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EXECUTIVE SUMMARY

Online learning has become fundamental to modern academic and professional
development. Amidst its widespread adoption, there is increasing integration of
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artificial intelligence (Al) to enhance the learning experience. Understanding stu-
dent engagement within these Al-powered digital platforms is crucial, as it directly
influences learning outcomes and satisfaction. This chapter provides a narrative
review of key theories and models essential for analyzing engagement in virtual
learning contexts. Particularly, it focuses on constructivist learning theory, social
learning theory, cognitive load theory, flow theory, technology acceptance model,
self-determination theory, cognitive theory of multimedia learning, and feedback
intervention theory. By examining these frameworks through an epistemological
lens, the chapter explores how knowledge acquisition, cognitive processing, and
social learning principles interact within Al-enhanced educational contexts. The
insights reported here can serve as a guide for optimizing Al to maximize student
involvement and educational efficacy.

INTRODUCTION

The educational landscape has been undergoing extensive transformations. Due
to recent and constant disruptions to physical classes, online learning is emerging as
a dominant mode of instructional delivery. The COVID-19 pandemic, in particular,
accelerated the shift toward digital education (Bozkurt et al., 2022; Ofosu-Ampong
et al., 2024). This change compelled institutions worldwide to adapt quickly to
emergency remote teaching and learning methods. This transition highlighted the
flexibility and accessibility of online learning, making it an attractive option for
students and educators alike (Betthduser et al., 2023). With technological advance-
ments and increasing internet accessibility, online learning has evolved from a
supplementary tool to a primary mode of education delivery. It has democratized
education by providing opportunities for learners from diverse geographical locations
and backgrounds, allowing them to access high-quality educational resources and
instruction without the constraints of time and place. Consequently, online learning
has not only become more prevalent but also more sophisticated, incorporating a
range of interactive and personalized learning experiences (Iyer et al., 2022).

In online learning, student engagement is one of the critical factors for deter-
mining the effectiveness of the educational experience (Aliyu et al., 2022). Student
engagement refers to the level of interest, curiosity, and participation that students
exhibit in the learning process. It encompasses emotional, behavioral, and cogni-
tive dimensions, influencing how students interact with the course content, their
peers, and instructors (Reschly & Christenson, 2012). Engaged students are more
likely to retain information, perform better academically, and develop essential
skills such as critical thinking and problem-solving (Bond et al., 2020; Li & Xue,
2023). Fostering engagement in online learning contexts is particularly important



due to the lack of physical presence, face-to-face interaction, and the natural social
cues inherent in traditional classroom settings. Without these elements, students
may feel isolated or disconnected, which can hinder their motivation and learning
outcomes. However, implementing well-designed strategies (e.g., interactive multi-
media, real-time feedback, collaborative projects, and personalized learning paths)
can significantly enhance student engagement and mitigate some of the challenges
of online learning (Garcia & Yousef, 2022; Shively & Sydnor, 2023; Yousef et al.,
2023). By actively involving students in their learning journey, online education can
create a more immersive and effective learning environment. These engagement-
focused strategies help online learning become not only a viable but a potentially
transformative educational experience.

In recent years, artificial intelligence (AI) has seen rapid advancements and its
integration into online learning has opened up new opportunities for enhancing
the educational experience (Garcia, Arif, et al., 2024; Lobo, 2023; Tavares et al.,
2023). These developments have been particularly accelerated by the emergence of
generative Al (Bozkurt & Sharma, 2024). For instance, Al can personalize learning
experiences by analyzing student data to provide tailored content, instant feedback,
and adaptive assessments that meet individual learning needs. Additionally, Al-
driven tools such as ChatGPT can facilitate more interactive and engaging learning
environments by enabling virtual tutoring, answering student queries in real-time,
and offering simulations and immersive experiences that deepen understanding.
The integration of Al in online learning presents a significant opportunity to boost
student engagement. Al can be used to foster dynamic and interactive learning expe-
riences that keep students motivated and invested in their education. By leveraging
Al, educators can design learning activities that are not only informative but also
engaging, encouraging active participation and continuous interaction. However,
while the potential benefits of Al in enhancing student engagement are promising,
there is aneed for more comprehensive studies to understand its full impact. Research
is essential to explore the best practices for implementing Al in online learning and
to address any challenges related to equity, ethics, and effectiveness. By studying the
role and impact of Al-driven online learning in student engagement, educators and
policymakers can better harness its capabilities to improve educational outcomes
and create a more engaging learning environment.

Main Focus of the Chapter

Understanding student engagement is a pivotal aspect of educational research
as it significantly influences academic outcomes and the overall effectiveness of
learning environments across all levels (Aliyu et al., 2022). Engagement in edu-
cational settings is multifaceted, involving cognitive, emotional, and behavioral



components that collectively contribute to successful learning experiences. With
numerous theoretical frameworks available, selecting the most appropriate one is
crucial for effectively analyzing and enhancing student engagement. This chapter
aims to dissect common theoretical frameworks employed in educational studies
that may be used to understand how Al tools like ChatGPT can enhance student
engagement. The significance of this chapter extends beyond theoretical exploration
as it has practical implications for designing Al-powered educational tools that
are both engaging and effective. By providing empirical insights into how Al can
enhance key aspects of student engagement, the study contributes to the ongoing
development of more adaptive, responsive, and inclusive educational environments.
Furthermore, this chapter aims to inform policymakers and educational technologists
about the optimal integration of Al across educational levels, ensuring that these
technologies are used to their fullest potential to enhance both teaching and learn-
ing processes. This contribution is essential for advancing the field of educational
technology and for supporting sustained student engagement in an increasingly
digital learning landscape.

Al AND CHATGPT INTEGRATION IN EDUCATION
Introduction to Al Integration in Education

Integrating Al into the educational landscape represents a transformative shift
in pedagogical methodologies and the administration of educational institutions
(Ikedinachi et al., 2019; Rosak-Szyrocka, 2024). Al refers to the simulation of
human intelligence processes by machines, especially computer systems, which
include learning, reasoning, and self-correction. The purpose of Al in this context
is to enhance educational outcomes and streamline both teaching and administra-
tive processes (Okewu et al., 2021). Educational Al can adapt to various learning
environments, accommodating individual learning styles and needs by analyzing
data points related to student performance and engagement (Akavova et al., 2023;
Arifetal., 2024). This adaptive learning technology not only supports personalized
education but also empowers teachers by providing them with actionable insights.
For instance, Al systems can identify patterns and trends in student data that are
not immediately obvious, enabling educators to tailor their teaching strategies to
individual students' needs and psychological traits more effectively (Sidekerskiené
etal.,2021). Al's impact on education extends beyond personalized learning. It au-
tomates administrative tasks such as grading and scheduling, thus freeing educators
to focus more on teaching and less on bureaucratic tasks. Al also facilitates scalable
educational practices that can reach a wider audience with consistent quality. For



example, Al-driven platforms can deliver instructional content to remote or under-
served populations, breaking down geographical and socio-economic barriers to
education (Iyer et al., 2022). The scope of Al's application in education is vast and
varied, involving stakeholders at all levels, from policymakers and educators to
students and parents. As Al continues to evolve, its role in education is expected to
expand, driving innovations that could redefine traditional educational paradigms.

Roles of Al in Education

The deployment of Al in education has several pivotal roles that collectively aim
to enhance the efficacy and accessibility of learning. One of the primary roles of Al
ineducationisto facilitate personalized learning experiences. Al systems achieve this
by analyzing vast amounts of data regarding individual student behaviors, learning
patterns, and academic performance. These systems can tailor educational content
by leveraging algorithms to match each student's unique needs and learning speeds.
This individualized approach helps to maximize student engagement and retention
rates, addressing the diverse learning styles and capacities present in any educational
environment (Valderama et al., 2022). Al also plays a role in automating routine
tasks that traditionally consume significant amounts of educators' time and energy.
For example, VD-CAI (Garcia & Garcia, 2023), an intelligent tutoring system, pro-
vides personalized learning guidance in nutrition education. Furthermore, Al-driven
tools can assist in creating and managing schedules, coordinating resources, and
maintaining records, thus reducing administrative burdens and allowing educators
to devote more time to direct student interaction and instruction (George & Wooden,
2023). Another role of Al is its function as a tutoring and support tool. Al tutors
can support students by offering explanations, supplementary lessons, and practice
exercises, which help reinforce learning outside the traditional classroom setting.
Al also contributes to data-driven decision-making in educational institutions. By
analyzing data on student performance, attendance, and even social-emotional factors,
Altools can help educators and administrators make informed decisions thatimprove
educational outcomes. These systems can identify at-risk students, suggest areas
where resources are needed, and even predict future trends in student performance
(Waheed et al., 2020). As Al technology evolves, its roles in education bring about
more changes to educational systems worldwide. These developments promise to
enhance how education is delivered and managed and democratize access to quality
education, making it more inclusive and equitable, thus contributing to the UN’s
Sustainable Development Goals (SDGs).



