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ABSTRACT
Profound educational transformations occur due to Emotional Artificial Intelligence, which recognizes emotions in
real time while developing personalized learning strategies. The paper systematically evaluates how Emotional Al
systems foster student motivation while helping improve their retention levels. Al tools, including intelligent tutoring
systems (ITS) and chatbots, utilize personalized learning methods while enhancing student engagement and detecting
at-risk students through early intervention measures.

Various privacy-related issues, algorithmic prejudice, and moral obstacles continue to impede progress. The lack of
long-term study results limits research on Al’s lasting effects on education. The research findings indicate the use of
privacy-conscious frameworks, bias reduction methods, and appropriate human oversight of Al systems in educational
environments. Future studies need to be conducted in the form of long-term studies combined with ethical research
on Al deployment. The research helps educational institutions establish ethically sound standards for implementing
Emotional Al while maintaining its effectiveness.

KEYWORDS: Emotional Al, Affective Computing, Student Motivation, Student Retention, Al in Education,
Adaptive Learning, Ethical Al, Learning Analytics, Dropout Prevention.

1.0 INTRODUCTION

1.1 Background Information

1.1.1 Overview of Artificial Intelligence (Al) in Education

Educational settings increasingly benefit from Artificial Intelligence (Al) as it develops tools that enhance educational
outcomes for teaching and learning. One key application of intelligent tutoring systems (ITS) creates student-specific
feedback while adjusting lesson content to match individual student requirements (Doroudi, 2023). Artificial
Intelligence (Al) is reshaping education by enhancing personalized learning experiences, automating administrative
tasks, and enabling data-driven decision-making (Deckker & Sumanasekara, 2025a). Educational Al technologies
assist instructors by performing administrative duties such as grading assignments and attendance management so
teachers spend more time interacting with their students (U.S. Department of Education, 2023). Al integration in
education has garnered support from UNESCO and other organizations, as they view it as a pathway to achieving
equitable quality education (G6cen & Aydemir, 2020).

1.1.2 Definition of Emotional Al and Its Relevance in Student Motivation and Retention

Affective computing, or Emotional Al, refers to Al systems that detect, understand, and respond to human emotional
expressions. Educational systems use emotional Al to examine data, consisting of facial expressions, voice tones, and
physiological signals, to evaluate students' emotional responses. Identifying students' emotional states is essential
knowledge because these emotional states powerfully affect learning ability and drive students' motivation as well as
their ability to remember information. Al emotion recognition software detects signs of student disengagement and
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frustration, allowing immediate intervention to support student learning (lyer, 2024). Emotional Al supports better
learning environments through emotional and cognitive aspects of student learning experience.

1.1.3 Current Applications of Emotional Al in Learning Environments

Educational institutions use emotional Al systems to monitor student engagement while enhancing their level of
participation during classes. Some institutions use Al tools to interpret student writing descriptions into picture
representations, stimulating educational dialogue among students (Adams, 2025). Al virtual characters such as the
simulated Charles Darwin have improved educational interactions with students, which increases student participation
and interest in evolution learning (Adams, 2025). The applications show how Emotional Al develops flexible learning
spaces to enhance student participation while retaining students.

1.2 Objectives of the Review Paper
This review paper aims to study how Emotional Al enhances student motivation and retention rates by integrating
existing research findings and outlining future research strategies. It follows several key objectives to direct its
research approach.
1. To evaluate the role of Emotional Al in enhancing student motivation and retention
o This involves analyzing how Emotional Al detects, interprets, and responds to students' emotions
to improve engagement and prevent dropout.
o The review will assess the effectiveness of Al-driven emotional recognition in fostering
personalized learning experiences.
2. Toanalyze current research findings and identify gaps
o This review will summarize existing studies on the application of Emotional Al in education,
focusing on methodologies, effectiveness, and limitations.
o Research gaps will be highlighted, such as the need for longitudinal studies, ethical considerations,
and Al bias mitigation strategies.
3. To propose future research directions
o Recommendations will be provided for future research, emphasizing long-term impact assessments,
Al-human teacher collaboration, and ethical Al frameworks in educational settings.

Research Questions
The following research questions guide this review:

1. How does Emotional Al contribute to student motivation and retention in educational settings?

2. What key Al-driven methodologies are used to assess and respond to student emotions in learning
environments?
What are the benefits and limitations of current Emotional Al applications in education?
What ethical, privacy, and bias concerns arise from using Emotional Al in student engagement tracking?
What are the key research gaps in the existing literature on Emotional Al and education?
What future research directions can enhance the effectiveness and ethical implementation of Emotional Al
in student learning?
This structured approach will help assess the current landscape of Emotional Al in education and provide a foundation
for further exploration and innovation.

o AW

1.3 Research Importance

Artificial Intelligence (Al) is revolutionizing the education sector, and Emotional Al plays a pivotal role in shaping
student learning experiences. Understanding the significance of student motivation and retention, the impact of Al-
driven interventions, and the ethical challenges associated with emotion recognition are crucial for developing
effective and responsible Al-powered educational tools.

1.3.1 Significance of Student Motivation and Retention in Education

Research shows that student motivation is one of the most influential factors that predicts academic success and affects
student engagement, perseverance, and learning results (Deci & Ryan, 2000). Insufficient student motivation leads to
educational dissatisfaction, resulting in weak academic performance and increased dropout rates, particularly in higher
education institutions, according to Tinto (2017). The global educational sector faces mounting challenges regarding
student retention since educational institutions want to lower drop-out rates and achieve better academic completion

€ 2025 EPRA JGEL | https:/eprajournals.com/ | Journal DOI URL: https:/doi.org/10.36713/epra0003 36



SJIF Impact Factor (2025): 8.574 Journal DOI: 10.36713/epra0003 ISSN: 2250 - 2017

International Journal of Global Economic Light (JGEL)
Volume: 11 | Issue: 3 | March 2025

rates. Through Al emotion recognition technology, educational institutions obtain modern tools to detect initial signs
of learning disengagement, which helps teachers provide help before dropout (lyer, 2024).

1.3.2 The Impact of Al-Driven Interventions on Learning Experiences

Technology detects student emotions such as frustration, boredom, and confusion to modify educational approaches
(Lin & Chen, 2024). Real-time emotional feedback through computer tools such as adaptive learning systems and
intelligent tutoring systems (ITS) with emotionally responsive chatbots enables personalized learning experiences
according to D’Mello and Graesser (2012). Individuals who use Al systems with emotional capabilities demonstrate
better student engagement while students retain educational material better and display positive academic behaviors
because these Al systems provide motivation and necessary intervention approaches (Kulik & Fletcher, 2016).

1.3.3 Ethical Considerations and Challenges in Al-Based Emotion Recognition

The emotional capabilities of artificial intelligence raise significant ethical concerns due to issues related to data
privacy, potential bias, and unclear algorithmic processes (Crawford & Calo, 2016). The three leading technologies
underpinning emotion recognition face privacy concerns and consent-related obstacles, necessitating facial expression
analysis, voice tone detection, and physiological sensors (Williams et al., 2021). Al emotional assessment models are
prone to display biases based on race and gender and cultural factors, which results in misdiagnosis of specific groups
of students (Barrett et al., 2019). Highly ethical frameworks, regulatory directions, and fairness protocols for Al
systems must exist to enable Emotional Al to enhance education without violating student rights.

