represents a low quality of the chosen study, three implies that
the study as a whole does not meet the criterion, and a score of five implies that the
chosen study completely meets the criterion.

Table 2. Results of the quality analysis of the studies eligible for the systematic review

Reference CQ1 (0] CQ3 Total Condition of the Scientific Article
[31] 5 5 5 100% Including
[32] 5 5 5 100% Including
[33] 5 5 5 100% Including
[34] 5 5 5 100% Including
[35] 5 5 5 100% Including
[36] 5 5 5 100% Including
[37] 1 1 1 20% Excluded
[38] 5 5 5 100% Including
[39] 5 5 5 100% Including
[40] 5 3 5 87% Including
[41] 1 1 1 20% Excluded
[42] 5 5 5 100% Including
[43] 5 5 5 100% Including
[44] 5 5 5 100% Including
[45] 5 5 5 100% Including
[46] 5 5 5 100% Including
[47] 5 5 5 100% Including
[48] 5 3 5 87% Including
[49] 3 5 5 87% Including
[50] 5 5 5 100% Including
[51] 5 5 5 100% Including
[52] 1 1 1 20% Excluded
[53] 1 1 1 20% Excluded
[54] 5 5 5 100% Including
[55] 5 5 5 100% Including
[56] 5 5 5 100% Including
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4  RESULTS

4.1 What are the problems addressed by computational neuroscience
in higher education?

Regarding the problems addressed by computational neuroscience in higher
education, the analysis of the scientific articles included in this systematic review,
which covers publications between 2014 and 2024, allowed us to identify three
main categories of problems addressed in literature. These findings show that com-
putational neuroscience has been predominantly applied in the university setting
to solve problems related to “Teaching-learning processes,” “Mental health and
emotional regulation,” and “Cognitive regulation.” The classification of the studies
reflects a growing trend towards the integration of neuroscientific technologies in
higher education, with the aim of optimizing learning, personalizing instruction,
and improving academic accessibility. Various studies have explored the impact
of computational neuroscience in environments such as MOOCs, STEM programs,
and intelligent tutoring models, evaluating brain activity in response to different
pedagogical strategies. The application of brain-computer interfaces (BCI) for the
detection and classification of dyslexia has also been addressed, facilitating a more
precise diagnosis and personalized support for students with learning difficulties.
In addition, the effects of sleep deprivation on academic performance have been
investigated, highlighting the role of interpersonal brain synchronization in com-
pensating for learning deficits. Table 3 shows the result of the categorization of the

problems addressed in the reviewed literature.

Table 3. Categorization of the problems addressed in the reviewed literature

Category Description Reference
Mental health The problem of anxiety in students was addressed through the use of neurofeedback, allowing the reduction [31]
issues and of stress levels through the modulation of brain activity.
ién?ltlﬁriﬁ The use of BCI in the measurement of emotional variables (stress, concentration, relaxation) during [43]

g interaction with augmented reality books is explored, evaluating its impact on the personalization
of pedagogical strategies.
The impact of Neuroelectrophysiology on emotional regulation was evaluated by using EEG to analyze [44]
changes in brain rhythms associated with meditation and relaxation techniques.
Hyperscanning with fNIRS was applied to analyze brain synchronization between expert and novice [46]
teachers, evidencing differences in emotional regulation during collaborative tasks.
Machine learning was implemented to detect mental stress in students, using physiological data analysis [47]
and stress surveys to identify anxiety levels.
Emotion recognition was assessed through EEG in intelligent tutoring environments (ITS), allowing the [48]
adaptation of educational materials based on the students’ level of engagement.
Hemoencephalography (HEG) was applied to evaluate prefrontal activity and its relaxation with emotional [55]
regulation and decision making in university students, providing tools for the early detection of anxiety
and depression.
The impact of brain synchronization on reducing math anxiety was evaluated through the use of BCI [56]
in educational games.

(Continued)
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Table 3. Categorization of the problems addressed in the reviewed literature (Continued)

Category Description Reference
Problems Personalization of learning was addressed through computational analysis of neurophysiological variables [32]
associated with Al allowing for the adaptation of educational content.
gg?hti};e—learnm The aim was to address the early detection of difficulties in phonological processing in students of English [33]

rocess%s € | asasecond language by using fNIRS to analyze the relationship between advanced mathematical thinking

P and language processing.
The optimization of teaching in natural sciences and engineering was addressed through Brain-Based [34]
Instruction (BBI), applying neuroscientific principles to improve learning retention and construction.
A virtual reality tool (VRBrain) based on magnetic resonance imaging (MRI) was implemented for teaching [38]
neuroanatomy, facilitating three-dimensional exploration of the brain.
Training in cognitive psychophysiology was strengthened through open science, with EEG databases, [42]
open-source software and accessible educational materials to improve the analysis of brain activity
In cognitive processes.
Neural engagement with educational videos was analyzed using EEG, employing intersubject correlation [49]
(ISC) to predict information retention and optimize the design of digital resources.
The use of Computational Neuroscience in interdisciplinary Neuroscience teaching was investigated, [50]
integrating computational model-based approaches into the engineering curriculum.
The use of EEG was applied to assess mental effort in online learning environments (MOOCs) and provide [51]
automatic feedback to improve self-regulation of learning.
NIRS was used to assess prefrontal cortex activity in teaching-learning interactions, measuring neural [53]
synchronization in video game-based tasks.

Problems Dyslexia detection in students was sought using BCI and interactive linguistic tools, using EEG and machine [35]

associated learning to identify brain patterns associated with difficulties in language processing.

xltﬂlg?g;twe The optimization of academic performance was explored by combining transcranial direct current [36]

g stimulation (tDCS) and neurofeedback to improve declarative memory and cerebral blood flow.

The impact of interpersonal brain synchronization (IBS) between instructors and students in compensating [39]
for learning deficits caused by sleep deprivation was examined.
The relationship between educational diversity and group creativity was explored using fNIRS [40]
hyperscanning, assessing brain synchronization in group interactions.
The efficacy of frontal-medial theta neurofeedback training (FM theta NFT) in improving episodic memory [45]
and cognitive control in learning tasks was investigated.