Capabilities of ChatGPT in Education

ChatGPT, a variant of the Generative Pre-trained Transformer models developed
by OpenAl, exemplifies the integration of advanced Al in educational contexts. This
tool is designed to understand and generate human-like text based on user input.
The capabilities of ChatGPT in education are manifold and cater to various aspects
of the learning experience. One of the fundamental capabilities of ChatGPT is its
role in interactive learning. Through natural language processing (NLP), ChatGPT
can engage with students in a conversational manner (Garcia, 2023a). This feature
allows ChatGPT to serve effectively as a virtual tutor, providing explanations,
guiding through problem-solving steps, and answering real-time questions. Such
interactions can make learning more engaging for students, particularly in remote
or asynchronous learning scenarios where direct human interaction is limited (Chen
et al., 2023). Its advanced text generation capability may also assist in curriculum
development and content creation. For instance, it can generate reading comprehen-
sion exercises, create practice test questions, or even simulate historical dialogues
for social studies classes. This approach can significantly reduce the time educators
spend on content creation, allowing them to focus more on pedagogy and student
engagement (Yadav etal., 2023). The integration of ChatGPT with other educational
software and platforms further expands its capabilities. For instance, embedding
ChatGPT in learning management systems (LMS) can streamline communication
between students and educators, facilitate the feedback automation of assignments,
and personalize study resources for individual learners based on their progress and
performance. Such integration enhances the scalability of personalized education, as
demonstrated by the potential of ChatGPT to serve as a virtual assistant in various
educational settings (Ibrahim et al., 2023). As Al continues to evolve and become
more sophisticated, its impact on educational practices is expected to grow, offering
a broader audience more advanced, efficient, and tailored educational experiences.

Current Practices and Advancements in Al and ChatGPT

Applying Al tools in education has led to innovative practices across various
educational landscapes (Miller et al., 2025; Wang et al., 2024). One of the prom-
inent approaches is the utilization of Al for personalized learning experiences.
Educational institutions increasingly adopt Al-driven platforms that analyze student
data to adapt curriculum pacing, content complexity, and learning styles tailored
to individual needs. These systems adjust in real-time, providing students with a
personalized learning trajectory that optimizes their understanding and retention of
knowledge. For example, Al systems are being used to identify learning gaps and
automatically suggest targeted educational resources and activities to address these



deficiencies. This transformation is supported by research showing how Al can en-
hance e-learning modules and the development of Al-powered virtual tutors while
also addressing the ethical challenges these technologies may bring. Additionally,
integrating adaptive learning technologies with Al algorithms is revolutionizing
traditional teaching methods by personalizing and enhancing the learning experience
for students (Akavova et al., 2023). These advancements are paving the way for
more effective and personalized educational environments, highlighting the broad
impact of Al in reshaping how educational content is delivered and interacted with.
ChatGPT has also been instrumental in advancing the role of Al as a facilitator of
interactive and accessible education beyond traditional practices (Damasevicius,
2023). Universities and online course providers are employing ChatGPT to create
virtual teaching assistants. These Al assistants handle student queries, provide ex-
planations for complex topics, and even manage administrative tasks like grading
assignments and scheduling feedback sessions. Integrating Al and ChatGPT into
educational systems has also sparked advancements in data-driven decision-making
(Okewu etal., 2021). Educational administrators are utilizing Al to analyze patterns
and trends from large datasets of student performance, enabling informed decisions
thatenhance educational outcomes and operational efficiency. One example includes
using predictive analytics to forecast student success rates and identify potential
dropouts with ease (Shoaib et al., 2024).

REVIEW OF THEORETICAL FRAMEWORKS
Constructivist Learning Theory

As an educational philosophy, constructivism suggests that learners create their
own knowledge through experiences and reflection (Bruner, 1996; Piaget, 1997;
Vygotsky, 1978). Learners integrate new information with existing knowledge, al-
tering or reinforcing their existing frameworks (Seraji & Musavi, 2023). This theory
advocates for the view that individuals are not merely passive recipients of informa-
tion but active participants in constructing their own understanding (Cooperstein &
Kocevar-Weidinger, 2004). From an educational practice standpoint, constructivism
influences teaching methodologies by highlighting the proactive role of learners in
shaping their educational journey and interpreting information (Liu & Matthews,
2005). This approach promotes engaging students in problem-solving tasks, inquiry-
based activities, and discussions, enabling them to apply known concepts to new
scenarios and thus deepening their understanding (Porcaro, 2011). Al can leverage
algorithms to provide personalized feedback, effectively adapting to each student's
unique learning needs and prior knowledge (Garcia, 2023b; Lin et al., 2023). This



transformative capability enables a shift from one-size-fits-all education models to
highly individualized learning experiences.

Maier and Klotz (2022) discussed the effectiveness of personalized feedback
mechanisms within digital learning environments. They outline how adaptive
feedback can dynamically respond to student interactions, tailoring instructional
content to optimize learning outcomes. Similarly, Chang et al. (2023) emphasized
that Al-driven chatbots supporting self-regulated learning can foster a personalized
educational journey. These chatbots engage students in real-time dialogue, akin to a
one-on-one tutoring session. This interaction allows chatbots to provide immediate
feedback based on the student's responses, helping to assess their understanding
and tailor the educational content accordingly. The concept of real-time feedback is
central to the effectiveness of chatbots in education. Prior research underscores how
such immediate feedback can support self-regulated learning, enabling students to
monitor their progress and adjust their learning strategies effectively (Chang et al.,
2023). These systems adapt to learner input, assist in goal setting, and align edu-
cational materials with learner needs. Implementing Al also facilitates the linkage
of new knowledge with what students already know. For instance, Bhutoria (2022)
reviewed personalized education applications in the U.S., China, and India, noting
that Al's predictive analytics are crucial for developing personalized learning path-
ways that encourage a deeper connection with existing knowledge bases. Kochmar
et al. (2020) also demonstrated that automated personalized feedback systems in
intelligent tutoring scenarios enhance student learning outcomes and engage stu-
dents more deeply by providing timely, relevant feedback that resonates with their
existing knowledge and learning objectives. Through these examples, Al algorithms
are pivotal in creating adaptive learning environments that personalize education.

Al Integration: Using a constructivist approach, Al-driven virtual tutors can
provide students with personalized learning experiences based on students’
prior knowledge and skills. Adaptive learning platforms, for example, can
present tailored challenges and scaffold instruction to support the construction
of new knowledge.

Practical Example: An Al tutor assesses a student's current understanding
of a math concept and provides customized problems that progressively build
on their knowledge while offering useful hints and feedback along the way
(Lenat & Durlach, 2014).



Social Learning Theory

Social learning theory, developed by Albert Bandura (1969), emphasizes that
learning in school occurs through direct instruction, observation, imitation, and
modeling. This theory highlights the interplay between cognitive, behavioral, and
environmental influences, stressing the role of observed behavior in the educational
process. It also elaborates on how students learn behaviors, skills, and attitudes by
observing their peers, teachers, and other influential figures within the school en-
vironment. It was suggested that students are more likely to emulate behaviors that
lead to positive outcomes, thereby underscoring the importance of providing positive
role models in educational settings (Horsburgh & Ippolito, 2018). Learners adopt
new behaviors that are modeled on them by observing and regulating their incentive
systems, namely, changing perspectives of potential outcomes when observing benefits
to others (Bandura, 2001). Students learn social norms and behaviors appropriate
to their culture and societal expectations through imitation. This aspect of learning
is crucial during early educational experiences and continues to be important as
students advance through different educational levels. Imitation helps inculcate
values, etiquette, and the interpersonal skills necessary for successful interaction
within a school environment and beyond. It also supports cognitive development by
encouraging students to think critically and solve problems as others have modeled,
including academic tasks and strategies for learning, such as note-taking, organizing
information, and critical thinking. These cognitive skills are essential for academic
success and lifelong learning.

