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Preface

This Special Issue began with a call for papers on the theme “Artificial Intelligence and Blended

Learning: Challenges, Opportunities, and Future Directions.” Its aim was to explore the intersection

of artificial intelligence (AI) and blended learning, emphasizing innovative research and practical

applications that enhance the effectiveness and efficiency of blended learning environments.

Blended learning, which combines traditional face-to-face instruction with online or digital

components, has become increasingly prevalent in educational settings. AI, with its capabilities

in data analysis, machine learning, and natural language processing, promised to transform the

landscape of blended learning by personalizing instruction, enabling intelligent tutoring systems,

automating assessment processes, and creating immersive learning experiences.

Researchers and practitioners from diverse disciplines were invited to contribute original

research papers, case studies, and theoretical perspectives that illuminated the potential of AI to

enhance blended learning. The call for papers outlined a range of topics of interest for prospective

authors.

Following a year-long call for submissions in 2025, eight papers were accepted for publication

in Education Sciences: six research articles and two systematic reviews. The Special Issue provided a

platform for scholars to disseminate their work to a global audience and contributed to advancing

knowledge in blended learning and AI, fostering collaboration and innovation.

We thank all authors for their interest and hard work. Their high-quality contributions

collectively advanced the frontiers of AI in blended learning research and applications.

Will W. K. Ma

Guest Editor
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Article

An Integrated Individual, Social, and Technology Model
for the Sustainable Adoption of Generative AI
in Blended Learning

Will W. K. Ma

The Centre for Innovative Teaching & Learning (CITL), Tung Wah College, 90A Shan Tung Street, Kowloon,
Hong Kong SAR, China; willma@twc.edu.hk

Abstract

Generative AI is a promising adjunct to blended learning, offering an innovative means to
enhance academic performance. Its rapid diffusion has been accompanied by criticism and
uncertainty, particularly regarding ethics and the potential displacement of human labor.
A review of the existing research reveals persistent gaps in understanding AI use among
students. This study therefore aimed to develop an integrated model to explain generative
AI adoption across two distinctive time points. Employing a survey-based design, cross-
sectional data were collected at two time points from college students at a local tertiary
institution in Hong Kong. PLS-SEM Model testing showed that performance expectancy
was the strongest and most persistent determinant of both intention to use and actual use
across both data collections. Risk propensity had no effect at the outset, but at a longer usage
time point, it was significantly related to intention and use through performance expectancy.
Social influence exerted a direct and significant effect initially and later demonstrated both
direct and indirect significant effects on intention and use via performance expectancy.
The findings identify key determinants and enhance our understanding of the complex
decision-making process involved in the use of generative AI.

Keywords: generative AI adoption; risk propensity; social influence; performance
expectancy; blended learning

1. Introduction

Generative AI is a promising adjunct to blended learning, offering an innovative
means to enhance academic performance by clarifying complex concepts, facilitating the
brainstorming of ideas and solutions to real-world problems, and delivering continuous,
on-demand feedback that complements instructor support. However, this does not mean
that there is no problem with its acceptance and use. For example, numerous school
districts and universities have historically banned or blocked access to generative AI
because of concerns over plagiarism, the impact on critical thinking skills, and the potential
on inaccurate information (Johnson, 2023). In a more recent study, it was still found that
institutions exert efforts to maintain academic integrity through prohibitive AI policies and
detection systems to influence student behavior that leads to many students opting not to
use AI at all, even for legitimate academic support (Marks, 2025). Research also revealed
that students are not necessarily rushing to abuse AI where students seem to have strong
views on cheating, high levels of concern about its role in education, and mixed opinions
on its impact on their lives (Marks, 2025). Students think that it is risky to use AI as reports
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find that the main reasons putting students off using AI are being accused of cheating
and obtaining false results or ‘hallucinations’ (Freeman, 2025). The focus in evaluating
generative AI appears to be shifting from predominantly ethical considerations to greater
attention on students’ risk perceptions and risk propensity. While numerous studies on
ethical issues and ethical concerns with generative AI (e.g., Burriss et al., 2024; Farhi et al.,
2023; Huang et al., 2025), there are rare studies on risk and, in particular„ risk propensity of
the individual users. Moreover, prior studies called for a more holistic framework to capture
the various perspectives in order to understand the complex decision-making process
(e.g., Hemdanou et al., 2024; Nazaretsky et al., 2025; Zhao et al., 2024). Understanding
there may be differences to the determinants over experience gained, investigating the
sustainability of the determinants would not just be interesting, but also useful to provide
a rich explanation to the acceptance decision making processes and to provide insights to
devise implementation strategies at different time points (e.g., Annamalai et al., 2025).

Having discussed all of the above, understanding the use of generative AI would
be both relevant and important. Therefore, this study aims to develop a more holistic
framework to investigate the generative AI adoption issue. The research objective of this
study is to explore the sustainable key determinants of generative AI adoption from a
holistic perspective. The research questions include the following:

• RQ1: What are the different perspectives in explaining generative AI adoption?
• RQ2: What are the key determinants influencing generative AI adoption?
• RQ3: What are the relationships among these key determinants?
• RQ4: Are there any differences to the relationships among these key determinants and

generative AI adoption at different usage time points?