From a quantitative point of view, the reviewed studies show that the category
with the greatestrepresentation in literature corresponds to problems associated with
the teaching-learning process, covering 40.91% of the total studies. This percentage
represents that the main application of CNS in higher education has been the opti-
mization of teaching methodologies through advanced neuroscientific tools. On the
other hand, mental health problems and emotional regulation constitute the second
most addressed category, with 36.36% of the studies. These indicate an interest in
understanding how emotional factors, such as anxiety and stress, affect academic
performance, using neuroscientific approaches to evaluate and improve emotional
regulation in university students. Finally, problems associated with cognitive regu-
lation represent 22.73% of the studies included in the review. This group of research
has mainly explored the interaction between brain activity and cognitive perfor-
mance, addressing aspects such as working memory, attention, and information
processing in higher education students. Figure 3 shows the percentage distribution
of studies by category of problems addressed.
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Fig. 3. Percentage distribution of reviewed studies by category of problem addressed

4.2 What are the methods of computational neuroscience that are being
applied in the field of higher education?

Based on the findings obtained in this systematic review, a growing integration
of various CNS methods in higher education is identified, applied in the study of cog-
nition, emotional regulation, and learning optimization. Among the most frequent
methods addressed are EEG, fNIRS, and BCI, which represent an emphasis on the
evaluation of neuronal activity in real time and its relationship with educational pro-
cesses. EEG has been used to measure brain activity in university students, evaluate
cognitive load in digital environments, and analyze the relationship between atten-
tion and information retention [31], [38], [42], [43], [48], [49], [51]. In addition, its
integration with neurofeedback has allowed the design of interventions to improve
working memory and emotional regulation, optimizing academic performance [31],
[36], [45]. Although less widely used than EEG, fNIRS has proven to be a relevant
tool in higher education, with applications in the assessment of brain activity during
decision-making and in neuronal synchronization in collaborative environments
[39], [40], [46]. It has been used in studies on cognitive load in problem solving,
allowing the analysis of functional connectivity in students and the way they pro-
cess information in group activities [33], [54]. Furthermore, it has been integrated
with innovative educational methodologies, such as the use of interactive tools in
the teaching of neuroanatomy, where fNIRS and EEG have been used to assess brain
activity during the exploration of three-dimensional models [38]. On the other hand,
BCI interfaces have been applied with greater emphasis in the field of educational
accessibility, highlighting their use in the early detection of dyslexia and in the
analysis of emotional responses to learning [35], [56]. In recent studies, the combi-
nation of BCI and EEG has been used to measure the emotional impact of interac-
tion with books in augmented reality format, evaluating how these technologies can
influence students’ concentration and motivation [43]. Other, less used methods are
those based on computational learning models, which have been explored in higher
education through the use of artificial neural networks and machine learning algo-
rithms to personalize pedagogical strategies and predict academic performance
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[32], [47]. Likewise, early brain stimulation (HEG) and noninvasive brain stimula-
tion (tDCS) have been used to analyze emotional regulation and decision-making
in university students, allowing students to evaluate the impact of academic stress
on neuronal activity and the effect of stimulation on the optimization of executive
function [36], [55]. Overall, the results show that NSS in higher education has been
predominantly applied to the measurement of brain activity and educational acces-
sibility, while approaches oriented to neuronal stimulation or learning modeling
are still in an exploratory phase. These findings suggest a significant potential for
the implementation of pedagogical strategies based on neuroscientific evidence,
promoting an evolution in educational methodologies towards more personalized
approaches integrated with advanced technologies. Table 4 shows the categoriza-

tion of the applied NSS methods in higher education.

Table 4. Categorization of applied methods of CNS in higher education

Category Description Reference

EEG EEG has been used to measure brain activity in university students, assess cognitive load [31], [38], [42],
in online learning environments, and analyze the impact of pedagogical strategies on [43], (48],
attention and academic performance. [49], [51]

fNIRS fNIRS has been used to measure brain activity during decision making, analyze neuronal [33], [38], [39],
synchronization between teachers and students, and evaluate cognitive processes in higher | [40], [46], [54]
education.

BCI BCI devices have been used to analyze emotional responses in learning, evaluate the impact | [35], [43], [56]
of anxiety on knowledge acquisition, and improve accessibility in students with dyslexia.

Neurofeedback Neurofeedback has been applied in higher education to improve working memory, [31], [36], [45],
emotional regulation, and concentration in students.

Computational Artificial neural networks and machine learning algorithms have been used to personalize | [32], [47]

learning models pedagogical strategies and detect levels of academic stress in university students.

Hemoencephalography HEG has been used to assess emotional regulation and decision making in college students, | [36], [55]

(HEG) and Brain stimulation | as well as non-innovative brain stimulation (tDCS) to improve memory and concentration.

4.3 What are the implications of applying computational neuroscience
in higher education?

Based on the findings obtained regarding the implications derived from the
contribution of the CNS in higher education, it was possible to categorize it into
two groups: “Positive implications” and “Negative implications.” The studies reviewed
show that the CNS has allowed the optimization of teaching through the use of tools
such as EEG and neurofeedback, facilitating the personalization of learning and
improving the retention of information in digital environments. Likewise, BCIs have
proven to be effective in detecting learning difficulties, such as dyslexia, while compu-
tational models based on machine learning have favored the adaptation of educational
content to individual cognitive needs. The integration of brain stimulation techniques
such as tDCS and neurofeedback has shown benefits in regulating academic stress and
improving working memory, consolidating NC as an interdisciplinary field with direct
applications in the optimization of student mental health. In addition, the combination
of EEG and INIRS has allowed the analysis of neuronal synchronization in collabora-
tive environments, providing key information on the interaction between teachers
and students. Augmented reality and neuroimaging applied to neuroanatomy teach-
ing have improved the understanding of complex brain structures, facilitating the
integration of immersive approaches into academic training. These advances reflect
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the potential of CNS to transform higher education, allowing for an evidence-based
approach that strengthens the understanding of the learning process.