Altools such as ChatGPT can simulate social interactions through conversational
interfaces (Garcia, 2023b), allowing students to engage in dialogues that mimic peer
interactions, thus enhancing learning through discussion and exchanging ideas. For
example, web-based learning environments can utilize Al to model educational
behaviors and interactions, enhancing student engagement and fostering a deeper
understanding of the material through observed behaviors. In such settings, Al
can function as both a facilitator and a learner—modeling appropriate educational
behaviors and adapting to the varying pedagogical needs of students, thus fostering
a more engaging and personalized learning experience. Al can tailor educational
experiences to individual learners by analyzing their previous interactions and pre-
dicting what types of observation may lead to positive learning outcomes. Through
adaptive learning systems, Al can present personalized examples and role-modeling
behaviors from which learners can draw vicarious lessons. This customization en-
hances engagement and relevance, which are critical for effective learning. Al can
generate sophisticated simulations and virtual environments that allow students to
observe and imitate complex processes and behaviors. These simulations are inte-
grated into educational settings to enhance both technical and non-technical skill



acquisition (Komasawa & Yokohira, 2023), allowing students to experience realistic
scenarios that may be difficult or impossible to replicate in a traditional classroom,
providing a deep understanding of the subject matter through immersive learning
experiences. Additionally, according to Jung et al. (2020) and Kuhail et al. (2023),
Al chatbots can simulate the social dynamics of human interaction, enhancing the
learning experience through simulated social learning environments and engaging
students in meaningful dialogues akin to those between peers, making the educational
process more dynamic and closely mirroring the interactive nuances of peer learning.

Al Integration: Al can facilitate social learning through virtual collaboration
tools and intelligent agents that promote interaction and peer learning.
Practical Example: Students participate in virtual group projects while using
Al tools that strengthens communication, collaboration, and peer feedback,
thus mimicking the social learning process in a digital environment (Lee et
al., 2024).

Cognitive Load Theory

Cognitive Load Theory (CLT) has emerged as a crucial theoretical paradigm for
understanding how students absorb information in classroom environments (Paas
& Ayres, 2014). By controlling the cognitive demands made on learners, CLT of-
fers insights into creating more successful learning experiences, especially when
combined with Al technologies (Rosak-Szyrocka et al., 2023). According to CLT
(Sweller, 1988), instructional designs must match the human cognitive architecture
for effective learning to occur. Cognitive load is divided into three categories: (1)
intrinsic load, which is the intrinsic challenge of the subject matter, where complex
sciences like quantum physics naturally require greater mental capacity than simpler
subjects; (2) extraneous load, which refers to the cognitive burden introduced by
the method in which knowledge is imparted to students, where a poor instructional
design may increase the unnecessary load, impeding learning by making information
retrieval and processing more challenging; and (3) germane load, which pertains
to the mental effort focused on constructing information and forming significant
connections, with effective instructional design enhancing germane load to promote
understanding and deep learning.

Adapting to these cognitive demands becomes both challenging and advantageous
inonline learning environments. Al can tailor the complexity of content to ensure that
the intrinsic load corresponds to the learner's current capability level. This feature
optimizes the degree of difficulty to prevent learner overload (Ko¢-Januchta et al.,
2022). Al-powered systems, such as ChatGPT, can dynamically adjust the presen-
tation of information to minimize unnecessary cognitive strain. These systems can
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also enhance participation through interactive education, where Al tools encourage
learners to think critically and delve deeply into subjects (Wang et al., 2024). In
online settings devoid of traditional classroom dynamics, engagement becomes
crucial. Personalization by Al tailors learning experiences to individual students by
adjusting task difficulty and making resource recommendations based on individual
performance. Moreover, Al-generated immediate feedback helps students identify
and correct errors, strengthening their learning paths and enhancing retention (Es-
calante et al., 2023). Integrating various media forms—text, video, and interactive
simulations—can cater to different learning styles and distribute the cognitive load
more evenly. While incorporating Al in online learning offers significant benefits,
challenges such as diverse educational needs and potential accessibility issues must
be considered when designing Al-driven learning systems. Future developments
in Al should aim to enhance cognitive load management, making learning more
personalized and efficient.

Al Integration: Al systems can manage the cognitive load by presenting
information that minimizes overload (e.g., by chunking content and using
multimodal presentations).

Practical Example: An Al-assisted game-based learning platform breaks
down complex science topics into manageable segments and uses multimedia
elements to enhance understanding without overwhelming the learner (Chen
& Chang, 2024).

Flow Theory

Mihaly Csikszentmihalyi's (2009) flow theory describes the state of complete
immersion and satisfaction in activities that properly challenge one's abilities (Heutte
et al., 2021). Often referred to as being “in the zone,” this theory can be advan-
tageously applied in the context of education, especially to create immersive and
productive learning environments for online learning, enhanced by Al technologies
such as ChatGPT (Shahzad et al., 2024). The theory posits that the state of flow is
attained when there is a perfect equilibrium between the difficulty of a task and the
individual's skill level, leading to maximum engagement and productivity. The key
elements constituting flow include adeep, concentrated focus on the present moment,
amerging of action and awareness where one's actions seem almost effortless, a loss
of self-consciousness, a profound sense of personal control over the task at hand, an
altered perception of time—either slowing down or speeding up—and experiencing
the activity as intrinsically rewarding, often referred to as the autotelic experience.
These elements enhance individual performance and provide a powerful framework
for understanding how students engage and succeed in digital learning scenarios.
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This theoretical approach helps educators and developers design instructional strat-
egies that align well with learners' psychological needs and cognitive capacities.

Due to its intrinsic isolation and frequent interruptions, online learning presents
unique challenges in achieving flow. However, integrating Al technologies can sig-
nificantly enhance the capacity for flow by customizing learning experiences and
reducing engagement barriers (Ikedinachi et al., 2019). Al can dynamically adjust
the complexity of tasks based on the learner's performance to ensure that challenges
are neither too simple nor too daunting. Quick feedback, essential for maintaining
flow, can be provided by Al-enhanced platforms to allow learners make timely
adjustments and sustain interest (Wang et al., 2024). Additionally, these tools can
simulate a social learning environment through conversational exchanges that can
increase students' sense of connectedness and immersion in the material (Zhai &
Wibowo, 2023). Strategic implementations such as adaptive learning systems can
track students' progress and adjust tasks accordingly. Gamification elements like
badges, levels, and points can be personalized using Al to fit different learners'
needs, potentially guiding them into flow states (Mustafa et al., 2022). Moreover,
interactive and adaptive tools facilitate a responsive learning environment that en-
courages students to engage deeply with challenging content and explore new ideas
dynamically. While applying flow theory to Al-driven education offers potential
benefits, careful consideration is necessary to ensure that difficulty adjustments are
appropriately aligned with the learner's evolving capabilities and that Al interactions
remain engaging and natural.

Al Integration: Al can help maintain an optimal balance between challenge
and skill level, keeping students in a state of flow and enhancing engagement
and motivation.

Practical Example: An Al learning environment that implements automatic
difficulty adaptation of tasks in real-time by profiling students based on their
performance, ensuring they remain challenged but not frustrated (Chiu et al.,
2023).

Technology Acceptance Model

The Technology Acceptance Model (TAM), introduced by Davis (1989), posits
that two primary factors determine the acceptance and use of technology: perceived
usefulness (PU) and perceived ease of use (PEOU). PU is defined as the degree
to which a person believes that using a particular system would enhance their job
performance, while PEOU refers to the extent to which a person believes that using
the system would be free of effort (Mustafa & Garcia, 2021). Al in educational
tools must adhere to the principles of TAM to maximize engagement. For instance,
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designing Al interfaces should prioritize user-friendliness and clearly demonstrate
the technology's benefits. The interface must be intuitive, ensuring students can
navigate and use the tool without extensive training or support. Additionally, the
practical benefits of using ChatGPT, such as personalized feedback, immediate
responses to queries, and adaptive learning paths, should be clearly communicated
to students. This approach aligns with Venkatesh and Davis (2000), who expanded
TAM by emphasizing that PU and PEOU significantly influence users' attitudes
towards technology, thereby affecting their intention to use and actual usage behavior.