2.0 METHODOLOGY

2.1 Research Design

The research design's methodology is based on the systematic review approach, which adheres to the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines. PRISMA establishes standardized
procedures for researchers to select applicable research documents throughout their analysis. Systematic review
investigations enable researchers to analyze all current investigations about Emotional Al student motivation practices
by comparing common research components and existing knowledge gaps.

2.1.1 Search Strategy
The research utilized a search plan across academic databases to achieve robustness and comprehensive literature
review content.

The systematic review established its credibility using peer-reviewed research from influential academic databases.
The research drew from three academic databases: Scopus for multidisciplinary content, Google Scholar for extensive
research, and IEEE Xplore for specialized content on Al and computing domains. The research used the PubMed and
Web of Science databases to collect studies about psychology and neuroscience, with a special interest in high-quality
educational papers, Al papers, and affective computing.

The researcher employed Boolean operators and specific keywords during the search process for optimal results
retrieval. The research design employed three diverse search combinations between “Emotional AI” OR “Affective
Computing” OR “Emotion Recognition AI” with “Education” OR “Student Engagement” OR “Motivation” to detect
studies about Al's impact on academic achievement. The research examined Al-driven learning combined with
adaptive learning approaches, which focus on student retention through the combination of keywords “Al-driven
Learning” OR “Adaptive Learning” AND “Student Retention” OR “Dropout Prevention”. The research investigation
of Al technical applications concerning emotion recognition used the search terms “Artificial Intelligence” OR
“Machine Learning” combined with “Emotion Detection” OR “Real-time Feedback.”

Multiple selection criteria were used to assess research applicability and measure its quality standards. Researchers
omitted articles from the study published before 2010 since this study focused on current developments in educational
Emotional Al applications. The research included only studies released in English because it maintained consistency
in interpretation throughout the analysis. Academic sources used for research had to include peer-reviewed journals,
book chapters, and conference proceedings through publication type filters to establish reliable sources.
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2.1.2 Inclusion and Exclusion Criteria
The study used clear guidelines to select appropriate studies while enforcing research quality standards as a foundation
for review purposes.
e Inclusion Criteria:
o Studies that examine Emotional Al applications in educational settings.
o Research that evaluates the impact of Al-driven emotional feedback on student motivation and
retention.
o Empirical studies, systematic reviews, and meta-analyses published in peer-reviewed journals.
o Papers discussing ethical and practical challenges of implementing Emotional Al in education.
e  Exclusion Criteria:
o Studies focusing on Al in general education without specific emotional Al references.
o Studies with insufficient empirical evidence, lacking quantitative or qualitative analysis.
o Research focusing solely on technical Al model development without discussing educational
applications.

2.1.3 Limitations
Although the systematic review approach provides a rigorous analysis of the existing literature, certain limitations
must be acknowledged:
e Potential Biases in Data Selection:
o The reliance on English-language publications may exclude relevant studies published in other
languages.
o Database restrictions could limit the inclusion of non-indexed but valuable research, such as
emerging Al applications in non-mainstream educational settings.
o Publication bias may affect findings, as successful implementations of Emotional Al are more likely
to be published than unsuccessful ones.
e Constraints in Analyzing Emotional Al Implementations:
o Many existing studies are short-term, lacking longitudinal data to assess long-term effectiveness.
o Al’s emotion recognition accuracy varies across different cultural and demographic groups, raising
concerns about generalizability.
o Limited availability of studies focusing on student retention beyond higher education settings (e.g.,
Emotional Al in K-12 education remains underexplored).

3.0 LITERATURE REVIEW

3.1 Emotional Al in Education

Overview of Al-Driven Emotion Recognition in Learning Environments

The field of emotional Artificial Intelligence (Al), identified as affective computing, represents information
technology that detects, handles, and reacts to human sentiments. According to Rojas Vistorte et al. (2024), Al-driven
emotion recognition systems in educational settings adjust learning environments by understanding student emotional
processing states to provide individualized, effective learning solutions.

The latest technological advancements resulted in Al-driven emotion recognition technology, which examines
students through their facial movements and vocal traits, their typing patterns, and their bodily signals to determine
their emotional state throughout teaching activities. Emotion recognition systems based on machine learning, facial
recognition techniques, and sentiment analysis detect student emotional states involving engagement and frustration
or boredom (Fernandez-Herrero et al., 2023). Educators receive valuable intelligence from these assessments to create
personalized teaching approaches, and immediate support systems, and flexible learning platforms which focus on
specific emotional student requirements (Yanu, 2024).

Educational systems use intelligent tutoring systems as a notable emotional Al application to identify student emotions
and deliver customized feedback. AutoTutor is an ITS system that detects learners’ emotional states through natural
language conversations so it modifies instructional content to suit their needs best. The system provides additional
educational materials for students who need help yet advances learners who master present content (D’Mello &
Graesser, 2012). Gaze Tutor and other affect-sensitive pedagogical agents employ eye-tracking devices to observe
student boredom or inattentive behavior to dynamically modify the instructional content (D’Mello et al., 2012).
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Al systems designed for education incorporate affect detection through the established fact that emotional states
strongly affect educational achievement. Research shows that learning performance improves through positive
emotions such as curiosity and excitement, yet learning performance decreases because of negative emotions such as
frustration and anxiety (Calvo & D'Mello, 2010). Al-based educational platforms identify student affective states to
provide customized interventions by encouraging content, performance feedback, and adaptable difficulty level
changes (Rojas Vistorte et al., 2024).

Educational organizations must build highly accurate emotional recognition capabilities for all students while
addressing multiple privacy protection concerns that impact secure educational system operations. Al technology is
susceptible to racial prejudices and gender discrimination and cultural preferences, resulting in erroneous emaotional
assessments of particular student populations (Fernandez-Herrero et al., 2023). Student emotional data has ethical
dilemmas that simultaneously create data protection challenges because of methods used to obtain information and
consent protocols (Zembylas, 2006). The field of scientific research works to develop educational Al technology by
integrating cultural perception functions while guaranteeing transparency features and laying down ethical protocols
for Al emotional student evaluations in educational environments (Yanu, 2024).

3.2 Student Motivation and Al-Based Interventions

Emotional Al systems evaluate human emotional expressions to generate suitable responses in their operations.
Educational systems must incorporate emotional Al systems to monitor students' emotional conditions for better
learning achievements and improved academic drive.