This study is organized as follows. First, it describes the generative AI phenomena.
Then, a literature review was conducted to identify key determinants of generative AI
adoption in the past. Moreover, an integrated framework was developed, and a number of
hypotheses were defined for testing. In the Materials and Methods section, the background,
participants, data collection and data analysis are reported. In the Results section, the
instrument validation and the model testing results are reported. The Discussion section
explains the results and benchmarks them with prior studies. The theoretical contribution
and the practical contribution are discussed, and limitations and topics for further studies
are provided.

1.1. Literature Review
1.1.1. Technology Adoption

Technology adoption and acceptance have been extensively investigated over the past
few decades as emerging technologies continue to enhance productivity, quality of life,
and well-being. A Web of Science search for “technology adoption” returns 115,163 results,
including 5714 peer-reviewed articles published between 2020 and 2024. The primary aim
of this research stream is to explain the mechanisms and factors underlying technology
adoption, typically examined at the individual level with intention to use or actual usage as
the dependent variable (e.g., Berényi & Deutsch, 2023; Gong et al., 2025; Zhao et al., 2024).

A range of theoretical frameworks has been employed to study technology adop-
tion, including the Technology Acceptance Model (TAM) (e.g., Geng et al., 2023; Met-
allo et al., 2022), the Unified Theory of Acceptance and Use of Technology (UTAUT)
(e.g., Queiroz et al., 2021; Sorwar et al., 2023), and Technological Pedagogical Content Knowl-
edge (TPACK) (e.g., Zhang et al., 2025). Extended and integrated models are also common,
such as TAM combined with TPACK (e.g., Li, 2025) and UTAUT combined with TPACK
(e.g., Mohammad-Salehi et al., 2021). In addition to these frameworks, studies frequently

https://doi.org/10.3390/educsci16010128
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incorporate context-specific constructs to account for determinants relevant to particular
domains. These contextually grounded constructs are discussed below.

1.1.2. Risk Propensity

Risk propensity is defined as an individual’s current tendency to take or avoid risks
(Sitkin & Weingart, 1995, p. 1575) and is often treated as a stable dispositional trait.
However, Sitkin and Weingart (1995) argue that risk propensity can change over time and is
thus an emergent property of the decision maker (p. 1575). They attribute this changeability
in part to the influence of past experience: as individuals accumulate experience, they
may become less susceptible to contextual influences and more likely to exhibit adaptive,
cross-situational consistency. Empirically, risk propensity is a strong predictor of risk-taking
behavior (Müller et al., 2025). Because emergent technologies typically involve uncertainty
and ambiguity, constructs such as risk propensity, risk perception, and risk attitude have
been widely examined across technology contexts, including online shopping (Donthu &
Gilliland, 1996), peer-to-peer file sharing (Xu et al., 2005), farming technologies (Brick &
Visser, 2015), and auditors’ adoption of artificial intelligence (Bracci et al., 2025). At the
organizational level, evidence from more than 400 small and medium-sized enterprises
(SMEs) indicates that risk propensity affects firm-level technology adoption (Doe et al.,
2022). In the fintech domain, risk propensity significantly influences Generation Z’s peer-
to-peer borrowing decisions, with individuals reporting lower risk perceptions being more
vulnerable to debt (Yuswandi & Hamdani, 2025). However, findings are not uniformly
consistent. Some studies report no direct or indirect effects of risk propensity on behavioral
intention. For example, in research on AI-assisted programming, attitudes positively
predicted intentions to use ChatGPT, but risk propensity did not affect attitudes (Batac
et al., 2024). Overall, risk propensity appears to be a plausible determinant of behavioral
intention to use technology, but its effects may depend on contextual factors and may be
mediated or moderated by other variables, suggesting potential confounding influences.

1.1.3. Social Influence

Social influence is defined as the extent to which an individual perceives that important
others believe he or she should use a new system (Venkatesh et al., 2003, p. 451). Empirical
evidence consistently highlights its central role in technology adoption. For preservice
teachers, social influence emerged as the most significant positive predictor of behavioral
intention to use artificial intelligence in lesson planning (Acquah et al., 2024). In the context
of mobile platform applications, it directly and significantly shaped users’ continuance
intention (Liu et al., 2023). Cross-cultural research on college students in Poland and Egypt
similarly found that social influence significantly affected intentions to use generative AI.
In healthcare, social influence was a main determinant of intention to use AI doctors across
primary, secondary, and tertiary care settings (Uymaz et al., 2024). Within online learning,
it positively and significantly predicted students’ intention to use Tencent Meeting/VooV
Meeting for course participation (Qin & Yu, 2024). Beyond individual adoption, social
influence—together with sales technology orientation—was identified as a key driver of
social selling at the individual level, supported by organizational social media strategy,
tools, and content (Terho et al., 2022). To sum up, social influence appears to be a plausible
determinant of behavioral intention to use technology.

1.1.4. Performance Expectance

Performance expectancy—the degree to which an individual believes that using a
system will enhance job performance (Venkatesh et al., 2003, p. 447)—has been widely
examined across domains, geographies, and application types (e.g., Roy, 2024; Chi et al.,
2022). It frequently emerges as a key determinant of adoption. For instance, it was among

https://doi.org/10.3390/educsci16010128
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the most significant predictors of intention to use a biometric mobile payment system
(Liébana-Cabanillas et al., 2024). Studies of autonomous delivery robots for meals and
packages similarly found that performance expectancy influenced acceptance (Kaiser et al.,
2024). In healthcare, performance expectancy directly predicted passive clinician resistance
to implementing health information technology (E. D. Kim et al., 2023). In the context of
mobile platform apps, it had a direct and significant effect on continuance intention (Liu
et al., 2023). It also significantly shaped user acceptance of smart home voice assistants
(Zhong et al., 2024) and was associated with both actual participation and continued
engagement on video-conferencing platforms (Alajmi & Said Ali, 2022). Beyond behavioral
intention, performance expectancy was positively related to satisfaction with AI-based
digital assistants (Marikyan et al., 2022). Overall, empirical evidence supports performance
expectancy as a central determinant of technology acceptance.