One of the advantages of Al is the ability to provide personalized learning expe-
riences. Al algorithms can analyze students' interactions, identify their strengths and
weaknesses, and tailor content to meet their needs. This personalization enhances PU
by demonstrating that the technology can significantly improve learning outcomes.
Crompton and Burke (2023) highlighted that AI-powered personalized learning sig-
nificantly enhances student engagement and academic performance. By dynamically
adapting content to match individual learning styles and pacing, Al ensures that
students remain actively engaged and motivated throughout their learning journey.
Immediate feedback is another critical component of effective learning that Al can
provide. ChatGPT can offer instant responses to students' queries, helping them
understand concepts and correct mistakes promptly. This immediate feedback loop
enhances PU by showing that the tool can facilitate quicker learning and mastery of
subjects. According to Boud and Molloy (2013), timely feedback is key to effective
learning and can significantly enhance student engagement and motivation. With
immediate feedback, students can continuously improve their understanding and
performance. Additionally, ChatGPT can adapt learning paths based on learners’
progress and performance. This adaptability ensures that students are neither bored
with content that is too easy nor overwhelmed by content that is too difficult. By
continuously adjusting the difficulty level and focus areas, Al tools maintain optimal
learning conditions. The OECD Learning Compass 2030 outlines key objectives,
including fostering students’ agency and self-regulation skills, developing general
competencies beyond subject-specific knowledge, and actively engaging learners’
cognitive abilities. AI’s ability to adapt learning experiences is a key strength, but
achieving the envisioned personalized learning requires more than technological
tools as it necessitates a balance between technology and human guidance.

Al Integration: Understanding factors that influence technology acceptance
can help design Al tools that are more user-friendly and widely adopted.
Practical Example: An Al educational app incorporates user feedback to
improve its interface, ensuring that users find it easy and effective to use
(Kabudi et al., 2021).
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Self-Determination Theory

Self-Determination Theory (SDT) provides an insightful framework for un-
derstanding student engagement in digital learning environments, particularly
those utilizing Al technologies such as ChatGPT. Developed by Deci and Ryan,
SDT emphasizes three critical psychological needs—autonomy, competence, and
relatedness—which significantly influence motivation and engagement (Deci &
Ryan, 2000). In the context of Al-enhanced learning (Bergdahl et al., 2023), au-
tonomy is facilitated by the ability of these systems to adapt learning content to
fit individual preferences and learning speeds, allowing learners to feel in control
of their educational journeys. Competence is fostered through AI’s ability to offer
immediate and personalized feedback, helping learners to measure their progress
and understand their capabilities effectively. This immediate feedback mechanism
is crucial not only for skill development but also for reinforcing learners' belief in
their ability to master new concepts. Lastly, relatedness—the feeling of connection
to others—is supported by Al’s capacity to simulate and facilitate social interactions
and collaborations, creating a sense of community among remote learners.

Applying SDT to Al-driven online learning environments can significantly
enhance the educational experience by closely aligning technology with human
psychological needs. For autonomy, Al tools like ChatGPT customize the learning
process by analyzing user data and preferences to present information in ways
that best suit each learner’s unique style, thereby enhancing their engagement and
willingness to learn (Zawacki-Richter et al., 2019). Competence is continuously
supported by the provision of tailored exercises and constructive feedback, which Al
platforms can deliver in real time. This not only helps in addressing the immediate
learning needs but also contributes to a cuamulative build-up of skills and knowledge.
Regarding relatedness, Al can play a pivotal role in fostering a sense of community
and belonging through features that encourage collaboration and interaction, such
as discussion forums moderated by intelligent agents or virtual group projects.
These interactions are vital for maintaining motivation and emotional connection
among students, particularly in settings that lack physical presence (Kovanovi¢ et
al., 2015). Overall, by facilitating these three key aspects of SDT, Al-enhanced
learning tools can significantly improve the effectiveness of online education,
making learning more personalized, supportive, and engaging, which is essential
for fostering intrinsic motivation and achieving higher academic success (Ryan &
Deci, 2000; Xia et al., 2022).

Al Integration: Al can support autonomy, competence, and relatedness,
which are key to intrinsic motivation according to self-determination theory.
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Practical Example: An Al platform offers personalized learning paths, im-
mediate feedback, and opportunities for social interaction, fostering a sense
of autonomy, competence, and connection among learners (Bhutoria, 2022).

Cognitive Theory of Multimedia Learning

The Cognitive Theory of Multimedia Learning (CTML) provides a robust
framework for understanding how students engage with and learn from multimedia
content, which is increasingly relevant in Al-driven educational tools (AlShaikh et
al.,2024). Grounded in key psychological theories such as CTL, dual-coding theory,
and the multi-stage model of memory, CTML highlights the importance of using
both verbal and visual information to foster deeper learning (Mayer, 2024). This
theory is particularly applicable to Al environments where multimedia elements can
be dynamically integrated based on the learner's interactions. According to CTML,
meaningful learning occurs when learners are able to select relevant information,
organize it into coherent cognitive structures, and integrate it with their existing
knowledge base (Mayer, 2020). This process is enhanced in Al-enhanced learning
platforms, which can tailor the presentation of multimedia content to match the
learner's individual learning path, thus facilitating the critical cognitive processes
of selection, organization, and integration.

Generative Al significantly enriches this personalized learning approach, aligning
perfectly with the principles of CTML. It supports the immediate creation of cus-
tomized learning content, addressing the need for timely information delivery, which
is crucial for effective learning. Furthermore, interactions with Al agents introduce
a dynamic social element into learning environments, enhancing the CTML’s focus
on meaningful learning by fostering a responsive and adaptive learning ecosystem.
Such Al-powered environments are designed to effectively meet individual learning
needs, creating highly personalized and dynamic educational experiences. These
systems are adept at responding to immediate learning requirements and adapting to
evolving educational needs and preferences, thereby ensuring a more personalized
and effective learning journey. Incorporating generative Al into the principles of
CTML shows a notable improvement in the quality and effectiveness of multimedia
instructional messages. Offering greater customization and interactivity, generative
Al facilitates deeper understanding and retention of knowledge for learners. There-
fore, the integration of these Al technologies marks a significant advancement in
applying CTML, promising to significantly enhance the effectiveness of multimedia
learning and better align it with individual learners’ needs.

Al Integration: Al can optimize multimedia learning by adapting knowledge
presentations to individual learner’s needs and preferences.
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Practical Example: An e-learning platform adjusts the presentation style
based on students’ needs and preferences, such as using more visuals for visual
learners or providing additional explanations for those who need more context
(Sayed et al., 2023).

Feedback Intervention Theory

Feedback Intervention Theory (FIT) provides a valuable framework for analyzing
how Al tools like ChatGPT deliver feedback and influence student engagement and
performance. FIT emphasizes that feedback effectiveness is determined by its ability
to shift the learner's focus towards standards or goals that are meaningful and aligned
with their learning objectives (Kluger & DeNisi, 1996). According to FIT, feedback
should ideally address discrepancies between current performances and desired out-
comes, encouraging goal-oriented behaviors. In the context of Al-driven educational
tools, this means designing interactions that inform learners of their progress and
guide them in how to improve. For instance, when ChatGPT provides feedback, it
can be programmed to highlight specific areas where a student’s performance can be
aligned more closely with the learning objectives (Ibrahim et al., 2023). Moreover,
FIT underscores the importance of directing feedback to a hierarchy level within the
learner’s goal structure that maximizes engagement and effectiveness. For example,
while some students may benefit from feedback to enhance task-specific skills, oth-
ers might require encouragement that fosters motivation or adjusts meta-cognitive
strategies (Chen et al., 2023; Yadav et al., 2023). By integrating these insights, Al
tools like ChatGPT can deliver personalized feedback that resonates with individual
learners’ needs, enhancing engagement and the quality of learning.

Furthermore, the application of FIT in Al environments can be particularly so-
phisticated due to the ability of Al to process and synthesize large amounts of data
rapidly. Al tools can dynamically adapt feedback based on the learner's ongoing
performance (Bhutoria, 2022). It can perform personalization to address individual
needs at various levels of the feedback hierarchy—from task execution to the moti-
vational aspects and meta-cognitive reflections. This adaptive feedback mechanism
supports learners in maintaining or adjusting their efforts toward learning goals,
depending on the feedback's nature and the learners' responses to it. For example, Al-
driven systems can modify the difficulty of tasks if the learner is performing well or
provide additional resources when a learner is struggling. By continuously adapting
to the learner's needs, Al tools can help maintain an optimal level of challenge and
engagement, encouraging persistence and deeper engagement with the content. This
dynamic interaction not only supports immediate learning needs but also fosters a
long-term educational relationship where feedback is not just a corrective tool but
a means of ongoing, personalized support that enhances learning outcomes.
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Al Integration: Al provides timely and specific feedback to guide learning,
foster a deeper understanding of the subject matter, and improve performance.
Practical Example: An Al tool gives instant feedback on student writing,
highlighting areas of improvement and suggesting ways to enhance coherence
(Escalante et al., 2023).