3.2 1 Detection and Measurement of Student Motivation
The assessment of student motivation relies on different data sources through Emotional Al systems.

e Physiological Signals: The combination of smartwatches and wearable devices monitor heart rate and galvanic
skin response signals that show relevant changes indicating motivation-related emotions in stress or excitement.
Research conducted by Choksi et al. (2024) demonstrated that SensEmo system achieved 88.9% average
accuracy when detecting student motivation and concentration levels through smartwatch data monitoring.

e Facial Expressions and Behavioral Patterns: Advanced artificial intelligence models study facial
expressions and behavioral indicators to identify emotions in individuals. Researchers applied the Convolution
Neural Network (CNN) model to analyze student emotions with precision, permitting teachers to modify their
teaching approaches (Salloum et al., 2025).

3.2.2 Enhancement of Student Motivation
Emotional Al achieves greater student motivation because it precisely measures emotional responses to deliver the
following benefits:
o Personalized Feedback: Al systems deliver feedback that adapts to students' emotional condition. The
addition of emotional elements to Al feedback makes students perceive it as more beneficial while
simultaneously lowering their negative emotional reaction to receiving feedback (Alsaiari et al., 2024).

e Adaptive Learning Environments: Real-time emotion recognition methods can enhance academic
instruction. According to Choksi et al. (2024), SensEmo allows students to share their emotional feedback,
allowing educators to obtain recommendations that improve learning outcomes and quiz scores.

e Stress Reduction: Students experience reduced stress using Al-supported instructional tools for handling
complex material. According to Henze et al. (2024), the integration of Al-assisted data analysis tools in
physics education boosts student motivation while alleviating academic pressure, creating a more supportive
learning environment.

3.3 Student Retention and Predictive Al Models

3.3.1 AD’s Role in Identifying At-Risk Students and Preventing Dropouts

The educational sector uses Artificial Intelligence as a fundamental tool to identify at-risk dropouts and execute
preventive strategies that improve student retention. Al predictive models that process substantial student data help
identify warning indicators and patterns of possible school leaving so educational institutions can offer timely help.

€ 2025 EPRA JGEL | https:/eprajournals.com/ | Journal DOI URL: https:/doi.org/10.36713/epra0003 39



SJIF Impact Factor (2025): 8.574 Journal DOI: 10.36713/epra0003 ISSN: 2250 - 2017

International Journal of Global Economic Light (JGEL)
Volume: 11 | Issue: 3 | March 2025

3.3.2 Identifying At-Risk Students

Predicting student dropout risks depends on different machine learning algorithms, which Al models execute. The
research of Roda-Segarra et al. (2024) showed that Al models displayed a high-level of predictive accuracy at 91%
while Decision Tree algorithms yielded the most successful results at 95.3%. Different models evaluate academic
results alongside attendance records, family income data, and student participation scores to determine student dropout
possibilities. Researchers at a distance university in South Korea utilized demographic data along with academic
records and online activity to effectively predict student dropout risks, according to Seo et al. (2024).

3.3.3 Preventing Dropouts

Through Al, educational organizations gain access to warning systems that help teachers direct their interventions
efficiently. The application of Al strategies at Eastern Michigan University focused on student characteristics and
educational trajectories, which produced specific recommendations for preventing student departures through prompt
academic assistance (Zhao & Otteson, 2024). By implementing Al-powered systems, institutions can supply
individualized academic recommendations along with counseling and resource distributions, aligning with at-risk
students' distinct needs to boost their educational success.

3.3.4 Ethical Considerations

The adoption of Al algorithms for dropout prevention will succeed due to its advantages, but educators must solve
ethical issues, including privacy concerns, bias, and transparency problems. The ethical use of Al in education
demands the prevention of predictive models from maintaining existing social inequalities and the fair deployment of
interventions.

Using Al technology in educational environments lets educators establish proactive methods to spot students likely to
drop out while providing them with necessary support. Institutional use of predictive models allows for prompt
preventive measures that enhance both enrollment continuity and academic result effectiveness.

3.4 Al-Powered Emotional Feedback Systems

3.4.1 Chatbots, Virtual Tutors, and Adaptive Learning Experiences

Educational environments have undergone significant transformation through Artificial Intelligence because it
incorporated chatbots, virtual tutors, and adaptive learning systems. The technological learning systems combine
individualized student experiences with emotional responses, improving engagement and student motivation.

3.4.2 Chatbots in Education

The Al-based chatbots function as interactive interfaces that assist students through question answering and
explanation delivery and immediate feedback provision. Students acquire various advantages from Al-powered
chatbots who provide tailored learning services to solve homework problems and enhance productivity and
educational involvement (Okonkwo & Ade-lbijola, 2021). Studies show that implementing chatbots leads to better
learning achievements because Zawacki-Richter et al. (2023) performed a meta-analysis which confirmed a notable
positive impact on academic results.

3.4.3 Virtual Tutors

Virtual tutors implement Al capabilities to deliver individualized tutoring experiences that adjust learning methods
and student progress rates. Studies show that students accepted the Iris Al tutoring system, which provided them with
effective question comprehension and suitable support to enhance their learning outcomes (Bassner et al., 2024).
Student engagement and learning results improve when educational institutions deploy Al chatbots that present
customized student support and evaluation (Essel et al., 2022).

3.4.4 Adaptive Learning Experiences

Al-based adaptive learning systems identify learners' past performances and preferences and study their learning speed
to generate individualized educational content. Research by Zhang et al. (2024) revealed that educational applications
with Al integration generate positive effects on student creative abilities and academic feelings, which results in
improved learning outcomes. According to Seti.S & Jain.K (2024), the positive impact of Al technologies extends to
social-emotional learning by establishing supportive conditions that help students acquire essential skills.
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3.4.5 Emotional Feedback Mechanisms

These Al tools require emotional feedback integration through affective computing technologies, which determine
and react to student emotional states. Analyze the combination of emotional expressions from faces along with voice
qualities and conduct to identify student emotions, from frustration and boredom to engagement. The system utilizes
immediate emotional measurements to modify performance levels of tasks and deliver encouragement messages while
suggesting relaxation periods to maximize learning outcomes. The research by Alsaiari et al. (2024) proved that
implementing motivational aspects in Al feedback enhanced student emotional health and perception of learning
(2024).

The educational field advances by adopting artificial intelligence systems, which combine chatbots and virtual tutors
with adaptive learning platforms enabled with feedback systems that measure emotional responses. These intelligent
technologies serve both cognitive and emotional educational needs, resulting in improved and more active learning
processes. Al will continue to develop its capabilities for emotional intelligent teaching tools, which will eventually
result in better personalized and effective learning conditions.

3.5 Review of Relevant Theories

3.5.1 Self-Determination Theory (SDT) and Al-Driven Motivation

According to Self-Determination Theory (SDT) developed by Deci and Ryan (1985), intrinsic motivation requires
students to have autonomy, competence, and relatedness. Integrating Self-Determination Theory principles into
artificial intelligence education enhances student motivation through targeted learning experiences. When Al systems
allow students to choose paths in their learning process, they provide autonomy, but adaptive feedback systems
specifically help students improve their competency levels (Ryan & Deci, 2000). The studies conducted by Xie et al.
(2019) demonstrate that this type of Al program enhances student engagement alongside better educational results
(Research indicates that such Al applications can lead to increased engagement and improved learning outcomes.