1.1.5. Indirect and Mediating Effects

Across diverse technological contexts, these three constructs frequently operate
through indirect pathways rather than exerting purely direct effects on behavioral intention.
Performance expectancy often functions as a central mediator, translating upstream factors
(e.g., risk propensity, social influence, effort expectancy, task–technology fit, and literacy-
related capabilities) into adoption-related outcomes. In several cases, indirect pathways
attenuate or nullify direct effects, underscoring the importance of modeling mediation
and moderation.

Evidence suggests that risk propensity shapes intention primarily via cognitive ap-
praisals and attitudes rather than direct paths. For entrepreneurship, risk-taking propensity
increases attitude toward behavior and perceived behavioral control, which in turn predict
entrepreneurial intention (Mothibi & Malebana, 2025). In consumer technologies, higher
risk propensity enhances perceived usefulness of voice assistants (Sestino et al., 2024),
consistent with models where usefulness/performance beliefs mediate between trait risk
and adoption.

Social influence is commonly significant but often weaker than core expectancy and
attitude constructs. It can exert both direct and indirect effects depending on context.
For instance, it had a weak direct effect on intentions to use biometric mobile payment
(Liébana-Cabanillas et al., 2024), but in AI teaching preparedness, it operated directly
and indirectly via professional development (Ayanwale et al., 2024). Indirect channels
frequently run through performance-related beliefs: social influence affected clinician
resistance only indirectly via performance expectancy (E. D. Kim et al., 2023) and was
a critical antecedent of performance expectancy that ultimately shaped intention to use
autonomous vehicles (Ribeiro et al., 2022). Similarly, null direct effects in nursing students’
intent to use AI-based healthcare technologies may reflect mediation through performance
expectancy (Kwak et al., 2022).

Performance expectancy consistently shows both direct and mediating roles. It me-
diated the impact of task–technology fit on usage intention in BOPS contexts, whereas
social influence was nonsignificant (S. Kim et al., 2022). In automated shuttles, performance
expectancy and social influence directly predicted intention, with performance expectancy
mediating effort expectancy’s effect on intention (Nordhoff et al., 2021).

In sum, risk propensity, social influence, and performance expectancy collectively
influence technology adoption through a network of indirect effects, with performance
expectancy frequently acting as the central conduit that translates upstream determinants
into behavioral intention.

https://doi.org/10.3390/educsci16010128
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1.1.6. Short Run and the Long Run

Prior studies suggest that technology adoption is not static and change over time
(e.g., Kolil & Achuthan, 2023). As users gain experience or receive training, the relative
influence of key determinants can change. Sitkin and Weingart (1995) argue that risk
propensity is an emergent, experience-sensitive property rather than a fixed trait. As
individuals accrue experience, they become less susceptible to transient contextual cues
and are more likely to display cross-situational consistency in risk-taking. This implies that
early-stage variability in risk responses may stabilize over time. In a study of older adults’
smartphone acceptance before and after training, social influence significantly impacted
behavioral intention only after the training (Yang et al., 2023). This suggests that once
users share a common frame of reference (from training or early use), normative cues from
peers, instructors, or caregivers become more actionable and influential. In the same study
of older adults, performance expectancy predicted behavioral intention before training,
but not after (Yang et al., 2023). Initially, beliefs about usefulness and performance gains
drive intention because users anchor decisions on anticipated benefits. After training, as
performance beliefs become more concrete (or variance in these beliefs narrows), their
marginal impact on intention can decline, while social influence or habit takes on a larger
role.

In sum, determinants of behavioral intention are dynamic: they may evolve with
experience, become more salient following exposure or training, or diminish in influence
as other factors assume prominence at a longer usage time point.

1.2. Model Framework and Hypotheses Development

With the above literature review, an integrated model comprising individual, social
and technology perspective was proposed to explain generative AI adoption by individ-
ual college students. The model framework was composed of key determinants of risk
propensity (individual perspective), social influence (social perspective) and performance
expectancy (technology perspective) to the behavioral intention to use and hence actual
usage of generative AI by individual users (see Figure 1).

Figure 1. An integrated generative AI adoption model framework.

1.2.1. Risk Propensity

Risk propensity—defined as an individual’s current tendency to take or avoid risk
(Sitkin & Weingart, 1995, p. 1575)—is not fixed; it evolves with experience. The adoption of

https://doi.org/10.3390/educsci16010128
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emergent technologies typically entails uncertainty and potential loss (e.g., security and
privacy threats in early online purchasing and peer-to-peer file sharing). In the context
of generative AI, from the individual perspective, students may anticipate both benefits
(enhanced academic performance) and salient risks (accusations of cheating, inaccurate
outputs), which can deter use (Freeman, 2025; Marks, 2025). In early stages, greater risk
aversion (i.e., lower risk-taking propensity) should heighten the perceived downsides
and suppress perceived benefits, leading to lower performance expectancy and weaker
intention to use. At a longer usage time point, however, as users accumulate uneventful
experience, uncertainty typically declines, usage becomes routinized, and the familiar
option is reframed as the safer status quo. Under these conditions, risk-averse individuals
may prefer continued use of the now-familiar system and come to perceive higher per-
formance gains, whereas switching to alternatives (new tools or environments) is viewed
as the riskier choice. This temporal rebalancing supports distinct short-run and long-run
predictions. Therefore, we test,

Hypotheses (short run)

• H1a: Greater risk aversion is associated with lower behavioral intention to use
generative AI.