However, despite the observed benefits, the review has also identified methodologi-
cal and technological challenges that limit the widespread application of CNS in higher
education. Variability in students’ brain activity makes it difficult to calibrate technol-
ogies such as BCI and EEG, generating inconsistencies in results and requiring more
robust analysis methodologies. Likewise, accessibility to these tools remains a challenge,
given that their implementation involves high costs and the need for specialized train-
ing, which restricts their use to institutions with greater resources. The gap between
theory and practical application remains a limitation in the academic field, highlighting
the need for further teacher training for the effective integration of these technologies
in teaching. Furthermore, the use of neurofeedback has shown heterogeneous results
depending on the level of training of the students, indicating the need for standard-
ized protocols to ensure its effectiveness. In ethical terms, the collection of neural data
raises concerns about privacy and informed consent, especially in the use of BCI in
educational studies. Finally, although the combined use of techniques such as tDCS and
neurofeedback has shown improvements in cognitive function, their long-term effec-
tiveness still requires further research to assess their impact on academic performance.
Table 5 shows the categorization of the implications of CNS in higher education.

Table 5. Categorizing the implications of CNS in higher education

Category Description Reference
Positive The application of artificial intelligence in the early detection of emotional crises through big data analysis [32]
implication | enables personalized interventions in student mental health.

Teaching neuroanatomy through virtual reality improved understanding of the spatial compression of brain [38]
structures.

Brain synchronization between students and instructors can offset the negative effects of sleep deprivation [39]
on learning.

Open access to neuroscience data has favored the replicability of studies, strengthened evidence-bhased neural [42]
analysis and promoting interdisciplinary approaches for the development of innovative technologies.

Combining meditation techniques can induce changes in brain activity, improving memory and reducing stress. [44]
FM theta training using neurofeedback improves memory regulation and cognitive interference. [45]
The identification of neural markers of effective interaction between teachers and students can contribute [46]
to the development of more personalized pedagogical strategies.

Machine learning models can predict stress in students and improve early intervention strategies. [47]
Detecting emotional states using EEG in smart tutoring allows adjusting the learning pace. [48]
Measuring neural engagement with EEG optimizes the production of online educational materials, improving [49]
information retention and academic performance.

The integration of computational models in CNS teaching optimized the simulation of neural processes [50]
and strengthened the interdisciplinary approach in the analysis of the nervous system.

Personalization of learning through EEG in online education facilitates the adaptation of content to individual [51]
cognitive needs.

The synchronized activation of the left prefrontal cortex in teachers and students during teaching-learning tasks [53]
suggests that this neural mechanism is key in the integration of information about the process itself, which has

implications for the optimization of educational methodologies.

The use of tDCS in educational settings resulted in improvements in emotional regulation and executive function [55]
in college students under academic stress.

The integration of BCI in computational neuroscience allowed to modulate the neuronal activity associated with [56]
mathematical anxiety, evidencing its potential in optimizing cognitive regulation in educational environments.
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Table 5. Categorizing the implications of CNS in higher education (Continued)

Category Description Reference
Negative The use of neurofeedback suggests benefits in regulating academic stress and improving mental health, but its [31]
implication | effectiveness varies between individuals, indicating the need for further studies to optimize its implementation

in higher education.

Advanced mathematical thinking may interfere with phonological processing in English learners, indicating the [33]
need to reorganize the sequence of courses to optimize academic performance.

There is a gap between theoretical knowledge and practical application of neuroscience-based teaching in higher [34]
education, which highlights the need for teacher training.

BCI integration with linguistic software improves dyslexia detection but faces challenges of accessibility [35]
and accuracy in EEG signal analysis.

The combined use of neurofeedback and transcranial cognitive stimulation (tDCS) can improve memory [36]
and reduce cognitive fatigue in students, but its long-term effectiveness requires further research.

Academic diversity influences group creativity and neural synchronization, but further studies are required [40]
to confirm its impact on higher education.

The use of BCI and EEG in education presents methodological challenges due to individual variability in brain [43]
responses and the need for personalized calibration.

5  DISCUSSION

Regarding the results obtained on the problems addressed by CNS in higher
education, the findings of this systematic review coincide with the growing trend to
use neuroscientific tools to optimize teaching-learning processes, regulate cognition,
and improve the mental health of students. In accordance with these results, in the
study developed by [57], they highlight that CNS-based technologies have allowed
the evaluation of neural patterns in educational environments, facilitating the
identification of difficulties in information retention and the design of more effec-
tive pedagogical strategies. Likewise, in the work carried out by [58], they under-
line those interactive technologies, such as neurofeedback and BCI, have proven
to be promising in the emotional regulation of students, favoring the reduction of
academic stress and the improvement of concentration in digital learning environ-
ments. Furthermore, in [59], they highlight the relevance of using fNIRS to analyze
brain synchronization in collaborative activities, showing that greater inter-brain
connectivity is associated with better academic performance and greater cohesion
in group learning. These studies support the applicability of CNS in higher educa-
tion and reinforce the need to continue exploring its impact in different domains of
university learning.

On the other hand, with respect to the results obtained on the CNS methods applied
in higher education, there is evidence of a growing implementation of techniques
such as EEG, BCI, and fNIRS to analyze neuronal activity in educational contexts. In
the same line with the findings, in the study developed by [60], they point out that
EEG has been a key tool in the evaluation of cognitive load and attention in univer-
sity students, allowing them to correlate brain activity patterns with academic per-
formance. Furthermore, in the research of [59], they highlight the impact of fNIRS
in the measurement of interpersonal neural synchronization in collaborative learn-
ing environments, suggesting that greater synchronization between teachers and
students improves knowledge transfer and information retention. Likewise, in the
work carried out by [61], they emphasize the use of neurofeedback as an emerging
method within the CNS, particularly in the training of social and cognitive skills in
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students with learning deficits. This evidence reinforces the idea that the application
of these methods not only optimizes the teaching-learning processes but also opens
new opportunities for the personalization of instruction in higher education.