3.5.2 Cognitive Load Theory (CLT) in Adaptive Al Learning

Sweller (1988) presented cognitive load theory (CLT), which studies how the human cognitive structure requires
optimized teaching approaches that reduce unnecessary cognitive pressure to achieve better learning outcomes. Al
learning systems implemented with CLT mechanisms adapt content difficulty to match individual students' expertise
levels, which helps eliminate cognitive overload (Kalyuga, 2007). According to Kalyuga et al. (2003), the application
of CLT in education technology occurs through Al platforms that adapt support levels based on learner proficiencies.

3.5.3 Affective Learning Theories and Student Engagement

Emotional learning theories examine the influence of emotions during learning since positive feelings help students
remain active and remember information better. Affective computing among Al technologies strives to identify and
answer student emotional indicators to create classrooms that engage students better (Picard, 1997). Combining Al
systems that monitor student frustration enables these systems to deliver timely interventions that sustain motivation
and stop learning disengagement (D'Mello & Graesser, 2012).

A combination of learning theories allows Al systems to develop tools that manage intellectual learning aspects along
with emotional states which results in better customized educational consequences.

3.6 Theoretical Implications

3.6.1 How Emotional Al Aligns with Existing Learning and Motivation Models

Emotional Artificial Intelligence (Al) integrates affective computing into educational settings, aligning with
established learning and motivation theories:

e Self-Determination Theory (SDT): As SDT demonstrates, intrinsic motivation relies on three fundamental
human needs: autonomy, competence, and relatedness (Deci & Ryan, 1985). Emotional Al technologies
deliver these three essential support functions through personalized assessments for competence
development, individual-choice management, and social interaction triggers for building relationships.

e Cognitive Load Theory (CLT): The principles of CLT direct instruction design toward human brain
functions by reducing unnecessary mental workloads to enhance learners' efficiency (Sweller, 1988).
Emotional Al's monitoring system enables it to track learner emotional states for cognitive overload
detection, which leads to immediate modifications of instructional content that follow CLT principles.
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e Affective Learning Theories: These theories address emotional functions within educational learning
situations. With its ability to detect emotional states, Emotional Al allows the generation of adaptable
learning environments that boost learner engagement and retention rates (Picard, 1997).

3.6.2 Impact on Pedagogical Strategies
The integration of Emotional Al into educational settings influences pedagogical strategies in several ways:

e Personalized Learning: Educators who assess emotional responses of students can develop personalized
educational methods which enhance both student motivation and educational achievements (D'Mello &
Graesser, 2012).

e Adaptive Feedback: The technology enables educators to offer effective feedback at the right time using
learners' emotional responses to improve student commitment and promote deeper education absorption
(D'Mello & Graesser, 2012).

e Classroom Management: The immediate tracking of student emotional status enables teachers to find and
handle learning obstacles quickly, which results in a better supportive learning environment (D'Mello &
Graesser, 2012).

Incorporating Emotional Al into educational practices necessitates reevaluating traditional pedagogical strategies to
accommodate the dynamic interplay between emotion and learning.

Section Key Focus Key Findings
3.1 Emotional Al in Overview of Al-driven Al-driven emotion recognition systems detect student emotions
Education emotion recognition in through facial expressions, voice, and physiological signals.
learning environments These insights help educators personalize teaching methods and
interventions (Rojas Vistorte et al., 2024).
3.2 Student How Emotional Al detects, | Al assesses student motivation through physiological signals,

Motivation and Al-
Based Interventions

measures, and enhances
student motivation

facial expressions, and behavioral patterns. Adaptive Al enhances
motivation via personalized feedback and stress reduction
(Choksi et al., 2024; Alsaiari et al., 2024).

3.3 Student
Retention and
Predictive Al

Models

AT’s role in identifying at-risk
students and preventing
dropouts

Al models predict dropout risks with 91% accuracy using
Decision Tree algorithms. Institutions use Al warning systems to
provide targeted academic support (Roda-Segarra et al., 2024; Seo
et al., 2024).

3.4 Al-Powered
Emotional
Feedback Systems

Chatbots, virtual tutors, and
adaptive learning experiences

Al-driven chatbots and virtual tutors improve student engagement
through personalized assistance. Adaptive learning platforms
adjust to student needs based on real-time emotional feedback
(Zawacki-Richter et al., 2023; Bassner et al., 2024).

3.5 Review of
Relevant Theories

Self-Determination Theory
(SDT), Cognitive Load
Theory (CLT), and Affective
Learning Theories

SDT supports Al-driven motivation, CLT ensures optimized
cognitive load in Al learning, and Affective Learning Theories
help Al enhance student engagement (Deci & Ryan, 1985;
Sweller, 1988; Picard, 1997).

3.6 Theoretical
Implications

Alignment of Emotional Al
with learning theories and
pedagogical strategies

Emotional Al supports personalized learning, adaptive feedback,
and classroom management, influencing pedagogical strategies
for engagement and retention (D'Mello & Graesser, 2012).

Table 1 - Theoretical Implications

4.0 FUTURE DIRECTIONS
4.1 Longitudinal Studies
4.1.1 Need for Long-Term Analysis of Emotional AI’s Effectiveness

Research indicates that emotional artificial intelligence has proven beneficial in enhancing educational outcomes
while improving student engagement and motivation levels. The current research about Emotional Al utilizes
experimental studies that operate on short timeframes but fail to demonstrate lasting consequences in these
interventions. Extended time research is crucial because it validates whether these technologies deliver consistent
results throughout multiple periods. Research conducted at multiple points can reveal the sustained effects of
Emotional Al on students' both emotional growth and educational outcomes and social welfare (Seti.S & Jain.K,
2024).
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4.1.2 Addressing Gaps in Short-Term Experimental Studies

Research that examines brief periods usually evaluates prompt results however it may disregard the gradual and total
effects of Emotional Al interventions. Short-term assessment of engagement improvements exists without certainty
about how Emotional Al methods impact critical thinking, emotional strength or permanent memory effectiveness.
Extended research spanning several months or years allows researchers to evaluate students' continuous development
alongside their acceptance of Emotional Al tools thus gaining complete insights into technology performance and
ethical standards in education technology development (Seti.S & Jain.K , 2024).

4.2 Intervention Studies

4.2.1 Experimental Designs to Test Al-Driven Motivational Strategies

The evaluation process for Al-driven motivational methods requires strong experimental methodology because of its
requirements. Randomized controlled trials (RCTs) stand as the top evaluation method for testing the effectiveness of
interventions since they let researchers compare results achieved by intervention groups versus control groups,
establishing causal relationships. An RCT design could measure student motivation and learning results when testing
an Al-enabled tutoring solution. When students receive Al tutoring at random or traditional instruction as a control,
the study can separate influential Al variables from background factors. According to Graesser et al. (2004), the
AutoTutor system and other intelligent tutors effectively enhance physics and computer literacy learning.