INTEGRATING Al AND THEORIES INTO PRACTICE

As Al-enhanced learning continues to evolve, it is crucial to consider the im-
plications of this shifting field and anticipate more groundbreaking educational
applications. This chapter explores several theoretical frameworks to examine Al
as an instructional tool. While countless theories illuminate student engagement,
personalized learning, flexibility, and accessibility in online learning, this chapter
examined eight fundamental learning theories. These theories offer valuable insights
into the intricate dynamics of student engagement, learning processes, and the
impact of digital environments on education. By synthesizing insights from these
diverse theoretical frameworks, this chapter informs pedagogical practices, shapes
educational policies, and paves the way for future research in Al-enhanced learning.
The chosen theoretical frameworks emphasize the significance of social interaction
and collaborative learning in knowledge construction regardless of whether stu-
dents are in the same room or learning together from a distance. Instructors who
leverage Al-driven learning environments can facilitate collaborative interactions
among students, instructors, and even Al-driven virtual tutors. This collaboration
fosters the necessary dialogue, peer feedback, and collective knowledge creation in
the online educational experience. Through collaborative learning activities such
as group discussions, virtual projects, and shared problem-solving tasks, students
co-construct knowledge, challenge perspectives, and negotiate meaning within a
supportive learning community.

Al-enhanced learning thus emerges as vibrant centers of exploration, discovery,
and knowledge generation. Through active engagement, reflective practice, and social
interaction, students acquire new knowledge and skills and cultivate critical thinking,
problem-solving, and communication abilities crucial for success in the digital era. As
we explore deeper into the dynamics of student engagement within these multifaceted
learning environments, this chapter unraveled the intricate relationships between
established theoretical frameworks and Al-driven educational technologies, with a
particular focus on ChatGPT. Integrating Al with educational theories extends beyond
mere automation of tasks; it transforms the learning environment into an adaptive,
responsive, and engaging space. Al systems can personalize learning experiences
by dynamically adjusting content and feedback based on individual student needs.
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This adaptability ensures that students receive the appropriate level of challenge
and support, promoting sustained engagement and deeper learning. Furthermore,
Al can facilitate continuous and formative assessment, providing real-time insights
into student progress and identifying areas where additional support may be needed.
This immediate feedback loop helps students to reflect on their learning journey,
encouraging self-regulation and autonomy. Educators, too, benefit from Al-generated
analytics, which offers a granular view of classroom dynamics and student perfor-
mance, enabling data-driven decision-making to enhance instructional strategies.

While Al in education offers transformative potential, it also brings critical
challenges that warrant careful consideration and proactive management (Garcia et
al., 2025). One significant concern is student privacy. Al systems collect extensive
data on students’ activities, learning patterns, and even personal information, which
raises substantial risks around data security and privacy. Mismanagement of this
data could lead to breaches that compromise students’ identities and expose them
to potential misuse of their information. Furthermore, Al algorithms often carry
inherent biases embedded during development (Alvarez et al., 2024). These biases
can lead to discriminatory practices, reinforce stereotypes, or marginalize certain
student groups, especially those from underrepresented or vulnerable communities.
Additionally, over-reliance on Al may risk diminishing the human elements that are
vitalin education. Al lacks the ability to provide the emotional intelligence, empathy,
and personalized encouragement that skilled educators offer. This mechanization
could depersonalize education, potentially leading to areduction in critical thinking,
creativity, and the human connections that support a holistic learning experience
(Garcia, 2024; Karan & Angadi, 2023). In some cases, the corporatization of Al in
education introduces an additional layer of complexity. As private companies increas-
ingly provide Al-driven educational tools, there is a risk that commercial motives
may overshadow educational goals. This scenario can result in the commodification
of student data, where personal information is leveraged for profit rather than used
solely to enhance educational outcomes. Such practices can erode trust and shift
the focus away from students’ well-being and academic growth.

In light of these substantial risks, it is imperative to implement robust policies
that guide the ethical integration of Al in education (Fu & Weng, 2024; Garcia,
Garcia, et al., 2024). Policymakers, educational institutions, and Al developers
must work together to establish clear, enforceable regulations that prioritize data
privacy, equity, transparency, and inclusivity. Data privacy laws specific to edu-
cational contexts should be strengthened to protect students’ personal information
rigorously. These policies must not only regulate how data is collected and used but
also include transparent communication with students and parents about what data
is collected, how it will be utilized, and the measures taken to secure it. Equally
critical is the need for policies that mandate ongoing oversight and regular audits
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of Al algorithms to prevent and address potential biases. Without stringent auditing
and accountability, Al systems risk perpetuating historical inequities, embedding
discriminatory practices, and systematically disadvantaging marginalized groups.
Accessibility policies are also essential to bridge the digital divide. To prevent exac-
erbating inequalities, policies should incentivize the development of low-bandwidth,
low-cost Al tools that are functional on basic devices and accessible to students
in low-resource areas. Furthermore, funding initiatives that support infrastructure
development in underserved communities are critical to ensuring equitable access
to Al-enhanced learning.

Finally, policymakers and educational leaders must champion a balanced ap-
proach to Alin education, particularly in online learning environments where student
engagement is a critical factor for success. Al should be designed to complement,
not replace, the human elements that are integral to effective teaching and foster-
ing meaningful engagement. Policies must advocate for the responsible use of Al,
encouraging institutions to leverage technology as a supportive tool that enhances
student interaction, motivation, and engagement with the content—rather than as a
substitute for human educators. This balanced approach is essential to ensure that Al
amplifies the educational experience, preserving the essential human connections,
empathy, and mentorship that deeply engage students and support their learning
journey. Through proactive, comprehensive policy measures, stakeholders can har-
ness the potential of Al technologies in ways that foster enriched, interactive, and
inclusive online learning environments. Such policy-driven commitment is essential
to guide the ethical and effective future of Al in education, ensuring it remains a
tool that promotes engaged learning experiences for all students.

CONCLUSION

Online education has revolutionized the way knowledge is delivered and received.
Student engagement is central to the success of this mode, which significantly
impacts learning outcomes and retention rates. This chapter signifies the potential
of theoretical frameworks to guide researchers in exploring student engagement in
Al-enhanced online learning environments. Examining these frameworks provides a
structured lens through which researchers, educators, and policymakers can approach
the complex interplay between Al technology and student engagement. Researchers
can utilize these frameworks to explore deeper into optimizing Al applications that
can generate insights on how to make Al a responsible and effective tool for enhanc-
ing engagement. Educators can apply these findings to design more interactive and
personalized teaching strategies, increasing student motivation, participation, and
success inonline learning. Policymakers, in turn, can leverage these insights to create
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supportive environments forinnovative educational technologies, emphasizing ethical
integration and equitable access to ensure Al benefits all learners. Such a review
is essential for shaping future research, informing educational policy, and guiding
practical applications in the field. As we continue to investigate and refine the use
of Al in education, it is essential to address challenges such as ethics, privacy, bias,
and the digital divide. By working together across research, practice, and policy, we
can ensure that online learning remains a dynamic, inclusive, and effective mode of
instruction. This combined approach not only sustains student engagement but also
equips learners with the skills to thrive in an increasingly digital world.