Finally, regarding the results obtained on the implications of CNS in higher edu-
cation, it is observed that its integration has generated both significant benefits and
challenges that limit its large-scale implementation. In relation to these findings, the
study carried out by [62] points out that the convergence between neurosciences
and educational technologies has allowed for improved personalization of learning
and early detection of cognitive difficulties, which favors accessibility and educa-
tional equity. However, the research developed by [63] establishes that the lack of
specialized training in the use of CNS tools in the educational field represents an
obstacle to its effective application, generating a gap between theoretical knowledge
and its implementation in university environments. Likewise, in the work carried
out by [64], they emphasize that, although CNS has proven to be useful for eval-
uating cognitive load and optimizing teaching in digital environments, the collec-
tion and analysis of neurophysiological data raise ethical concerns about students’
privacy and informed consent. In this context, the implementation of methodologies
emerges as a key strategy to maximize their impact on higher education.

6  CONCLUSION

From the findings identified in this systematic review, in studies published from
2014 to 2024, it is evident that CNS has emerged as a key tool in higher education,
providing advanced models for learning optimization, cognitive and emotional
regulation, and the personalization of pedagogical strategies. The application of
methods based on EEG, BCI, neurofeedback, fNIRS, tDCS, and computational models
has allowed for the precise analysis of neuronal activity in educational environ-
ments, facilitating the adaptation of content and the assessment of cognitive load
in students. These advances reflect the impact of CNS in the integration of neuro-
scientific approaches in teaching, strengthening the interdisciplinarity between
neuroscience, education, and artificial intelligence. However, its implementation
still faces barriers such as variability in neuronal responses, the need for person-
alized calibrations, and high infrastructure costs. Furthermore, the collection of
neurophysiological data poses challenges in terms of privacy and ethics, while the
heterogeneity in the results of techniques such as neurofeedback and tDCS highlights
the need for further studies that optimize their use in educational contexts. In this
sense, it is concluded that CNS has a high potential to transform higher education,
but its effective integration requires the adoption of regulatory and standardized
frameworks, which promote the creation of specialized areas in CNS within their
psychopedagogy or neuroeducation departments, in order to promote its develop-
ment, accessibility, and ethical application in educational environments.

7  LIMITATIONS OF THE STUDY

Despite the methodological rigor employed in this systematic review, there are
certain limitations that should be considered. First, the selection of articles was
restricted to three scientific databases (ScienceDirect, PubMed, and Scopus), which
could have excluded relevant research published in other sources. Furthermore, the
review focused on studies published between 2014 and 2024, which, while allowing
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for the analysis of recent trends, might not capture the full historical development
of the application of CNS in higher education. Another limitation lies in the hetero-
geneity of the studies analyzed, since they use different methodological approaches
and metrics to evaluate the effectiveness of CNS methods, which makes direct
comparison of results difficult.

8

(1]

(2]

(10]

(11]

(12]

REFERENCES

A. W. L. Solérzano, R. A. Rodriguez, M. V. M. Garcia, and C. O. Mar, “La Ensefianza—
Aprendizaje de la Neurociencia en la Educacién Superior,” Revista Cientifica Arbitrada
Multidisciplinaria Pentaciencias, vol. 5, no. 2, pp. 1-8, 2023. https://editorialalema.org/
index.php/pentaciencias/article/view/479

L. L. De La Cruz-Urrutia, “Neurociencia como herramienta para mejorar el rendimiento
académico de estudiantes universitarios,” Dominio De Las Ciencias, vol. 6, no. 3,
pp. 434-454, 2020. https://dominiodelasciencias.com/ojs/index.php/es/article/view/1408
J. N. Paricahua-Peralta, A. ]J. Herrera-Osorio, D. D. Isuiza-Perez, L. Velasquez-Giersch,
and N. J. Ulloa-Gallardo, “Alfabetizacién en neurociencia de estudiantes amazoénicos
peruanos en Educacion Superior Universitaria,” Universidad y Sociedad, vol. 15, no. 4,
pp. 260-267, 2023. https://rus.ucf.edu.cu/index.php/rus/article/view/3976

M. F. Soto Ayala, J. A. V. Vasco, R. B. Ramos Jiménez, and M. P. Soto Ayala, “La neurociencia
en la Educacién Superior, perspectivas en la enseflanza, comportamiento y desar-
rollo de la creatividad,” Revista Imaginario Social, vol. 5, no. 1, pp. 23-45, 2022. https://
revista-imaginariosocial.com/index.php/es/article/view/66

S. C. Araya-Pizarro and P. L. Espinoza, “Aportes desde las neurociencias para la com-
prension de los procesos de aprendizaje en los contextos educativos,” Propdsitos y
Representaciones, vol. 8, no. 1, pp. 1-10, 2020. https://doi.org/10.20511/pyr2020.v8n1.312
A.T.Irrazabal-Bohorquez and J. A. Navarrete-Méndez, “Neuroscience in inclusive aspects
in students with special educational needs in higher education,” Polo del Conocimiento,
vol. 8, no. 5, pp. 1668-1686, 2023.

M. D. L. V. Rosales, “Neurosciences and mental health: Theoretical presentation of
the concept of neuronal plasticity,” Vida y Etica, vol. 24, no. 1, pp. 25-33, 2023. https://
repositorio.uca.edu.ar/handle/123456789/17064

V. M. Sanchez, V. M. Vasquez, J. J. Inostroza, and X. M. Oportus, “Neurociencia y
orientaciones ministeriales chilenas de aprendizaje socioemocional en primer ciclo,”
Revista de Estudios y Experiencias en Educacion REXE, vol. 21, no. 45, pp. 87-107, 2021.
https://www.scielo.cl/scielo.php?script=sci_arttext&pid=S0718-51622022000100087

C. E. Rivera Diaz, A. B. Cardenas Salazar, A. M. Jimenez Texaj, and K. J. Garcia Palencia,
“Neurociencia social, marco del adolescente y la ansiedad,” Revista Académica Sociedad
Del Conocimiento Cunzac, vol. 2, no. 2, pp. 115-122, 2022. https://doi.org/10.46780/
sociedadcunzacyv2i2.35

L. A. Toasa Guachi and R. M. Toasa Guachi, “El proceso de aprendizaje virtual y su
incidencia en la salud mental de los estudiantes,” Revista Cientifica UISRAEL, vol. 9, no. 1,
pp. 49-68, 2022. https://doi.org/10.35290/rcuivon1.2022.496