Using matched-group comparisons and pretest-posttest studies becomes appropriate when random assignment proves
impossible for experimental designs. These design methods use several options to select similar test groups or monitor
outcome changes before and after intervention implementation to determine success rates. A pretest-posttest research
method could measure student motivation levels after deploying an Al-based motivational approach. Al intervention
testing methods, which fall short of RCT standards, generate worthwhile findings about Al strategies applied to
education.

4.2.2 Effectiveness of Real-Time Emotional Feedback in Education

Radiofrequency emotional feedback systems developed with Al technology represent a method to boost educational
performance. Affective computing systems identify learners' emotions to create adaptive learning environments that
respond appropriately to student emotions. Research demonstrates that affect sensors installed in intelligent tutoring
systems enhance learning results when these systems deliver specific educational methods that match students'
emotional and cognitive needs (D'Mello et al., 2005).

Research shows that instant emotional performance data drives student attendance and drives students to stay more
motivated during their education. Al systems utilize affective state detection to modify task difficulty while delivering
supportive feedback to maintain student engagement. Real-time emotional feedback support enables dynamic
adaptations of learning approaches, improving individualized education experiences (D'Mello & Graesser, 2012).

Scientific approaches combined with in-the-moment emotional assessment allow researchers and educators to
comprehend and boost Al-based motivational learning tools within educational settings.

4.3 Ethical Frameworks

4.3.1 Developing Privacy-Aware Al for Emotion Recognition

Student data protection demands strict privacy measures because educational institutions adopt emotion recognition
technologies. The application of privacy-aware artificial intelligence depends on minimizing the collected data
through essential information collection practices. Differential privacy techniques and other methods protect
individuals' personal identities within data collections (Dwork & Roth, 2014). Schools need student consent and data
opt-out opportunities to implement transparent policies successfully while meeting legal requirements according to
the Regulation (EU) 2016/679 from 2016. The ethical implications of Al in education remain a concern, requiring
frameworks to ensure fairness, inclusivity, and responsible Al deployment (Deckker & Sumanasekara, 2025b).

4.3.2 Bias Mitigation Strategies in Al-Driven Educational Tools

Al educational tools must develop mechanisms for detecting and preventing discriminatory treatment against students
by discovering biases within their programming system. Various mitigation strategies should be applied during the Al
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model development process phases to reduce bias. The first step involves data adaptation through preprocessing
techniques, which creates an equalized distribution of different demographic groups before starting model
development. The dataset reaches balance through two strategies that include data sample reweighting in combination
with multiple resampling methods (Kamiran & Calders, 2012). During training, the learning algorithm acquires
fairness abilities through in-processing approaches, which incorporate fairness limitations, thus preventing the existing
inequality patterns from continuing (Zafar et al., 2017). Through Al system postprocessing enhancements, developers
can introduce customized decision threshold boundaries to different demographic groups to regulate mistakes and
reduce automatic bias (Hardt et al., 2016). Continuous evaluation and auditing are important elements for detecting
biases and implementing corrections in an operational Al system. System updates combined with frequent evaluations
maintain the inclusive functions and fair delivery of services to all students who use Al educational tools.

4.3.3 Balancing Human-Al Interaction in Learning Environments

Educational institutions should find balanced uses of artificial intelligence technology to safeguard normal student-
teacher interactions. The application of Al within personalized learning programs and administrative systems demands
that educational institutions preserve relationships that advance compassion-based growth and social relationships in
students. Educational technologies require thorough training to make it possible for educators to work efficiently
alongside Al systems to develop more human connections within educational practices (Holmes et al., 2021). The
decision to define Al and teaching roles clearly leads to equilibrium between modern educational technology and
human-based learning assistance.

Section Key Focus Key Findings
4.1 Need for long-term Short-term studies show immediate benefits, but long-term research is
Longitudinal | analysis of Emotional | necessary to determine the sustained impact of Emotional Al on
Studies Al’s effectiveness emotional growth, academic outcomes, and social development
(Seti.S & Jain.K , 2024).
Addressing gaps in Short-term studies often miss gradual cognitive and emotional effects.
short-term Long-term research helps track how Emotional Al influences critical
experimental studies | thinking, emotional resilience, and memory retention over time (Seti.S
& Jain.K, 2024).
4.2 Experimental designs | Randomized Controlled Trials (RCTs) are the most effective method
Intervention to test Al-driven for assessing Al-driven motivation strategies. Intelligent tutoring
Studies motivational strategies | systems like AutoTutor have demonstrated improvements in physics
and computer literacy learning (Graesser et al., 2004).
Effectiveness of real- | Al-based affective computing enhances learning outcomes by
time emotional adjusting task difficulty and providing emotional feedback to students
feedback in education | in real time. Adaptive learning environments that respond to students’
emotions increase engagement and motivation (D'Mello et al., 2005;
D'Mello & Graesser, 2012).
4.3 Ethical Developing privacy- | Privacy concerns must be addressed through minimal data collection,
Frameworks aware Al for emotion | differential privacy techniques, and compliance with legal standards
recognition like GDPR (Dwork & Roth, 2014; Regulation (EU) 2016/679, 2016).
Bias mitigation Bias in Al tools should be minimized through data preprocessing,
strategies in Al-driven | fairness-aware model training, and post-processing adjustments to
educational tools correct disparities (Kamiran & Calders, 2012; Zafar et al., 2017; Hardt
etal., 2016).
Balancing human-Al | Al should complement, not replace, human educators. Institutions
interaction in learning | must integrate Al while maintaining meaningful teacher-student
environments interactions and promoting social-emotional learning (Holmes et al.,
2021).
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5.0 CONCLUSION

5.1 Summary of Key Findings

5.1.1 Overview of Emotional AI’s Role in Enhancing Student Motivation and Retention

Emotional Artificial Intelligence has developed into a modern educational instrument which enables emotional state
evaluation and response to improve student motivation and retention levels. Al analyzes emotional data through facial
expressions, written communication, and physical indicators to modify educational settings for better pupil
requirements, which may lead to academic success (Rodriguez et al., 2020). Research shows Al tools in education
decrease student stress levels, thereby enhancing both their happiness and engagement in educational activities
(Cambra-Fierro et al., 2024). The analysis of student emotional responses in digital learning environments by Al tools
enables better content delivery, enhancing students' motivation and performance (Arguel et al., 2019).

Emotional Al in

Emotional Al: Transforming Education Through Emotion

Motivation
Enhancement

Stress Reduction

Education é[_é] ‘

Engagement
Improvement

Performance
Boost

Figure 1 - Key Findings

5.1.2 Key Challenges and Limitations
The system presents several barriers despite its potential when applied in educational settings.

Privacy and Security Concerns: Implementing an Al system requires substantial student data processing,
leading to data privacy issues regarding security concerns. Al tools must maintain data protection standards to
fulfill one of their primary functional requirements (Barath, 2023).

Potential Bias in Al Algorithms: The biases in training data cause Al models to function in ways that result
in unequal treatment of different student groups. The identification of present biases must be followed by
corrective measures to prevent educational inequalities from worsening (Barath, 2023).