• H1b: Greater risk aversion is associated with lower performance expectancy regarding
generative AI.

Hypotheses (long run)

• H1c: At a longer usage time point, as experience accumulates, greater risk aversion is
associated with higher behavioral intention to use generative AI.

• H1d: At a longer usage time point, as experience accumulates, greater risk aversion is
associated with higher performance expectancy regarding generative AI.

1.2.2. Social Influence

Social influence is the perceived expectation of important others that one should use a
particular system (Venkatesh et al., 2003, p. 451). College students are embedded in social
networks comprising instructors, peers, and the broader campus community. Within these
networks, behavior is shaped by normative pressures and identification processes: students
align with valued referents, adhere to community norms, and comply with perceived
expectations to maintain belonging and avoid dissonance.

Applied to generative AI, from the social perspective, when students perceive that
significant others endorse or use these tools, they are more likely to form intentions to
use them.

The influence of normative pressures is also likely to have cognitive consequences. To
justify conformity and maintain self-consistency, students exposed to strong social influence
may actively search for, attend to, and learn about the performance benefits of generative
AI, thereby elevating their performance expectancy. At a longer usage time point, as
students gain experience and usage becomes routine, the direct normative pressure can
attenuate; intentions may be sustained more by habit and internalized evaluations than by
explicit expectations. Nevertheless, social influence can continue to exert indirect effects by
shaping learning opportunities, peer support, and shared practices that reinforce perceived
performance gains. Therefore, we test,

Hypotheses (short run)

• H2a: Greater social influence is associated with higher behavioral intention to use
generative AI.

• H2b: Greater social influence is associated with higher performance expectancy re-
garding generative AI.

https://doi.org/10.3390/educsci16010128
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Hypotheses (long run)

• H2c: At a longer usage time point, as experience accumulates, greater social influence
is associated with higher behavioral intention to use generative AI.

• H2d: At a longer usage time point, as experience accumulates, greater social influence
is associated with higher performance expectancy regarding generative AI.

1.2.3. Performance Expectancy

Performance expectancy—the belief that using a system will enhance one’s task per-
formance (Venkatesh et al., 2003, p. 447)—is central to students’ technology adoption. For
college students whose core activities include learning, information seeking, and solving
everyday problems by applying course knowledge, generative AI can streamline key tasks.
By enabling rapid information retrieval, idea generation, and interactive problem-solving,
generative AI can increase efficiency relative to traditional methods (e.g., manual library
searches and extensive reading). Accordingly, the more students perceive generative AI as
useful for their academic tasks, the stronger their intention to use it.

Experience is likely to amplify this relationship. As students become more familiar
with generative AI, they learn to formulate effective prompts, evaluate outputs, and
integrate the tool into their study routines. These competencies can increase realized
benefits, thereby strengthening the link between performance expectancy and intention at
a longer usage time point. Therefore, we test,

Hypotheses (short run)

• H3a: Higher performance expectancy regarding generative AI is associated with
higher behavioral intention to use generative AI.

Hypothesis (long run)

• H3b: At a longer usage time point, the positive association between performance
expectancy and behavioral intention to use generative AI will be stronger than in the
short run.

1.2.4. Intention to Use

Behavioral intention is a well-established proxy for predicting technology usage in
adoption research (e.g., Gong et al., 2025; Zhao et al., 2024). Although some studies capture
actual usage directly (e.g., Berényi & Deutsch, 2023), intention remains a robust antecedent
of behavior: when individuals report stronger intentions to use technology, their subsequent
usage tends to be higher. Applied to generative AI among college students, higher intention
to use should translate into greater actual use. Moreover, this intention–behavior linkage
is expected to be stable at a longer usage time point; accumulating experience may have
different absolute levels of intention and usage, but not the positive association between
them. Therefore, we test,

Hypotheses (short run)

• H4a: Higher behavioral intention to use generative AI is associated with higher actual
usage of generative AI among individual students.

Hypothesis (long run)

• H4b: At a longer usage time point, higher behavioral intention to use gener-
ative AI remains associated with higher actual usage of generative AI among
individual students.

https://doi.org/10.3390/educsci16010128
7



Educ. Sci. 2026, 16, 128

2. Materials and Methods

2.1. Background

A local tertiary institution in Hong Kong began providing free, quota-based access
to ChatGPT for all staff and students on 1 September 2024 (AY2024–2025), allocating
100 credits to each student and 200 credits to each staff member. This study investigated
students’ usage patterns and perceptions of ChatGPT at the beginning of the initiative and
again at the end of the academic year.