B. Diaz Rincén and J. Garcia-Hernandez, “Neuroaccion: La neurociencia aplicada a la
Educacion Fisica,” Papeles Salmantinos De educacion, vol. 26, pp. 11-41, 2022. https://doi.
org/10.36576/2695-5644.26.11

M. F. Zambrano Castro, R.S. Vargas Lopez, E. H. Zambrano Franco, and K. A. Zambrano
Franco, “La neurociencia y su relacién con la inteligencia artificial,” RECIAMUC, vol. 3,
no. 3, pp. 423-441, 2019. https://reciamuc.com/index.php/RECIAMUC/article/view/284

18 International Journal of Online and Biomedical Engineering (iJOF) iJOE | Vol. 21 No. 8 (2025)


https://online-journals.org/index.php/i-joe
https://editorialalema.org/index.php/pentaciencias/article/view/479
https://editorialalema.org/index.php/pentaciencias/article/view/479
https://dominiodelasciencias.com/ojs/index.php/es/article/view/1408
https://rus.ucf.edu.cu/index.php/rus/article/view/3976
https://revista-imaginariosocial.com/index.php/es/article/view/66
https://revista-imaginariosocial.com/index.php/es/article/view/66
https://doi.org/10.20511/pyr2020.v8n1.312
https://repositorio.uca.edu.ar/handle/123456789/17064
https://repositorio.uca.edu.ar/handle/123456789/17064
https://www.scielo.cl/scielo.php?script=sci_arttext&pid=S0718-51622022000100087
https://doi.org/10.46780/sociedadcunzac.v2i2.35
https://doi.org/10.46780/sociedadcunzac.v2i2.35
https://doi.org/10.35290/rcui.v9n1.2022.496
https://doi.org/10.36576/2695-5644.26.11
https://doi.org/10.36576/2695-5644.26.11
https://reciamuc.com/index.php/RECIAMUC/article/view/284

iJOE | Vol. 21 No. 8 (2025)

Computational Neuroscience in Higher Education: A Systematic Review on the Problems Addressed, Methods Used and Implications

(13]

(14]

[15]

[16]

(17]

(18]

(19]

(20]

(21]

(22]

(23]

(24]

[25]

(26]

(27]

J. E. Sagula, “Pensamiento estadistico y probabilistico, un puente entre neurociencias
e inteligencia artificial,” E-CUCBA, vol. 20, pp. 61-71, 2023. https://doi.org/10.32870/
ecuchavi20.297

P. Gleeson et al,, “Integrating model development across computational neuroscience,
cognitive science, and machine learning,” Neuron, vol. 111, pp. 1526-1530, 2023. https://
doi.org/10.1016/j.neuron.2023.03.037

S. A. Oprisan, “Interdisciplinary curriculum for computational neuroscience at primar-
ily undergraduate institutions,” Journal of Computational Science, vol. 61, p. 101642, 2022.
https://dol.org/10.1016/j.jocs.2022.101642

D. D. Lernia, S. Serino, C. Tuena, C. Cacciatore, N. Polli, and G. Riva, “Mental health meets
computational neuroscience: A predictive Bayesian account of the relationship between
interoception and multisensory bodily illusions in anorexia nervosa,” International
Journal of Clinical and Health Psychology, vol. 23, no. 4, pp. 1-13, 2023. https://doi.
org/10.1016/j.ijchp.2023.100383

M. Hemmo and O. Shenker, “Is the mind in the brain in contemporary computational
neuroscience?” Studies in History and Philosophy of Science, vol. 100, pp. 64-80, 2023.
https://doi.org/10.1016/j.shpsa.2023.05.007

H. Bottemanne, “Bayesian brain theory: Computational neuroscience of belief,”
Neuroscience, vol. 566, pp. 198-204, 2025. https://doi.org/10.1016/j.neuroscience.
2024.12.003

T. Nakai, C. Constant-Varlet, and ]. Prado, “Encoding models for developmental cogni-
tive computational neuroscience: Promise, challenges, and potential,” Developmental
Cognitive Neuroscience, vol. 70, pp. 1-8, 2024. https://doi.org/10.1016/j.dcn.2024.101470
J. V. Schaaf, S. Miletic, A. C. K. Van Duijvenvoorde, and H. M. Huizenga, “Interpretation
of individual differences in computational neuroscience using a latent input approach,”
Developmental Cognitive Neuroscience, vol. 72, pp. 1-12, 2025. https://doi.org/10.1016/
j.dcn.2025.101512

A. P. Owens, M. Allend, S. Ondobaka, and K. J. Friston, “Interoceptive inference: From
computational neuroscience to clinic,” Neuroscience and Biobehavioral Reviews, vol. 90,
pp. 174-183, 2018. https://doi.org/10.1016/j.neubiorev.2018.04.017

M. Sabo and M. Kopani, “Computational neuroscience as a tool for studying neurons,”
Bratisl. Med. Journal, vol. 125, no. 12, pp. 785-789, 2024. https://doi.org/10.4149/
BLL_2024 120

0. Penacchio et al., “A computational neuroscience framework for quantifying warning
signals,” Methods in Ecology and Evolution, vol. 15, pp. 103-116, 2023. https://doi.
org/10.1111/2041-210X.14268

M. Falco and A. Kuz, “Comprendiendo el Aprendizaje a través de las Neurociencias,
con el entrelazado de las TICs en Educacién,” Revista Iberoamericana de Educacion en
Tecnologia y Tecnologia en Educacion, vol. 17, pp. 43-51, 2016. https://teyet-revista.info.
unlp.edu.ar/TEyET/article/view/366/794

A. R. Mufioz, “Revision tedrica: Esquizofrenia desde la neuropsicologia computa-
cional,” Universitat de las Illes Balears, pp. 1-38, 2021. https://dspace.uib.es/xmlui/
handle/11201/155789

L. A. Parra, “Arquitectura Computacional Bioinspirada en el Sistema Sensorial Visual
Humano,” PhD. Thesis, Research and Advanced Studies Center of the National Polytechnic
Institute, Guadalajara Unit, Guadalajara, Mexico, 2023. http://dx.doi.org/10.13140/
RG.2.2.33308.56963