Reduced Human Interaction: An excessive use of Al educational tools could reduce the quality of teacher-
student connections, which would affect students' growth of social and emotional abilities. The combination
of Al integration should be appropriately managed alongside human engagement to preserve a holistic
educational environment (University of Illinois College of Education, 2024).

Technical Limitations: Al systems struggle to grasp complicated human emotions while working with
cultural diversity in the assessment process. The successful operation of Al tools depends on the direct
relationship between their training data and its quantity and quality within different educational institutions
(Imentiv, 2024).
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Al in Education: Challenges and Considerations
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Figure 2 - Challenges and Limitations
A solution to these problems demands a complete method, which involves developing Al systems that respect privacy
standards, deploying bias elimination techniques, and maintaining Al functions as human-driven support systems in
academic spaces.

5.2 Call to Action

5.2.1 Recommendations for Al Developers, Educators, and Policymakers

Artificial intelligence impacts education in two main ways: by generating positive opportunities and by addressing
complex challenges. The following recommendations will assist in properly evaluating Al for beneficial applications.

All Al developers, educators, and policymakers share equal responsibility in achieving responsible integration of Al
in the educational sector. Al developers must prioritize ethical design as the primary concern in development by
integrating ethics into all procedural stages. Al system developers must make tools that create equitable predictions,
maintain clear explanations, and show various ethnic student pictures. Artificial intelligence developers must remove
existing biases from their programming code and dataset information to prevent unfair discrimination of certain
student populations. The protection of student information needs improvement through developers' development of
robust security measures. The combination of data standards that respect compliance and regulatory standards protects
personal information while building user trust.

Educational institutions need teachers to develop their abilities regarding Al utilization to ensure maximum success
from its integration into educational settings. Studying Al technologies with their applications and ethical perspectives
creates student abilities to thrive in an Al-controlled society. Professional educators must comprehensively check Al
tools before integrating them for instructional purposes. Teachers can use integration protocols to verify how well Al
solutions fulfill educational standards and moral principles while detecting discriminatory elements and system
weaknesses in Al systems.

Governments must establish full regulatory systems that establish ethical rules for handling Al applications in
educational environments. Institutional Al resource distribution needs to protect student privacy rights through
administrative policies that define Al decision systems. Educational development programs for teachers should receive
government funding to enable instructors to understand effective ethical Al instruction tool implementation.
Professional education workers can access continuous development programs to learn Al implementation skills while
maintaining traditional instructional methods.
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Government officials must spend the research budget to understand the permanent effects of Al implementation on
student learning outcomes, educational fairness, and their academic progress and personal welfare structure. The
research conclusions will generate fundamental comprehension to establish proper strategies and policies. Multiple
sectors and companies must establish ethical guidelines to determine proper methods for Al technology development
while maintaining human rights protections and ethical standards. Contemporary educational decisions about Al usage
require purposeful involvement from educators who should work parallel to parents, students, and local community
members to establish inclusive recommendations. Businesses that embrace these suggestions will develop learning
systems that defend student safety and uphold ethical parameters.

Responsible Al Integration in Education

Al Developers Q"ﬂ -\ ,- 'E'g:-g Educators

Ethical Design --i i—- Al Training

. 1 1 .
Bias Removal o r- Tool Evaluation

! Integration ‘
Data Security -- in Education ~- Integration Protocols

- Regulatory Systems

- Funding Programs

by B B

~- Research Support

Figure 3 - Recommendations for Al Developers, Educators, and Policymakers

5.3 Conclusion

Educational systems undergo performance adjustments through artificial emotional intelligence systems that identify
emotional artifacts in current scenarios to generate learning solutions which help students grow and stay monitored.
The article verifies the effectiveness of combining intelligent tutoring systems with chatbots and emotion-aware
feedback systems at improving student motivation patterns and relational engagement. Internet-based artificial
intelligence educates emotional indicators from visual signals and natural voice patterns before building customized
therapeutic approaches which foster high attendance rates among at-risk students.

The technical implementation of Emotional Al encounters multiple hurdles because it creates worries about data
protection while uncovering Al-based bias issues and unclear ethical standards of emotional information collection.
The field of Al-enabled emotional detection for education faces few research investigations due to a lack of prolonged
experimental work by scientists. A complete solution requires building privatized Al infrastructure, bias reduction
methods, and human-Al coordination guidelines to address discovered educational problems.
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Educational institutions need Al developers to provide transparent algorithms and their team members must receive
Al system training from policymakers who establish ethical Al deployment standards. The evaluation of the impact

of Al |
system

earning should include specific ethical guidelines and an analysis of Al education interventions for enhanced
performance. Emotional Al needs evidence-based implementation in educational settings to develop learning

areas that achieve academic targets alongside ethical standards.

6.0 REFERENCES

1.

10.

11.
12.

13.

14.

15.

16.

17.

18.

19.

20.

Adams, R. (2025, March 6). The English schools looking to dispel 'doom and gloom' around Al. The Guardian.
httpsy/fwww.theguardian.com/education/2025/mar/06/the-english-schools-looking-to-dispel-doom-and-gloom-around-
ai

Alsaiari, O., Baghaei, N., Lahza, H., Lodge, ]., Boden, M., & Khosravi, H. (2024). Emotionally enriched feedback via
generative Al arXiv preprint arXiv:2410.15077. https,//arxiv.org/abs/2410.15077

Arguel, A., Lockyer, L., Lipp, O. V., Lodge, ]. M., & Kennedy, G. (2019). Inside out: Detecting learners’ confusion to
improve interactive digital learning environments. Journal of Educational Computing Research, 57(3), 664-692.
https.//doi.org/10.1177/0735633116674732

Barrett, L. F., Adolphs, R., Marsella, S., Martinez, A. M., & Pollak, S. D. (2019). Emotional expressions reconsidered:
Challenges to inferring emotion from human facial movements. Psychological Science in the Public Interest, 20(1), 1-68.
https.//doi.org/10.1177/1529100619832930

Bassner, P., Frankford, E., & Krusche, S. (2024). Iris: An Al-driven virtual tutor for computer science education. arXiv
preprint arXiv:2405.08008. https://arxiv.org/abs/2405.08008

Calvo, R. A., & D'Mello, S. (2010). Affect detection: An interdisciplinary review of models, methods, and their
applications. IEEE Transactions on Affective Computing, 1(1), 18-37. https://doi.org/10.1109/T-AFFC.2010.1
Cambra-Fierro, ., Melero-Polo, I., & Vizquez-Carrasco, R. (2024). ChatGPT adoption in academia: Effects on faculty
well-being and student engagement. Journal of Marketing for Higher Education, 34(1), 1-20.
https://doi.org/10.1007/s10639-024-12871-0

Sethi, S.S. and Jain, K. (2024), "Al technologies for social emotional learning: recent research and future directions",
Journal of Research in Innovative Teaching & Learning, Vol. 17 No. 2, pp. 213-225. https://doi.org/10.1108/]RIT-03-
2024-0073

Choksi, K., Chen, H., Joshi, K., Jade, S., Nirjon, S., & Lin, S. (2024). SensEmo: Enabling affective learning through real-
time emotion recognition with smartwatches. arXiv preprint arXiv:2407.09911. https;//arxiv.org/abs/2407.09911
Crawford, K., & Calo, R. (2016). There is a blind spot in Al research. Nature, 538(7625), 311-313.
https://doi.org/10.1038/538311a

Deci, E. L., & Ryan, R. M. (1985). Intrinsic motivation and self-determination in human behavior. Springer.