2.2. Subjects

The participants were students from a local tertiary institution in Hong Kong. In
Stage 1, all students at the college were invited to participate via internal email. A total
of 145 students completed the survey (44 male, 101 female), reflecting the institution’s
overall gender distribution. Participants’ ages ranged from 17 to 49 years (M = 22.54).
In Stage 2, one class offered in the summer semester was randomly selected. With the
instructor’s consent, two research assistants invited all enrolled students to participate. A
total of 111 students completed the survey (23 male, 87 female, 1 not specified). This class
primarily comprised nursing students enrolled in a social media communication course,
a field in which female students predominated. Their ages ranged from 18 to 27 years
(M = 20.36).

2.3. Measurements

Previously validated scales were adapted for this study. Risk propensity was measured
with two items (Xu et al., 2005); performance expectancy (four items), social influence (four
items), and intention to use (three items) were drawn from Venkatesh et al. (2003) (see
Table A1 in the Appendix A). All constructs were assessed using a 7-point Likert scale
ranging from 1 (strongly disagree) to 7 (strongly agree). Self-reported usage was captured
with a 7-point frequency scale ranging from 1 (never/rarely) to 7 (several times per day).

2.4. Data Collection

Data collection occurred in two stages. Stage 1 took place in October 2024, approxi-
mately one month after the institution launched its ChatGPT portal on 1 September 2024.
An invitation email was distributed to all students via the internal mailing list, directing
them to a survey hosted on Microsoft Forms. The survey opened with an informed consent
page; participants who indicated agreement proceeded with the questionnaire. Completion
time averaged about 10 min, as recorded by Microsoft Forms. The survey remained open
for three weeks, during which two reminder emails were sent.

Stage 2 was conducted in mid-July (approximately ten months after the portal’s
launch). With prior consent from the instructor, two research assistants visited a randomly
selected summer-semester class. Students were provided with an informed consent form
to sign and return, after which they completed the same survey administered in Stage 1.
The survey took approximately 10 min to complete, and the research assistants collected
the completed forms on site.

Ethical approval for the study was obtained from the College Research Ethics Com-
mittee in July–August 2024, prior to the start of the academic year.

2.5. Data Analysis

It began with a descriptive analysis to profile the sample. This included a detailed
summary of participants’ demographic characteristics and patterns of ChatGPT usage.
Then, a descriptive analysis of all determinants, alongside the computation of means and
standard deviations were presented. Building on this foundation, the measurement model

https://doi.org/10.3390/educsci16010128
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underwent rigorous evaluation to establish psychometric soundness, with procedures
implemented to demonstrate both reliability and validity. Following confirmation of
the measurement properties, the structural model was estimated and the hypothesized
relationships were systematically examined using Partial Least Squares Structural Equation
Modeling (PLS-SEM) (Hair et al., 2022). This analytic approach enabled robust testing of the
proposed hypotheses and provided a comprehensive evaluation of the model’s explanatory
power and path relationships.

3. Results

3.1. Descriptive Analysis of Respondents

System log statistics for ChatGPT usage (1 September 2024–31 August 2025). At the
start of the 2024–2025 academic year (September 2024), 4457 students were enrolled. The
institution provided all staff and students with access to ChatGPT via a customized online
portal launched on 1 September 2024. According to the system logs, after three months
of use (by 30 November 2025), there were 1223 student logins, with 865 distinct student
users, and total credit consumption of 4793.05. Two students exhausted their full allocation
of 100 credits, and 16 students used more than 50 credits. By the end of the academic
year (31 August 2025), there were 1626 student logins and 1228 distinct student users, with
total credits consumed of 10,656.11. Twelve students exhausted their 100-credit quota, and
48 students used more than 50 credits.

Survey participants. Data collection was conducted in two waves: October 2024
and July 2025. Stage 1 yielded 145 completed questionnaires, and Stage 2 yielded 111.
The institutional gender distribution was 32.8% male and 67.2% female. Stage 1 closely
mirrored this distribution, whereas Stage 2 was similar but showed a slight deviation from
the overall population. Moreover, Stage 1 included a higher proportion of Year 1 students,
whereas Stage 2 comprised more students in Years 2 and 3. This sampling issue is discussed
further in the Limitations section. The table below summarizes descriptive statistics for
respondent characteristics (see Table 1).

Table 1. Descriptive analysis of respondents.

Stage 1 (October 2024)
n = 145

Stage 2 (July 2025)
n = 111

Gender
Male: 44 (30.3%); Male: 23 (20.9%);

Female: 101 (60.7%) Female = 87 (79.1%) (1 not indicated)

Year of Study

Year 1: 69 Year 1: 12
Year 2: 28 Year 2: 48
Year 3: 24 Year 3: 38
Year 4: 19 Year 4: 13
Year 5: 5 Year 5: 0

3.2. Instrument Validation

Table 2 presents descriptive statistics for all constructs—risk propensity (RP), social
influence (SI), performance expectancy (PE), intention to use (INT), and usage—including
means and standard deviations, Cronbach’s alpha, composite reliability (CR), and average
variance extracted (AVE).

Reliability denotes the degree to which a measure consistently captures the construct
it is intended to assess; it reflects the proportion of true-score variance uncontaminated
by measurement error (Hair et al., 2010). Multi-item scales typically yield more reliable
estimates than single-item measures. Before conducting substantive analyses, scale relia-
bility was evaluated using Cronbach’s alpha, treating values in the 0.60–0.70 range as the
lower bound of acceptability (Hair et al., 2010; Nunnally & Bernstein, 1994). In this study,
all constructs at both Stage 1 and Stage 2 exceeded 0.70, indicating satisfactory internal
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consistency. Additionally, composite reliability (CR), computed from the confirmatory
factor analysis, was used to assess internal consistency; all constructs exhibited CR values
above 0.90, supporting strong internal consistency (Bagozzi & Yi, 1988; Hair et al., 2010)
(see Table 2).