M. H. Bin Roslan and C. J. Chen, “Educational data mining for student performance pre-
diction: A systematic literature review (2015-2021),” International Journal of Emerging
Technologies in Learning (ifET), vol. 17, no. 5, pp. 147-179, 2022. https://doi.org/10.3991/
ijet.v17i05.27685

International Journal of Online and Biomedical Engineering (iJOE) 19


https://online-journals.org/index.php/i-joe
https://doi.org/10.32870/ecucba.vi20.297
https://doi.org/10.32870/ecucba.vi20.297
https://doi.org/10.1016/j.neuron.2023.03.037
https://doi.org/10.1016/j.neuron.2023.03.037
https://doi.org/10.1016/j.jocs.2022.101642
https://doi.org/10.1016/j.ijchp.2023.100383
https://doi.org/10.1016/j.ijchp.2023.100383
https://doi.org/10.1016/j.shpsa.2023.05.007
https://doi.org/10.1016/j.neuroscience.2024.12.003
https://doi.org/10.1016/j.neuroscience.2024.12.003
https://doi.org/10.1016/j.dcn.2024.101470
https://doi.org/10.1016/j.dcn.2025.101512
https://doi.org/10.1016/j.dcn.2025.101512
https://doi.org/10.1016/j.neubiorev.2018.04.017
https://doi.org/10.4149/BLL_2024_120
https://doi.org/10.4149/BLL_2024_120
https://doi.org/10.1111/2041-210X.14268
https://doi.org/10.1111/2041-210X.14268
https://teyet-revista.info.unlp.edu.ar/TEyET/article/view/366/794
https://teyet-revista.info.unlp.edu.ar/TEyET/article/view/366/794
https://dspace.uib.es/xmlui/handle/11201/155789
https://dspace.uib.es/xmlui/handle/11201/155789
http://dx.doi.org/10.13140/RG.2.2.33308.56963
http://dx.doi.org/10.13140/RG.2.2.33308.56963
https://doi.org/10.3991/ijet.v17i05.27685
https://doi.org/10.3991/ijet.v17i05.27685

Adauto-Medina et al.

(28]

[29]

[30]

(31]

(32]

(33]

(34]

(35]

[36]

(37]

(38]

[39]

[40]

[41]

[42]

N. Aulianda, P. H. Wijayati, M. Ebner, and S. Schon, “The analysis of learning manage-
ment system towards students’ cognitive learning outcome: A systematic literature
review,” International Journal of Emerging Technologies in Learning (ifET), vol. 18, no. 23,
pp. 4-26, 2023. https://doi.org/10.3991/ijetv18i23.36443

C. Peechapol, J. Na-Songkhla, S. Sujiva, and A. Luangsodsai, “An exploration of factors
influencing self-efficacy in online learning: A systematic review,” International Journal
of Emerging Technologies in Learning (iJET), vol. 13, no. 9, pp. 64-86, 2018. https://doi.
org/10.3991/ijetv13i109.8351

M. Diaz-Choque et al., “Contributions of data mining to university education, in the
context of the Covid-19 pandemic: A systematic review of the literature,” International
Journal of Online and Biomedical Engineering (ifOE), vol. 19, no. 12, pp. 16-33, 2023. https://
doi.org/10.3991/ijoev19i12.40079

P. Diotaiuti et al, “Enhancing working memory and reducing anxiety in university
students: A neurofeedback approach,” Brain Sciences, vol. 14, no. 6, pp. 1-24, 2024.
https://doi.org/10.3390/brainsci14060578

7. Tian and D. Yi, “Application of artificial intelligence based on sensor networks in
student mental health support system and crisis prediction,” Measurement: Sensors,
vol. 32, pp. 1-8, 2024. https://doi.org/10.1016/j.measen.2024.101056

L. Wang et al,, “Influence of high-level mathematical thinking on L2 phonological pro-
cessing of Chinese EFL learners: Evidence from an fNIRS study,” Thinking Skills and
Creativity, vol. 47, no. 101242, pp. 1-20. https://doi.org/10.1016/].tsc.2023.101242

L. Siming and A. Abraha, “Natural science and engineering instructors’ knowledge and
practice of brain-based instruction in Ethiopian higher education institutions,” Heliyon,
vol. 9, no. 11, pp. 1-11, 2023. https://doi.org/10.1016/j.heliyon.2023.e22325

P. Christodoulides et al., “Classification of EEG signals from young adults with dyslexia
combining a brain computer interface device and an interactive linguistic software
tool,” Biomedical Signal Processing and Control, vol. 76, no. 103646, pp. 1-12, 2022. https://
doi.org/10.1016/j.bspc.2022.103646

L. H. Grecco et al., “Association of transcranial direct current stimulation and neurofeed-
back with declarative memory and cerebral arterial flow in university students: Protocol
for a double-blind randomized controlled study,” JMIR Research protocols, vol. 11, no. 8,
pp- 1-9, 2022. https://doi.org/10.2196/36294

S. A. Oprisan, “Interdisciplinary curriculum for computational neuroscience at primar-
ily undergraduate institutions,” Journal of Computational Science, vol. 61, no. 101642,
pp. 1-13, 2022. https://doi.org/10.1016/j.jocs.2022.101642

J. Hernadndez-Aceituno, R. Arnay, G. Herndndez, L. Ezama, and N. Janssen, “Teaching
the virtual brain,” Journal of Digital Imaging, vol. 35, pp. 1599-1610, 2022. https://doi.
org/10.1007/s10278-022-00652-5

Y. Pan, C. Guyon, G. Borragan, Y. Hu, and P. Peigneux, “Interpersonal brain synchro-
nization with instructors compensates for learner’s sleep deprivation in interactive
learning,” Biochemical Pharmacology, vol. 191, no. 114111, pp. 1-14, 2021. https://doi.
0rg/10.1016/j.bcp.2020.114111

K. Ly, X. Qiao, Q. Yun, and N. Hao, “Educational diversity and group creativity: Evidence
from fNIRS hyperscanning,” NeuroImage, vol. 243, no. 118564, pp. 1-12, 2021. https://doi.
org/10.1016/j.neuroimage.2021.118564