Deci, E. L., & Ryan, R. M. (2000). The “what” and “why” of goal pursuits: Human needs and the self-determination of
behavior. Psychological Inquiry, 11(4), 227-268. https.//doi.org/10.1207/515327965PLI1104_01

Deckker, D., & Sumanasekara, S. (2025). Al in vocational and technical education: Revolutionizing skill-based learning.
EPRA International Journal of Multidisciplinary Research (IIMR), 11(3), 9. https.//doi.org/10.36713/epra20462
Deckker, D., & Sumanasekara, S. (2025). The role of artificial intelligence in education: Transforming learning and
teaching. EPRA International Journal of Research and Development (IJRD), 10(3), 5.
https.//doi.org/10.36713/epra20429

D'Mello, S. K., & Graesser, A. C. (2012). AutoTutor and affective computing: Enhancing human learning with
intelligent tutoring systems. In S. D'Mello, A. Graesser, B. Schuller, & J. C. Martin (Eds.), Affective computing and
intelligent interaction (pp. 178-187). Springer. https;//doi.org/10.1145/2395123.239512

D'Mello, S. K., Olney, A., Williams, C., & Hays, P. (2012). Gaze tutor: A gaze-reactive intelligent tutoring system.
International Journal of Human-Computer Studies, 70(5), 377-398. https://doi.org/10.1016/].ijhcs.2012.01.004
Doroudi, S. (2023). The intertwined histories of artificial intelligence and education. International Journal of Artificial
Intelligence in Education, 33(2). https://doi.org/10.1007/540593-022-00313-2

Dwork, C., & Roth, A. (2014). The algorithmic foundations of differential privacy. Foundations and Trends® in
Theoretical Computer Science, 9(3-4), 211-407. https.//doi.org/10.1561/0400000042

Fernindez-Herrero, |., Sanchez-Santamaria, ., & Martinez-Abad, F. (2023). The first steps for adapting an artificial
intelligence emotion recognition system to educational contexts: A case study. British Journal of Educational Technology,
54(2), 533-550. httpsy//doi.org/10.1111/bjet.13326

Gocen, A., & Aydemir, F. (2020). Artificial intelligence in education and schools. Research on Education and Media,
12(1), 13-21. https.//doi.org/10.2478/rem-2020-0003

€ 2025 EPRA JGEL | https:/eprajournals.com/ | Journal DOI URL: https:/doi.org/10.36713/epra0003 48


https://www.theguardian.com/education/2025/mar/06/the-english-schools-looking-to-dispel-doom-and-gloom-around-ai
https://www.theguardian.com/education/2025/mar/06/the-english-schools-looking-to-dispel-doom-and-gloom-around-ai
https://arxiv.org/abs/2410.15077
https://doi.org/10.1177/0735633116674732
https://arxiv.org/abs/2405.08008
https://doi.org/10.1007/s10639-024-12871-0
https://www.emerald.com/insight/publication/issn/2397-7604
https://doi.org/10.1108/JRIT-03-2024-0073
https://doi.org/10.1108/JRIT-03-2024-0073
https://arxiv.org/abs/2407.09911
https://doi.org/10.1207/S15327965PLI1104_01
https://doi.org/10.36713/epra20462
https://doi.org/10.36713/epra20429
https://doi.org/10.1145/2395123.2395128
https://doi.org/10.1016/j.ijhcs.2012.01.004
https://doi.org/10.1007/s40593-022-00313-2
https://doi.org/10.1561/0400000042
https://doi.org/10.1111/bjet.13326

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

SJIF Impact Factor (2025): 8.574 Journal DOI: 10.36713/epra0003 ISSN: 2250 - 2017

International Journal of Global Economic Light (JGEL)
Volume: 11 | Issue: 3 | March 2025

Graesser, A. C., Lu, S., Jackson, G. T., Mitchell, H., Ventura, M., Olney, A., & Louwerse, M. M. (2004). AutoTutor: A
tutor with dialogue in natural language. Behavior Research Methods, Instruments, & Computers, 36(2), 180-193.
https://doi.org/10.3758/BF03195563

Hardt, M., Price, E., & Srebro, N. (2016). Equality of opportunity in supervised learning. In Advances in neural
information processing systems (pp. 3315-3323).

Henze, ., Bresges, A., & Becker-Genschow, S. (2024). Al-supported data analysis boosts student motivation and reduces
stress in physics education. arXiv preprint arXiv:2412.20951. httpsy//arxiv.org/abs/2412.20951

Holmes, W., Bialik, M., & Fadel, C. (2021). Artificial intelligence in education: Promises and implications for teaching
and learning. Center for Curriculum Redesign.

Essel, H.B., Vlachopoulos, D., Tachie-Menson, A. et al. The impact of a virtual teaching assistant (chatbot) on students'
learning in Ghanaian higher education. Int | Educ Technol High Educ 19, 57 (2022). https.//doi.org/10.1186/541239-
022-00362-6

Imentiv. (2024, January 10). Understanding Emotion Al: Applications, benefits, and limitations. Imentiv Blog.
https;/fimentiv.ai/blog/understanding-emotion-ai-applications-benefits-and-limitations/

Iyer, S. S. (2024). Key drivers of artificial intelligence influencing student retention in UAE higher education. Biomedical
Journal of Scientific & Technical Research, 59(1). httpsy//doi.org/10.26717/BJSTR.2024.59.009246

Kalyuga, S. (2007). Expertise reversal effect and its implications for learner-tailored instruction. Educational Psychology
Review, 19(4), 509-539. https://doi.org/10.1007/510648-007-9054-3

Kamiran, F., & Calders, T. (2012). Data preprocessing techniques for classification without discrimination. Knowledge
and Information Systems, 33(1), 1-33. https.//doi.org/10.1007/s10115-011-0463-8

Kulik, J. A., & Fletcher, ]. D. (2016). Effectiveness of intelligent tutoring systems: A meta-analytic review. Review of
Educational Research, 86(1), 42-78. https;//doi.org/10.3102/0034654315581420

Okonkwo, C. W., & Ade-Ibijola, A. (2021). Chatbots applications in education: A systematic review. Computers and
Education: Artificial Intelligence, 2, 100033. https://doi.org/10.1016/j.caeai.2021.100033

Picard, R. W. (1997). Affective computing. MIT Press.

Regulation (EU) 2016/679 of the European Parliament and of the Council of 27 April 2016 on the protection of natural
persons with regard to the processing of personal data and on the free movement of such data (General Data Protection
Regulation). (2016). Official Journal of the European Union, L119, 1-88.