Table 2. Descriptive analysis of variables.

Stage 1 (October 2024) Stage 2 (July 2025)

M(SD) α CR AVE M(SD) α CR AVE

RP 5.08 (1.217) 0.818 0.915 0.843 4.52 (1.298) 0.780 0.900 0.819
SI 4.77 (1.183) 0.864 0.907 0.710 4.02 (1.234) 0.891 0.924 0.753
PE 5.45 (1.194) 0.944 0.959 0.856 4.90 (1.551) 0.964 0.974 0.904

INT 5.33 (1.435) 0.965 0.977 0.934 4.75 (1.658) 0.970 0.981 0.944
Usage 1 3.80 (1.869) 3.47 (1.925)

1 Single item.

With reliability established, validity was assessed. Validity refers to the extent to
which a measure or set of measures accurately represents the target construct and is free
from systematic or nonrandom error; it concerns how well the construct is captured by its
indicators (Hair et al., 2010). Convergent and discriminant validity are two widely accepted
forms of construct validity.

Convergent validity evaluates the degree to which indicators of the same construct are
correlated. In this study, standardized factor loadings and average variance extracted (AVE)
provided evidence of convergence: all item loadings on their intended constructs exceeded
0.80, and all AVE values were above 0.70, indicating that each construct explained more
than 70% of the variance in its indicators. Taken together, these results support convergent
validity (Chin, 1998; Fornell & Larcker, 1981; Hair et al., 2010) (see Table 2).

Discriminant validity assesses the extent to which conceptually related constructs
are empirically distinct. Discriminant validity was evaluated using the Fornell–Larcker
criterion (Fornell & Larcker, 1981; Henseler et al., 2015). For each construct, the square root
of AVE exceeded its correlations with other constructs, and AVE values were greater than
the squared interconstruct correlations (see Table 3), consistent with discriminant validity.
To supplement these results, the cross-loadings matrix was inspected (Chin, 1998; Hair
et al., 2022), which showed that each indicator loaded highest on its intended construct and
substantially higher than on any other construct (see Table 4). Collectively, these findings
demonstrate satisfactory discriminant validity of the scales.

Table 3. Fornell-Larcker Matrix.

Stage 1 (October 2024) Stage 2 (July 2025)

RP SI PE INT Usage RP SI PE INT Usage

RP 0.918 0.905
SI 0.278 0.842 0.541 0.868
PE 0.256 0.705 0.925 0.572 0.635 0.951

INT 0.251 0.618 0.728 0.966 0.5 0.473 0.7 0.972
Usage −0.058 0.234 0.318 0.446 1 0.244 0.348 0.508 0.495 1
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Table 4. Cross-loadings Matrix.

Stage 1 (October 2024) Stage 2 (July 2025)

INT PE RP SI INT PE RP SI

RP1 0.237 0.285 0.942 0.287 0.391 0.485 0.887 0.476
RP2 0.223 0.17 0.894 0.215 0.506 0.547 0.923 0.501
SI1 0.507 0.592 0.208 0.857 0.342 0.517 0.499 0.85
SI2 0.479 0.564 0.209 0.832 0.356 0.497 0.448 0.888
SI3 0.565 0.652 0.243 0.867 0.493 0.593 0.47 0.908
SI4 0.528 0.56 0.275 0.813 0.429 0.581 0.459 0.822
PE1 0.697 0.924 0.18 0.638 0.655 0.936 0.554 0.586
PE2 0.663 0.934 0.258 0.639 0.678 0.972 0.541 0.622
PE3 0.635 0.932 0.245 0.632 0.71 0.962 0.529 0.583
PE4 0.695 0.91 0.263 0.694 0.619 0.933 0.555 0.624

INT1 0.973 0.712 0.273 0.614 0.967 0.684 0.478 0.474
INT2 0.964 0.705 0.233 0.604 0.979 0.653 0.46 0.418
INT3 0.962 0.695 0.221 0.573 0.968 0.703 0.519 0.486

Note. Factor loadings on the target construct are shown in bold to emphasize the primary association; bold values
represent the highest loading for each item.

In sum, both the reliability and validity of the scale were rigorously assessed and
supported by the evidence.

3.3. Model Testing Results

In preliminary analyses, we assessed potential control variables (gender, age, social or-
ganization participation, and parents’ education level) and found no significant associations
with intention to use.

Subsequently, structural model analysis and path coefficient estimation were con-
ducted using PLS-SEM in SmartPLS 4.1.1. PLS-SEM was deemed appropriate because the
study’s primary objective is prediction and theory development rather than strict theory
testing; the model is complex, comprising numerous constructs, indicators, structural paths,
and multiple mediations, for which PLS-SEM scales effectively, including hierarchical
component models; and the sample size is small to moderate, aligning with PLS-SEM’s
minimal distributional assumptions (Chin, 1998; Hair et al., 2022).