20



REFERENCES

Akavova, A., Temirkhanova, Z., & Lorsanova, Z. (2023). Adaptive learning and
artificial intelligence in the educational space. 2nd International Conference on
Environmental Sustainability Management and Green Technologies. DOI: 10.1051/
e3sconf/202345106011

Aliyu, J., Osman, S., Kumar, J. A., Talib, C. A., & Jambari, H. (2022). Students’
engagement through technology and cooperative learning: A systematic literature
review. International Journal of Learning and Development, 12(3), 23—40. DOL:
10.5296/ij1d.v12i3.20051

AlShaikh, R., Al-Malki, N., & Almasre, M. (2024). The implementation of the
cognitive theory of multimedia learning in the design and evaluation of an Al
educational video assistant utilizing large language models. Heliyon, 10(3), 1-19.
DOI: 10.1016/j.heliyon.2024.e25361 PMID: 38352730

Alvarez, J. M., Colmenarejo, A. B., Elobaid, A., Fabbrizzi, S., Fahimi, M., Ferrara,
A., Ghodsi, S., Mougan, C., Papageorgiou, L., Reyero, P., Russo, M., Scott, K. M.,
State, L., Zhao, X., & Ruggieri, S. (2024). Policy advice and best practices on bias
and fairness in Al. Ethics and Information Technology, 26(2), 1-26. DOI: 10.1007/
$10676-024-09746-w

Arif, Y. M., Ayunda, N., Diah, N. M., & Garcia, M. B. (2024). A systematic re-
view of serious games for health education: Technology, challenges, and future
directions. In Garcia, M. B., & Pereira de Almeida, R. P. (Eds.), Transformative
approaches to patient literacy and healthcare innovation (pp. 20-45). 1GI Global.,
DOI: 10.4018/979-8-3693-3661-8.ch002

Bandura, A. (1969). Social-learning theory of identificatory processes. In Goslin,
D. A. (Ed.), Handbook of socialization theory and research (pp. 213-262). Rand
McNally & Company.

Bandura, A. (2001). Social cognitive theory of mass communication. Media Psy-
chology, 3(3), 265-299. DOI: 10.1207/S1532785XMEP0303_03

Bergdahl, J., Latikka, R., Celuch, M., Savolainen, 1., Soares Mantere, E., Savela,
N., & Oksanen, A. (2023). Self-determination and attitudes toward artificial intel-
ligence: Cross-national and longitudinal perspectives. Telematics and Informatics,
82, 1-15. DOI: 10.1016/j.tele.2023.102013

21



Betthiuser, B. A., Bach-Mortensen, A. M., & Engzell, P. (2023). A systematic review
and meta-analysis of the evidence on learning during the COVID-19 pandemic.
Nature Human Behaviour, 7(3), 375-385. DOI: 10.1038/s41562-022-01506-4
PMID: 36717609

Bhutoria, A. (2022). Personalized education and artificial intelligence in the
United States, China, and India: A systematic review using a human-in-the-loop
model. Computers and Education: Artificial Intelligence, 3, 1-18. DOIL: 10.1016/].
caeai.2022.100068

Bond, M., Buntins, K., Bedenlier, S., Zawacki-Richter, O., & Kerres, M. (2020).
Mapping research in student engagement and educational technology in higher edu-

cation: A systematic evidence map. International Journal of Educational Technology
in Higher Education, 17(1), 1-30. DOI: 10.1186/s41239-019-0176-8

Boud, D., & Molloy, E. (2013). Feedback in higher and professional education:
Understanding it and doing it well. Routledge.

Bozkurt, A., Karakaya, K., Turk, M., Karakaya, O., & Castellanos-Reyes, D. (2022).
The impact of COVID-19 on education: A meta-narrative review. TechTrends, 66(5),
883-896. DOI: 10.1007/s11528-022-00759-0 PMID: 35813033

Bozkurt, A., & Sharma, R. C. (2024). Are we facing an algorithmic renaissance or
apocalypse? Generative Al, chatbots, and emerging human-machine interaction in
the educational landscape. Asian Journal of Distance Education, 19(1), 1-12. DOL:
10.5281/zenodo.10791959

Bruner, J. (1996). The culture of education. Harvard University Press., DOI:
10.4159/9780674251083

Chang, D. H., Lin, M. P, Hajian, S., & Wang, Q. Q. (2023). Educational design
principles of using Al chatbot that supports self-regulated learning in education:
Goal setting, feedback, and personalization. Sustainability (Basel), 15(17), 1-15.
DOI: 10.3390/su151712921

Chen, C. H., & Chang, C. L. (2024). Effectiveness of Al-assisted game-based
learning on science learning outcomes, intrinsic motivation, cognitive load, and
learning behavior. Education and Information Technologies,29(14), 18621-18642.
DOI: 10.1007/s10639-024-12553-x

Chen, S., Xu, X., Zhang, H., & Zhang, Y. (2023). Roles of ChatGPT in virtual
teaching assistant and intelligent tutoring system: Opportunities and challenges.
Proceedings of the 2023 5th World Symposium on Software Engineering, 201-206.
DOI: 10.1145/3631991.3632024

22



Chiu, T. K. F,, Xia, Q., Zhou, X., Chai, C. S., & Cheng, M. (2023). Systematic liter-
ature review on opportunities, challenges, and future research recommendations of
artificial intelligence in education. Computers and Education: Artificial Intelligence,
4, 1-15. DOI: 10.1016/j.caeai.2022.100118

Cooperstein, S. E., & Kocevar-Weidinger, E. (2004). Yond active learning: A con-
structivist approach to learning. RSR. Reference Services Review, 32(2), 141-148.
DOI: 10.1108/00907320410537658

Crompton, H., & Burke, D. (2023). Artificial intelligence in higher education:
The state of the field. International Journal of Educational Technology in Higher
Education, 20(1), 1-22. DOI: 10.1186/s41239-023-00392-8

Csikszentmihalyi, M. (2009). Flow: The psychology of optimal experience. Harp-
erCollins.

Damasevicius, R. (2023). The rise of ChatGPT and the demise of Bloom’s taxonomy
of learning stages. In Keengwe, J. (Ed.), Creative Al tools and ethical implications
in teaching and learning (pp. 115-134). IGI Global., DOI: 10.4018/979-8-3693-
0205-7.ch006

Davis, F. D. (1989). Perceived usefulness, perceived ease of use, and user acceptance
of information technology. Management Information Systems Quarterly, 13(3),
319-340. DOI: 10.2307/249008

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.
DOI: 10.1207/S15327965PL11104_01

Escalante, J., Pack, A., & Barrett, A. (2023). Al-generated feedback on writing: In-
sightsinto efficacy and ENL student preference. International Journal of Educational
Technology in Higher Education, 20(1), 1-20. DOI: 10.1186/s41239-023-00425-2

Fu, Y., & Weng, Z. (2024). Navigating the ethical terrain of Al in education: A
systematic review on framing responsible human-centered Al practices. Computers
and Education: Artificial Intelligence, 7, 1-20. DOI: 10.1016/j.caeai.2024.100306

Garcia, M. B. (2023a). Can ChatGPT substitute human companionship for coping
with loss and trauma? Journal of Loss and Trauma, 1-3(8), 784—786. Advance online
publication. DOI: 10.1080/15325024.2023.2240697

Garcia, M. B. (2023b). ChatGPT as a virtual dietitian: Exploring its potential as
a tool for improving nutrition knowledge. Applied System Innovation, 6(5), 1-18.
DOI: 10.3390/asi6050096

23



Garcia, M. B. (2024). The paradox of artificial creativity: Challenges and oppor-
tunities of generative Al artistry. Creativity Research Journal, eee, 1-14. DOLI:
10.1080/10400419.2024.2354622

Garcia, M. B., Arif, Y. M., Khlaif, Z. N., Zhu, M., de Almeida, R. P. P., de Almeida,
R.S., & Masters, K. (2024). Effective integration of artificial intelligence in medi-
cal education: Practical tips and actionable insights. In Garcia, M. B., & Pereira de
Almeida, R. P. (Eds.), Transformative approaches to patient literacy and healthcare
innovation (pp. 1-19). IGI Global., DOI: 10.4018/979-8-3693-3661-8.ch001

Garcia, M. B., Bozkurt, A., & Rosak-Szyrocka, J. (2025). Pitfalls of Al integration
in education: Skill obsolescence, misuse, and bias. 1GI Global.