R. R. Hoy, “Quantitative skills in undergraduate neuroscience education in the age
of big data,” Neuroscience Letters, vol. 759, pp. 1-5, 2021. https://doi.org/10.1016/
j-neulet.2021.136074

C. M. Bukach, N. Bukach, C. L. Reed, and J. W. Couperus, “Open science as a path to
education of new psychophysiologists,” International Journal of Psychophysiology,
vol. 165, pp. 76-83, 2021. https://doi.org/10.1016/].ijpsycho.2021.04.001

20 International Journal of Online and Biomedical Engineering (iJOE) iJOE [ Vol. 21 No. 8 (2025)


https://online-journals.org/index.php/i-joe
https://doi.org/10.3991/ijet.v18i23.36443
https://doi.org/10.3991/ijet.v13i09.8351
https://doi.org/10.3991/ijet.v13i09.8351
https://doi.org/10.3991/ijoe.v19i12.40079
https://doi.org/10.3991/ijoe.v19i12.40079
https://doi.org/10.3390/brainsci14060578
https://doi.org/10.1016/j.measen.2024.101056
https://doi.org/10.1016/j.tsc.2023.101242
https://doi.org/10.1016/j.heliyon.2023.e22325
https://doi.org/10.1016/j.bspc.2022.103646
https://doi.org/10.1016/j.bspc.2022.103646
https://doi.org/10.2196/36294
https://doi.org/10.1016/j.jocs.2022.101642
https://doi.org/10.1007/s10278-022-00652-5
https://doi.org/10.1007/s10278-022-00652-5
https://doi.org/10.1016/j.bcp.2020.114111
https://doi.org/10.1016/j.bcp.2020.114111
https://doi.org/10.1016/j.neuroimage.2021.118564
https://doi.org/10.1016/j.neuroimage.2021.118564
https://doi.org/10.1016/j.neulet.2021.136074
https://doi.org/10.1016/j.neulet.2021.136074
https://doi.org/10.1016/j.ijpsycho.2021.04.001

iJOE | Vol. 21 No. 8 (2025)

Computational Neuroscience in Higher Education: A Systematic Review on the Problems Addressed, Methods Used and Implications

[43]

[44]

[45]

[46]

[47]

(48]

[49]

[50]

(51]

(52]

[53]

(54]

[55]

(56]

(57]

(58]

M. Rojas-Contreras, C. A. Pefia-Cortés, and S. M. Cafias-Rodriguez, “Measurement of
emotional variables through a brain computer interface in the interaction with books
with augmented reality in higher education,” Journal of Physics, vol. 1674, pp. 1-6, 2020.
https://doi.org/10.1088/1742-6596/1674/1/012016

R. Radhamania et al, “Computational analysis of cortical EEG biosignals and neural
dynamics underlying an integrated mind-body relaxation technique,” Procedia Computer
Science, vol. 171, pp. 341-349, 2020. https://doi.org/10.1016/j.procs.2020.04.035

K. C.J. Eschmann, R. Bader, and A. Mecklinger, “Improving episodic memory: Frontal-
midline theta neurofeedback training increases source memory performance,”
NeuroImage, vol. 222, pp. 1-11, 2020. https://doi.org/10.1016/j.neuroimage.2020.117219
B. Sun, W. Xiao, X. Feng, Y. Shao, W. Zhang, and W. Li, “Behavioral and brain synchroniza-
tion differences between expert and novice teachers when collaborating with students,”
Brain and Cognition, vol. 139, pp. 1-10, 2020. https://doi.org/10.1016/j.bandc.2019.105513
R. Ahuja and A. Banga, “Mental stress detection in university students using machine
learning algorithms,” Procedia Computer Science, vol. 152, pp. 349-353, 2019. https://doi.
org/10.1016/j.procs.2019.05.007

T. Xu, Y. Zhou, Z. Wang, and Y. Peng, “Learning emotions EEG-based recognition and
brain activity: A survey study on BCI for intelligente tutoring system,” Procedia Computer
Science, vol. 130, pp. 376-382, 2018. https://doi.org/10.1016/j.procs.2018.04.056

S. S. Cohen et al., “Neural engagement with online educational videos predicts learning
performance for individual students,” Neurobiology of Learning and Memory, vol. 155,
pp. 60-64, 2018. https://doi.org/10.1016/j.nlm.2018.06.011

B. Latimer, D. A. Bergin, V. Guntu, D. J. Schulz, and S. S. Nair, “Integrating model-based
approaches into a neuroscience curriculum-an interdisciplinary neuroscience course in
engineering,” IEEE Transactions on Education, vol. 62, no. 1, pp. 48-56, 2019. https://doi.
org/10.1109/TE.2018.2859411

F. R Lin and C. M. Kao, “Mental effort detection using EEG data in E-learning
contexts,” Computers & Education, vol. 122, pp. 63-79, 2018. https://doi.org/10.1016/j.
compedu.2018.03.020

B. Latimer, D. Bergin, V. Guntu, D. Schulz, and S. Nair, “Open source software tools for
teaching neuroscience,” The Journal of Undergraduate Neuroscience Education (JUNE),
vol. 16, no. 3, pp. 197-202, 2018. https://pmc.nchinlm.nih.gov/articles/PMC6153012/
Schaefer, “Using neurofeedback and mindfulness pedagogies to teach open listening,”
Computers and Composition, vol. 50, pp. 78-104, 2018. https://doi.org/10.1016/
j.compcom.2018.07.002

N. Takeuchi, T. Mori, Y. Suzukamo, and S.-I. Izumi, “Integration of teaching processes
and learning assessment in the prefrontal cortex during a video game teaching—
learning task,” Frontiers in Psychology, vol. 7, pp. 1-8, 2017. https://doi.org/10.3389/
fpsyg.2016.02052

M. Serra-Sala, C. Timoneda-Gallart, and F. Pérez-Alvarez, “Clinical usefulness of hemo-
encephalography beyond the neurofeedback,” Neuropsychiatric Disease and Treatment,
vol. 12, pp. 1173-1180, 2016. https://doi.org/10.2147/NDT.S105476