3.3.1. Overall Model

The model explained a moderate proportion of variance in Intention to Use at both time
points (Stage 1: R2 = 0.554, adjusted R2 = 0.552; Stage 2: R2 = 0.505, adjusted R2 = 0.492),
consistent with benchmark guidelines in PLS-SEM that classify R2 values around 0.50 as
moderate and around 0.75 as substantial (Hair et al., 2022; Cohen, 1988) (see Figure 2a,b;
Table 5). For Usage, explanatory power increased from Stage 1 to Stage 2 (R2 = 0.199 to
R2 = 0.245), representing an absolute gain of 0.046 (approximately 23% relative improvement).
While Usage remained at the weak-to-lower-moderate boundary (with 0.25 often used as
the threshold for weak-to-moderate), such levels are typical in behavioral outcomes where
variance is harder to explain than intentions. These results align with field norms in technology
adoption research, where R2 values of approximately 0.40–0.60 for intention and 0.20–0.30 for
behavior are commonly regarded as acceptable.
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(a) (b) 

Figure 2. Model testing results: (a) Stage 1; (b) Stage 2.

Table 5. Summary of hypotheses testing.

Stage 1 (October 2024) Stage 2 (July 2025)

Hypotheses Coefficients Support Coefficients Support

H1a: RP → INT β = 0.049, n-s No β = 0.147, n-s No
H1b: RP → PE β = 0.065, n-s No β = 0.324 ** Yes
H2a: SI → INT β = 0.199 * Yes β = 0.004, n-s No
H2b: SI → PE β = 0.687 *** Yes β = 0.460 *** Yes
H3: PE → INT β = 0.575 *** Yes β = 0.614 *** Yes
H4: INT → Usage β = 0.446 *** Yes β = 0.495 *** Yes
Indirect effect
RP → PE → INT β = 0.037, n-s β = 0.199 **
RP→ PE → INT → Usage β = 0.038, n-s β = 0.171 **
SI → PE → INT β = 0.395 *** β = 0.282 **
SI→ PE → INT → Usage β = 0.176 *** β = 0.140 **

* p < 0.05; ** p < 0.01; *** p < 0.001.

3.3.2. Risk Propensity

At Stage 1, the direct paths from risk propensity to intention to use (H1a) and to per-
formance expectancy (H1b) were not significant; thus, both hypotheses were not supported.
Consistent with these null direct effects, the indirect effect of risk propensity on intention
to use via performance expectancy (RP -> PE -> INT) was also non-significant (β = 0.037,
ns), as was the total indirect effect on usage through intention (RP -> PE -> INT -> Usage;
β = 0.038, ns).

At Stage 2, the direct effect of risk propensity on intention to use remained non-
significant (H1c not supported), whereas the path from risk propensity to performance
expectancy became significant (H1b supported; β = 0.324, p < 0.01). In line with this
pattern, the indirect effect of risk propensity on intention via performance expectancy was
significant (RP -> PE -> INT; β = 0.199, p < 0.01), as was the total indirect effect on usage
(RP -> PE -> INT -> Usage; β = 0.171, p < 0.01).

3.3.3. Social Influence

At Stage 1, both H2a (social influence → intention to use) and H2b (social influence
→ performance expectancy) were supported, with significant path coefficients (β = 0.199,
p < 0.05; β = 0.687, p < 0.001, respectively). Mediation analysis indicates partial mediation
by performance expectancy: social influence had a significant direct effect on intention
(β = 0.199, p < 0.05) and a significant indirect effect via performance expectancy (SI → PE
→ INT; β = 0.395, p < 0.001). The total indirect effect of social influence on usage through
intention was also significant (SI → PE → INT → Usage; β = 0.176, p < 0.001).

At Stage 2, the direct path from social influence to intention to use became non-
significant (H2c not supported), whereas the path to performance expectancy remained

https://doi.org/10.3390/educsci16010128
12



Educ. Sci. 2026, 16, 128

significant (H2d supported; β = 0.460, p < 0.001). In this stage, performance expectancy
fully mediated the effect of social influence: the indirect effect on intention via performance
expectancy was significant (SI → PE → INT; β = 0.282, p < 0.01), and the total indirect effect
on usage through intention was likewise significant (SI → PE → INT → Usage; β = 0.140,
p < 0.01).

3.3.4. Performance Expectancy

Across both Stage 1 and Stage 2, hypotheses H3a and H3b (performance expectancy
→ intention to use) were supported. The path coefficients were significant and robust at
each stage: β = 0.575 (p < 0.001) in Stage 1 and β = 0.614 (p < 0.001) in Stage 2.

3.3.5. Intention to Use

Across both Stage 1 and Stage 2, hypotheses H4a and H4b (intention to use → usage)
were supported. The path coefficients were significant in both stages: β = 0.446 (p < 0.001)
in Stage 1 and β = 0.495 (p < 0.001) in Stage 2.

3.3.6. Independent Analysis on Risk Propensity

As a post hoc analysis, the independent effects of risk propensity on behavioral in-
tention and usage was examined (see Figure 3a,b). At Stage 1, the direct effect of risk
propensity on intention was significant (β = 0.251, p < 0.05). At Stage 2, this effect approxi-
mately doubled and strengthened (β = 0.503, p < 0.001). Correspondingly, the explained
variance (R2) in intention increased from 0.063 at Stage 1 to 0.253 at Stage 2—an over
fourfold increase—indicating a substantial rise in the proportion of variance in intention
accounted for by risk propensity at a longer usage point of time. This is further discussed
in the limitation section.

 
(a) (b) 

Figure 3. Independent risk propensity model testing results: (a) Stage 1; (b) Stage 2.