Garcia, M. B., & Garcia, P. S. (2023). Intelligent tutoring system as an instructional
technology in learning basic nutrition concepts: An exploratory sequential mixed
methods study. In Garcia, M. B., Lopez Cabrera, M. W., & Pereira de Almeida, R.
P. (Eds.), Handbook of research on instructional technologies in health education
and allied disciplines (pp. 265-284). IGI Global., DOI: 10.4018/978-1-6684-7164-
7.ch012

Garcia, M. B., Garcia, P. S., Maaliw, R. R.III, Lagrazon, P. G. G., Arif, Y. M.,
Ofosu-Ampong, K., Yousef, A. M. F., & Vaithilingam, C. A. (2024). Technoethical
considerations for advancing health literacy and medical practice: A posthumanist
framework in the age of healthcare 5.0. In Garcia, M. B., & Pereira de Almeida,
R. P. (Eds.), Emerging technologies for health literacy and medical practice (pp.
1-19). IGI Global., DOI: 10.4018/979-8-3693-1214-8.ch001

Garcia, M. B., & Yousef, A. M. F. (2022). Cognitive and affective effects of teachers’
annotations and talking heads on asynchronous video lectures in a web develop-
ment course. Research and Practice in Technology Enhanced Learning, 18, 1-23.
https://rptel.apsce.net/index.php/RPTEL/article/view/2023-18020. DOI: 10.58459/
rptel.2023.18020

Heutte, J., Fenouillet, F., Martin-Krumm, C., Gute, G., Raes, A., Gute, D., Bachelet,
R., & Csikszentmihalyi, M. (2021). Optimal experience in adultlearning: Conception
and validation of the Flow in Education Scale (EduFlow-2). Frontiers in Psychology,
12, 1-12. DOI: 10.3389/fpsyg.2021.828027 PMID: 35069401

Horsburgh, J., & Ippolito, K. (2018). A skill to be worked at: Using social learning
theory to explore the process of learning from role models in clinical settings. BMC
Medical Education, 18(1), 1-8. DOI: 10.1186/s12909-018-1251-x PMID: 29970052

24



Ibrahim, A. M., Nigar, M. S. S., & Mohammed, Y. S. (2023). Adopting ChatGPT to
enhance educational experiences. International Journal of Information Technology
& Computer Engineering, 3(5), 20-25. DOI: 10.55529/ijitc.35.20.25

Ikedinachi, A. P. W., Misra, S., Assibong, P. A., Olu-Owolabi, E. F., Maskelitinas,
R., & Damasevicius, R. (2019). Artificial intelligence, smart classrooms and online

education in the 21st century: Implications for human development. [JCIT]. Journal
of Cases on Information Technology,21(3),66-79.DOI: 10.4018/JCIT.2019070105

Iyer, L. S., Bharadwaj, S., Shetty, S. H., Verma, V., & Devanathan, M. (2022).
Advancing equity in digital classrooms: A personalized learning framework for
higher education institutions. In Garcia, M. B. (Ed.), Socioeconomic inclusion
during an era of online education (pp. 225-245). IGI Global., DOI: 10.4018/978-
1-6684-4364-4.ch011

Jung, H., Lee, J., & Park, C. (2020). Deriving design principles for educational
chatbots from empirical studies on human—chatbot interaction. Journal of Digital
Content Society, 21(3), 487-493. DOI: 10.9728/dcs.2020.21.3.487

Kabudi, T., Pappas, 1., & Olsen, D. H. (2021). Al-enabled adaptive learning sys-
tems: A systematic mapping of the literature. Computers and Education: Artificial
Intelligence, 2, 1-12. DOI: 10.1016/j.caeai.2021.100017

Karan, B., & Angadi, G. R. (2023). Potential risks of artificial intelligence integra-
tion into school education: A systematic review. Bulletin of Science, Technology &
Society, 43(3), 67-85. DOI: 10.1177/02704676231224705

Kluger, A. N., & DeNisi, A. (1996). The effects of feedback interventions on perfor-
mance: A historical review, a meta-analysis, and a preliminary feedback intervention
theory. Psychological Bulletin, 119(2),254-284.DOI: 10.1037/0033-2909.119.2.254

Kochmar, E., Vu, D. D., Belfer, R., Gupta, V., Serban, 1. V., & Pineau, J. (2020).
Automated personalized feedback improves learning gains in an intelligent tu-
toring system. In I. I. Bittencourt, M. Cukurova, K. Muldner, R. Luckin, & E.
Millan (Eds.), Artificial Intelligence in Education:21st International Conference,
AIED 2020,Ifrane, Morocco,July 610, 2020, proceedings, part 11, 140-146. DOI:
10.1007/978-3-030-52240-7_26

Komasawa, N., & Yokohira, M. (2023). Simulation-based education in the artificial
intelligence era. Cureus, 15(6),e40940. DOI: 10.7759/cureus.40940 PMID: 37496549

Kovanovié, V., Joksimovié, S., Gasevié, D., Siemens, G., & Hatala, M. (2015). What
public media reveals about MOOCs: A systematic analysis of news reports. British
Journal of Educational Technology, 46(3), 510-527. DOI: 10.1111/bjet.12277

25



Kuhail, M. A., Alturki, N., Alramlawi, S., & Alhejori, K. (2023). Interacting with
educational chatbots: A systematic review. Education and Information Technologies,
28(1), 973-1018. DOI: 10.1007/s10639-022-11177-3

Lee, S., Yoon, J. Y., & Hwang, Y. (2024). Collaborative project-based learning in
global health: Enhancing competencies and skills forundergraduate nursing students.
BMC Nursing, 23(1), 1-12. DOI: 10.1186/s12912-024-02111-8 PMID: 38926867

Lenat, D. B., & Durlach, P. J. (2014). Reinforcing math knowledge by immersing
students in a simulated learning-by-teaching experience. International Journal of Ar-
tificial Intelligence in Education,24(3),216-250.DOI: 10.1007/s40593-014-0016-x

Li, J., & Xue, E. (2023). Dynamic interaction between student learning behaviour
and learning environment: Meta-analysis of student engagement and its influenc-
ing factors. Behavioral Sciences (Basel, Switzerland), 13(1), 1-15. DOI: 10.3390/
bs13010059 PMID: 36661631

Lin, C.-C., Huang, A. Y. Q., & Lu, O. H. T. (2023). Artificial intelligence in intel-
ligent tutoring systems toward sustainable education: A systematic review. Smart
Learning Environments, 10(1), 1-22. DOI: 10.1186/s40561-023-00260-y

Liu, C. H., & Matthews, R. (2005). Vygotsky’s philosophy: Constructivism and its
criticisms examined. International Education Journal, 6(3), 17-26. https://files.eric
.ed.gov/fulltext/EJ854992.pdf

Lobo, M. D. (2023). Artificial Intelligence in Teleradiology: A Rapid Review of
Educational and Professional contributions. In Garcia, M. B., Lopez Cabrera, M.
V., & Pereira de Almeida, R. P. (Eds.), Handbook of research on instructional tech-
nologies in health education and allied disciplines. 1GI Global., DOI: 10.4018/978-
1-6684-7164-7.ch004

Maier, U., & Klotz, C. (2022). Personalized feedback in digital learning environ-
ments: Classification framework and literature review. Computers and Education:
Artificial Intelligence, 3, 1-13. DOI: 10.1016/j.caeai.2022.100080

Mayer, R. E. (2020). Multimedia learning (3rd ed.). Cambridge University Press.,
https://doi.org/DOI, DOI: 10.1017/9781316941355

Mayer, R. E. (2024). The past, present, and future of the cognitive theory of mul-
timedia learning. Educational Psychology Review, 36(1), 1-25. DOI: 10.1007/
s10648-023-09842-1

26



Miller, J. C., Miranda, J. P. P., & Tolentino, J. C. G. (2025). Artificial intelligence
in physical education: A review. In Garcia, M. B. (Ed.), Global innovations in
physical education and health (pp. 37-60). IGI Global., DOI: 10.4018/979-8-3693-
3952-7.ch002

Mustafa, A. S., & Garcia, M. B. (2021). Theories integrated with Technology Ac-
ceptance Model (TAM) in online learning acceptance and continuance intention: A
systematic review. 2021 Ist Conference on Online Teaching for Mobile Education
(OT4ME) (pp. 68-72). DOI: 10.1109/O0T4ME53559.2021.9638934

Ofosu-Ampong, K., Agyekum, M. W., & Garcia, M. B. (2024). Long-term pandemic
management and the need to invest in digital transformation: A resilience theory
perspective. In Garcia, M. B., & Pereira de Almeida, R. P. (Eds.), Transformative
approaches to patient literacy and healthcare innovation (pp. 242-260). IGI Global.,
DOI: 10.4018/979-8-3693-3661-8.ch012

Okewu, E., Adewole, P., Misra, S., Maskeliunas, R., & Damasevicius, R. (2021).
Artificial neural networks for educational data mining in higher education: A sys-
tematic literature review. Applied Artificial Intelligence, 35(13), 983—-1021. DOLI:
10.1080/08839514.2021.1922847

Paas, F., & Ayres, P. (2014). Cognitive Load Theory: A broader view on the role of
memory in learning and education. Educational Psychology Review,26(2),191-195.
DOI: 10.1007/s10648-014-9263-5