Roda-Segarra, |., de-la-Pefia, C., & Mengual-Andrés, S. (2024). Effectiveness of artificial intelligence models for
predicting school dropout: A meta-analysis. Multidisciplinary Journal of Educational Research, 14(1), 1-25.
https://doi.org/10.17583/remie.13342

Rodriguez, P., Ortigosa, A., & Carro, R. M. (2020). Detecting students’ emotional states in online learning
environments. Computers & Education, 151, 103871. https;//doi.org/10.1504/IJCEELL.2014.060156

Rojas Vistorte, A. O., Deroncele-Acosta, A., Martin Ayala, ]. L., Barrasa, A., Lopez-Granero, C., & Marti-Gonzilez, M.
(2024). Integrating artificial intelligence to assess emotions in learning environments: A systematic literature review.
Frontiers in Psychology, 15, 1387089. https.//doi.org/10.3389/fpsyg.2024.1387089

Ryan, R. M., & Deci, E. L. (2000). Self-determination theory and the facilitation of intrinsic motivation, social
development, and well-being. American Psychologist, 55(1), 68-78. https.//doi.org/10.1037/0003-066X.55.1.68

Seo, E.-Y., Yang, |, Lee, ].-E., & So, G. (2024). Predictive modelling of student dropout risk: Practical insights from a
South Korean distance university. Heliyon, 10(11), e30960. https://doi.org/10.1016/j.heliyon.2024.e30960

Sweller, ]. (1988). Cognitive load during problem solving: Effects on learning. Cognitive Science, 12(2), 257-285.
https://doi.org/10.1207/515516709c0g1202_4

Tinto, V. (2017). Through the eyes of students. Journal of College Student Retention: Research, Theory & Practice, 19(3),
254-269. https://doi.org/10.1177/1521025115621917

U.S. Department of Education, Office of Educational Technology. (2023). Artificial intelligence and the future of
teaching and learning: Insights and recommendations. httpsy//www.ed.gov/sites/ed/files/documents/ai-report/ai-
report.pdf

University of Illinois College of Education. (2024, October 24). Al in schools: Pros and cons. University of Illinois
College of Education News. https://education.illinois.edu/about/news-events/news/article/2024/10/24/ai-in-schools--
pros-and-cons

Williams, R., Ahmed, S., & Isbell, ]. (2021). Al ethics in education: A systematic review of ethical concerns in artificial
intelligence applications for student learning. Computers & Education, 167, 104193. https.://doi.org/10.21203/rs.3.rs-
4370610/v1

Salloum, S. A., Alomari, K. M., Alfaisal, A. M., et al. (2025). Emotion recognition for enhanced learning: Using Al to
detect students” emotions and adjust teaching methods. Smart Learning Environments, 12, 21.
https.//doi.org/10.1186/540561-025-00374-5

Xie, H., Liu, W., Bhairamadgi, N. S., & Hwang, G. ]. (2019). Effects of learning styles on students' engagement in an
interactive adaptive learning system. Interactive Learning Environments, 27(3), 389-401.

€ 2025 EPRA JGEL | https:/eprajournals.com/ | Journal DOI URL: https:/doi.org/10.36713/epra0003 49


https://doi.org/10.3758/BF03195563
https://arxiv.org/abs/2412.20951
https://doi.org/10.1186/s41239-022-00362-6
https://doi.org/10.1186/s41239-022-00362-6
https://imentiv.ai/blog/understanding-emotion-ai-applications-benefits-and-limitations/
https://doi.org/10.26717/BJSTR.2024.59.009246
https://doi.org/10.1007/s10648-007-9054-3
https://doi.org/10.1007/s10115-011-0463-8
https://doi.org/10.3102/0034654315581420
https://doi.org/10.1016/j.caeai.2021.100033
file:///C:/Users/USER/Downloads/.%20https:/doi.org/10.17583/remie.13342
file:///C:/Users/USER/Downloads/.%20https:/doi.org/10.17583/remie.13342
http://dx.doi.org/10.1504/IJCEELL.2014.060156
https://doi.org/10.3389/fpsyg.2024.1387089
https://doi.org/10.1037/0003-066X.55.1.68
https://doi.org/10.1016/j.heliyon.2024.e30960
https://doi.org/10.1177/1521025115621917
https://www.ed.gov/sites/ed/files/documents/ai-report/ai-report.pdf
https://www.ed.gov/sites/ed/files/documents/ai-report/ai-report.pdf
https://education.illinois.edu/about/news-events/news/article/2024/10/24/ai-in-schools--pros-and-cons
https://education.illinois.edu/about/news-events/news/article/2024/10/24/ai-in-schools--pros-and-cons
http://dx.doi.org/10.21203/rs.3.rs-4370610/v1
http://dx.doi.org/10.21203/rs.3.rs-4370610/v1
https://doi.org/10.1186/s40561-025-00374-5

46.

47.

48.

49.

50.

51.

SJIF Impact Factor (2025): 8.574 Journal DOI: 10.36713/epra0003 ISSN: 2250 - 2017

International Journal of Global Economic Light (JGEL)
Volume: 11 | Issue: 3 | March 2025

https.//doi.org/10.1080/10494820.2018.1470983

Yanu, M. (2024). Emotion recognition for improving online learning environments: A systematic review of the
literature. ]. Electrical Systems, 20(4s), 1860-1873.

Zafar, M. B., Valera, I., Rodriguez, M. G., & Gummadi, K. P. (2017). Fairness beyond disparate treatment & disparate
impact: Learning classification without disparate mistreatment. In Proceedings of the 26th International Conference on
World Wide Web (pp. 1171-1180). https.//doi.org/10.1145/3038912.3052660

Zawacki-Richter, O., Marin, V. I, Bond, M., & Gouverneur, F. (2023). Systematic review of research on artificial
intelligence applications in higher education - where are the educators? International Journal of Educational Technology
in Higher Education, 20(1), 1-27. https;//doi.org/10.1186/541239-019-0171-0

Zembylas, M. (2006). Witnessing in the classroom: The ethics and politics of affect. Educational Theory, 56(3), 305-324.
https.//doi.org/10.1111/j.1741-5446.2006.00228.x

Lin, H, & Chen, Q. (2024). Artificial intelligence (Al)-integrated educational applications and college students’
creativity and academic emotions: Students’ and teachers’ perceptions and attitudes. BMC Psychology, 12, 487.
https.//doi.org/10.1186/540359-024-01979-0

Zhao, Y., & Otteson, A. (2024). Al-driven strategies for reducing student withdrawal: A study of EMU student stopout.
arXiv preprint arXiv:2408.02598. https.//doi.org/10.48550/arXiv.2408.02598

€ 2025 EPRA JGEL | httpsy/eprajournals.com/ | Journal DOI URL: https:/doi.org/10.36713/epra0003 50


https://doi.org/10.1080/10494820.2018.1470983
https://doi.org/10.1145/3038912.3052660
https://doi.org/10.1186/s41239-019-0171-0
https://doi.org/10.1111/j.1741-5446.2006.00228.x
https://doi.org/10.1186/s40359-024-01979-0
https://doi.org/10.48550/arXiv.2408.02598