S. F. Verkijika and L. De Wet, “Using a brain-computer interface (BCI) in reducing math
anxiety: Evidence from South Africa,” Computers & Education, vol. 81, pp. 113-122, 2015.
https://doi.org/10.1016/j.compedu.2014.10.002

Y. Zhang, Y. Hu, F. Ma, H. Cui, X. Cheng, and Y. Pan, “Interpersonal educational neurosci-
ence: A scoping review of the literature,” Educational Research Review, vol. 42, pp. 1-17,
2024. https://doi.org/10.1016/j.edurev.2024.100593

0. Sadka and A. Antle, “Interactive technologies for emotion regulation training: A scop-
ing review,” International Journal of Human — Computer Studies, vol. 168, pp. 1-17, 2022.
https://doi.org/10.1016/j.ijhcs.2022.102906

International Journal of Online and Biomedical Engineering (iJOE) 21


https://online-journals.org/index.php/i-joe
https://doi.org/10.1088/1742-6596/1674/1/012016
https://doi.org/10.1016/j.procs.2020.04.035
https://doi.org/10.1016/j.neuroimage.2020.117219
https://doi.org/10.1016/j.bandc.2019.105513
https://doi.org/10.1016/j.procs.2019.05.007
https://doi.org/10.1016/j.procs.2019.05.007
https://doi.org/10.1016/j.procs.2018.04.056
https://doi.org/10.1016/j.nlm.2018.06.011
https://doi.org/10.1109/TE.2018.2859411
https://doi.org/10.1109/TE.2018.2859411
https://doi.org/10.1016/j.compedu.2018.03.020
https://doi.org/10.1016/j.compedu.2018.03.020
https://pmc.ncbi.nlm.nih.gov/articles/PMC6153012/
https://doi.org/10.1016/j.compcom.2018.07.002
https://doi.org/10.1016/j.compcom.2018.07.002
https://doi.org/10.3389/fpsyg.2016.02052
https://doi.org/10.3389/fpsyg.2016.02052
https://doi.org/10.2147/NDT.S105476
https://doi.org/10.1016/j.compedu.2014.10.002
https://doi.org/10.1016/j.edurev.2024.100593
https://doi.org/10.1016/j.ijhcs.2022.102906

Adauto-Medina et al.

[59] T. Nozawa et al, “Prefrontal inter-brain synchronization reflects convergence and
divergence of flow dynamics in collaborative learning: A pilot study,” Frontiers in
Neuroergonomics, vol. 2, pp. 1-14, 2021. https://doi.org/10.3389/fnrgo.2021.686596

[60] A. ]J. Glazebrook, ]J. Shakespeare-Finch, A. Andrew, and J. V. D. Meer, “Toward
neuroscientific understanding in posttraumatic growth: Scoping review identify-
ing electrophysiological neurofeedback training targets for brain-based research,”
Neuroscience and Biobehavioral Reviews, vol. 167, pp. 1-11, 2024. https://doi.org/10.1016/
j-neubiorev.2024.105926

[61] M. Kumari and A. Sharma, “Neurofeedback training for social cognitive deficits: A
systematic review,” International Journal of Online and Biomedical Engineering (iJOE),
vol. 16, no. 10, pp. 151-171, 2020. https://doi.org/10.3991/ijoe.v16i10.15923

[62] A. W. L. Solérzano, M. V. M. Garcia, and T. J. C. Pino, “Neurotic en el proceso de
enseflanza-aprendizaje de la educacidon superior: Neurotic en la educacion superior,”
REFCalE: Revista Electrénica Formacion Y Calidad Educativa, vol. 12, no. 3, pp. 205-218,
2024. https://doi.org/10.56124/refcalev12i3.012

[63] J.I Simes, “Los aportes de las neurociencias a la educacion: una busqueda de interdis-
ciplinariedad,” Thesis de Maestria, National University of Quilmes, Bernal, Argentina,
2024. http://ridaa.ung.edu.ar/handle/20.500.11807/4915

[64] H. B. Tao, and C. G. D. P. Botero, “Neuroscience, emotions and higher education:
A descriptive review,” Estudios Pedagdgicos, vol. 46, no. 1, pp. 363-382, 2020. https://doi.
org/10.4067/S0718-07052020000100363

9 AUTHORS

Willy Adauto-Medina is a Professor in the Faculty of Engineering and Man-
agement at the National Technological University of Lima-Sur, in Lima, Peru
(E-mail: wadauto@untels.edu.pe).

Soledad Olivares-Zegarra is a Professor and researcher in the Faculty of
Engineering and Management at the National Technological University of Lima-Sur,
in Lima, Peru (E-mail: solivares@untels.edu.pe).

Irma Aybar-Bellido holds a PhD in Education and is a Professor at the National
University of San Luis Gonzaga, in Ica, Peru (E-mail: irma.aybar@unica.edu.pe).

Maritza Arones holds a PhD in Education and is a Professor at the National
University of San Luis Gonzaga, in Ica, Peru. She is an external evaluator in higher
education at the SINEACE (E-mail: marones@unica.edu.pe).

Beatriz Caycho-Salas is a Professor and researcher at the Enrique Guzman y
Valle National University, in Lima, Peru (E-mail: bcaycho@une.edu.pe).

22 International Journal of Online and Biomedical Engineering (iJOF) iJOE | Vol. 21 No. 8 (2025)


https://online-journals.org/index.php/i-joe
https://doi.org/10.3389/fnrgo.2021.686596
https://doi.org/10.1016/j.neubiorev.2024.105926
https://doi.org/10.1016/j.neubiorev.2024.105926
https://doi.org/10.3991/ijoe.v16i10.15923
https://doi.org/10.56124/refcale.v12i3.012
http://ridaa.unq.edu.ar/handle/20.500.11807/4915
https://doi.org/10.4067/S0718-07052020000100363
https://doi.org/10.4067/S0718-07052020000100363
mailto:wadauto@untels.edu.pe
mailto:solivares@untels.edu.pe
mailto:irma.aybar@unica.edu.pe
mailto:marones@unica.edu.pe
mailto:bcaycho@une.edu.pe