Piaget, J. (1997). The principles of genetic epistemology. Routledge. https://books
.google.com.ph/books?id=rr-avb4T8ksC

Porcaro, D. (2011). Applying constructivism in instructivist learning cul-
tures. Multicultural Education & Technology Journal, 5(1), 39-54. DOI:
10.1108/17504971111121919

Reschly, A. L., & Christenson, S. L. (2012). Jingle, jangle, and conceptual haziness:
Evolution and future directions of the engagement construct. In Christenson, S. L.,
Reschly, A. L., & Wylie, C. (Eds.), Handbook of research on student engagement
(pp- 3-19). Springer US., DOI: 10.1007/978-1-4614-2018-7_1

Rosak-Szyrocka, J. (2024). The era of digitalization in education: Where do uni-
versities 4.0 go? Management Systems in Production Engineering, 32(1), 54-66.
https://doi.org/doi:10.2478/mspe-2024-0006

Rosak-Szyrocka, J., Zywiotek, J., Nayyar, A., & Naved, M. (2023). The role of
sustainability and artificial intelligence in education improvement. CRC., DOLI:
10.1201/9781003425779

27



Ryan, R. M., & Deci, E. L. (2000). Intrinsic and extrinsic motivations: Classic defi-
nitions and new directions. Contemporary Educational Psychology, 25(1), 54-67.
DOI: 10.1006/ceps.1999.1020 PMID: 10620381

Sayed, W. S., Noeman, A. M., Abdellatif, A., Abdelrazek, M., Badawy, M. G.,
Hamed, A., & El-Tantawy, S. (2023). Al-based adaptive personalized content
presentation and exercises navigation for an effective and engaging E-Learning
Platform. Multimedia Tools and Applications, 82(3), 3303-3333. DOI: 10.1007/
s11042-022-13076-8 PMID: 35789938

Seraji, F., & Musavi, H. O. (2023). Does applying the principles of constructivism
learning add to the popularity of serious games? A systematic mixed studies review.
Entertainment Computing, 47, 1-9. DOI: 10.1016/j.entcom.2023.100585

Shahzad, M. F., Xu, S., Lim, W. M., Yang, X., & Khan, Q. R. (2024). Artificial
intelligence and social media on academic performance and mental well-being:

Student perceptions of positive impact in the age of smart learning. Heliyon, 10(8),
1-17. DOL: 10.1016/j.heliyon.2024.e29523 PMID: 38665566

Shively, K., & Sydnor, J. (2023). Flipping gradual release: Examining an online field
experience for elementary teacher candidates. In E. Podovsovnik, T. De Giuseppe,
& F. Corona (Eds.), Handbook of research on establishing digital competencies
in the pursuit of online learning (pp. 158-186). IGI Global. DOI: 10.4018/978-1-
6684-7010-7.ch009

Shoaib, M., Sayed, N., Singh, J., Shafi, J., Khan, S., & Ali, F. (2024). Al student
success predictor: Enhancing personalized learning in campus management systems.
Computers in Human Behavior, 158, 1-18. DOI: 10.1016/j.chb.2024.108301

Sidekerskiené, T., Damasevicius, R., & Maskelitinas, R. (2021). Validation of
student psychological player types for game-based learning in university math lec-
tures. In S. Misra & B. Muhammad-Bello (Eds.) Information and communication
technology and applications:Third International Conference, ICTA 2020,Minna,
Nigeria,November 24-27, 2020, revised selected papers (pp. 245-258). Springer.
DOI: 10.1007/978-3-030-69143-1_20

Sweller, J. (1988). Cognitive load during problem solving: Effects on learning.
Cognitive Science, 12(2), 257-285. DOI: 10.1207/s15516709c0g1202_4

28



Tavares, D., Lopes, A. 1., Castro, C., Maia, G., Leite, L., & Quintas, M. (2023).
The intersection of artificial intelligence, telemedicine, and neurophysiology: Op-
portunities and challenges. In Garcia, M. B., Lopez Cabrera, M. V., & Pereira de
Almeida, R. P. (Eds.), Handbook of research on instructional technologies in health
education and allied disciplines (pp. 130-152). IGI Global., DOI: 10.4018/978-1-
6684-7164-7.ch006

Valderama, A. M., Tuazon, J. B., & Garcia, M. B. (2022). Promoting student thinking
and engagement through question-based and gamified learning. 2022 IEEE 14th
International Conference on Humanoid, Nanotechnology, Information Technology,
Communication and Control, Environment and Management (HNICEM). DOI:
10.1109/HNICEM57413.2022.10109470

Venkatesh, V., & Davis, F. D. (2000). A theoretical extension of the Technology
Acceptance Model: Four longitudinal field studies. Management Science, 46(2),
186-204. https://www.jstor.org/stable/2634758. DOI: 10.1287/mnsc.46.2.186.11926

Vygotsky, L. S. (1978). Mind in society: Development of higher psychological
processes. Harvard University Press., DOI: 10.2307/j.ctvjf9vz4

Waheed, H., Hassan, S.-U., Aljohani, N. R., Hardman, J., Alelyani, S., & Nawaz,
R. (2020). Predicting academic performance of students from VLE big data using
deep learning models. Computers in Human Behavior, 104, 1-13. DOI: 10.1016/].
chb.2019.106189

Wang, S., Wang, F., Zhu, Z., Wang, J., Tran, T., & Du, Z. (2024). Artificial intelli-
genceineducation: A systematic literature review. Expert Systems with Applications,
252, 1-19. https://www.sciencedirect.com/science/article/pii/S0957417424010339.
DOI: 10.1016/j.eswa.2024.124167

Xia, Q., Chiu, T. K. F., Lee, M., Sanusi, I. T., Dai, Y., & Chai, C. S. (2022). A Self-
Determination Theory (SDT) design approach for inclusive and diverse artificial
intelligence (Al) education. Computers & Education, 189, 1-13. DOI: 10.1016/].
compedu.2022.104582

Yadav, P. V., Kollimath, U. S., Giramkar, S. A., Pisal, D. T., Badave, S. S., & Dhole,
V. (2023). Impact of ChatGPT and other Al advancements on the teaching-learning
process: Initial trend. 2023 3rd International Conference on Emerging Smart Technolo-
giesandApplications (eSmarTA),1-6.DOI: 10.1109/eSmarTA59349.2023.10293464

Yousef, A. M. F., Huang, R., Tlili, A., Garcia, M. B., Mahmoud, A. G., & Metwally,
A. H. S. (2023). Small bites, big impact: The power of nanolearning. 7th Interna-
tional Conference on Smart Learning Environments, 108-116. DOI: 10.1007/978-
981-99-5961-7_12

29



Zawacki-Richter, O., Marin, V. 1., Bond, M., & Gouverneur, F. (2019). Systematic
review of research on artificial intelligence applications in higher education — Where

are the educators? International Journal of Educational Technology in Higher Ed-
ucation, 16(1), 1-27. DOI: 10.1186/s41239-019-0171-0

KEY TERMS AND DEFINITIONS

Artificial Intelligence: It refers to the simulation of human intelligence process-
es by machines, particularly computer systems. These processes include learning
(acquiring information and rules for using the information), reasoning (using the
rules to reach approximate or definite conclusions), and self-correction.

Educational Technology: It refers to using technology tools and digital resources
to facilitate and enhance the teaching and learning process. This includes a wide
range of software, hardware, and processes that support educational practices and
improve learning effectiveness and efficiency.

Generative Al: It refers to artificial intelligence systems that can generate new
content, such as text, images, or music, based on the data they have been trained
on. These systems use complex algorithms and neural networks to create outputs
that mimic human creativity and can be used in various fields, including education,
entertainment, and art.

Online Learning: A method of delivering educational content and instruction
via the internet. It allows students to access learning materials, participate in virtual
classrooms, and interact with instructors and peers remotely. Online learning can
be synchronous (real-time) or asynchronous (self-paced), providing flexibility and
accessibility to learners.

Student Engagement: It refers to the level of interest, participation, and en-
thusiasm that students show in the learning process. It encompasses emotional,
behavioral, and cognitive aspects, influencing how students interact with the content,
instructors, and their peers. High levels of engagement are associated with better
academic performance, retention, and overall learning outcomes.

Theoretical Frameworks: Structured sets of concepts and theories that provide
a foundation for research and practice. In education, theoretical frameworks guide
the understanding of learning processes, student behavior, and instructional strate-
gies. They help in designing, analyzing, and interpreting educational practices and
outcomes.
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