4. Discussion

4.1. Key Findings

Key findings are summarized below:

• Model performance: The model showed moderate explanatory power for intention to
use (Stage 1: R2 = 0.554, adjusted R2 = 0.552; Stage 2: R2 = 0.505, adjusted R2 = 0.492),
consistent with PLS-SEM benchmarks (Hair et al., 2022; Cohen, 1988), and weak-to-
lower-moderate but improving explanatory power for usage (R2 = 0.199 → 0.245;
+0.046, ~23% gain), aligning with field norms that regard ~0.40–0.60 for intention and
~0.20–0.30 for behavior as acceptable.

• Individual factor—risk propensity: Overall, risk propensity shows no influence on in-
tention or usage at Stage 1—either directly or via performance expectancy—indicating
no short-run mediation; by contrast, at Stage 2, with the direct effect on intention
remaining non-significant and the indirect pathways becoming significant, risk propen-
sity’s impact on both intention and usage is fully mediated by performance expectancy.

• Social factor—social influence: The influence of social factors shifts from a combination
of direct and indirect pathways at Stage 1 to a purely indirect pathway via performance
expectancy at Stage 2.
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• Technology factor—performance expectancy: Performance expectancy was a consis-
tent and central determinant, exerting both direct and indirect effects on intention to
use at both the initial stage and a longer usage time point.

• Behavioral linkage: Intention to use significantly predicted actual usage

4.2. Individual Factor—Risk Propensity

In the initial post-launch period (Stage 1), college students’ risk propensity showed no
significant association with their intention to use generative AI, a result that contradicts
the hypothesized relationship yet aligns with some prior work (e.g., Batac et al., 2024).
This suggests that, early on, decisions to use generative AI were not shaped by students’
dispositional tendency to take or avoid risk; in other words, students did not perceive using
generative AI as a form of risk-taking that would be moderated by their risk orientation.
Such null findings may help explain the limited attention to risk propensity in earlier
technology-adoption studies: if treated as a stable trait, risk propensity might appear
irrelevant to adoption decisions.

Guided by Sitkin and Weingart’s (1995) conceptualization that risk propensity can evolve
with experience, its role was examined at two distinctive time points. Although the di-
rect effect of risk propensity on intention remained non-significant at Stage 2, the path
from risk propensity to performance expectancy became significant, yielding a significant
indirect (mediated) effect on intention and, in turn, on usage. This pattern is consistent
with studies that identify risk propensity as a predictor of technology-related intentions
(e.g., Bracci et al., 2025; Brick & Visser, 2015; Donthu & Gilliland, 1996; Xu et al., 2005). A plau-
sible explanation is that as students accumulate experience, their risk-related assessments of
generative AI—and their beliefs about its academic utility—become more favorable, thereby
strengthening performance expectancy and subsequently intention. This temporal dynamic
may also account for mixed results in the literature, as findings likely depend on the stage of
users’ exposure and experience at the time of data collection.

Importantly, the absence of a direct effect on intention indicates that students do not
adopt generative AI merely because they deem it “safe”; rather, adoption is driven by
perceived performance benefits that develop over time. Practically, institutions seeking to
increase adoption—especially among risk-averse students—should emphasize evidence-
based best practices, training, and workshops that reinforce both the legitimacy and the
academic usefulness of generative AI. These efforts can address salient concerns reported in
recent surveys (e.g., fear of cheating accusations, misinformation, and potential harm to aca-
demic integrity and performance; Marks, 2025), thereby enhancing performance expectancy
and, through it, intention to use. By shifting attention from general ethical concerns to the
less-explored role of risk propensity and its evolution, this study advances understanding
of student decision-making and offers actionable guidance for implementation strategies.

4.3. Social Factor—Social Influence

Prior empirical research consistently identifies social influence as a significant predictor
of technology adoption (Acquah et al., 2024; Liu et al., 2023; Qin & Yu, 2024; Terho et al.,
2022; Uymaz et al., 2024). In the initial phase of use (e.g., the first month), college students’
intention to use generative AI is positively associated with perceived social influence,
aligning with the dominant findings in the literature. Over time, the direct effect of social
influence on intention diminishes and becomes fully mediated by performance expectancy;
that is, social influence affects intention only through its impact on perceived usefulness.
This pattern is consistent with studies documenting indirect and mediating pathways to
intention via other belief constructs (Liébana-Cabanillas et al., 2024; Ayanwale et al., 2024).
Therefore, higher perceived social influence increases students’ performance expectancy
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(i.e., perceived usefulness) of generative AI, which in turn raises their intention to use and
ultimately their actual usage.

These results provide significant practical implications. Institutions and instructors can
shape students’ engagement with generative AI. In early stages, interventions that leverage
social norms and peer endorsement may be effective. As time progresses, promotional
efforts should pivot to demonstrating concrete benefits and providing guidance on how
generative AI supports academic tasks, thereby strengthening performance expectancy and
sustaining usage.

4.4. Technology Factor—Performance Expectancy

Performance expectancy—defined as the belief that a technology enhances task
performance—has been repeatedly identified as a central determinant of technology adop-
tion (Chi et al., 2022; Roy, 2024; Kaiser et al., 2024; Liébana-Cabanillas et al., 2024; Venkatesh
et al., 2003). Consistent with this literature, the present study finds that performance ex-
pectancy robustly predicts both intention to use generative AI and hence self-reported
usage across time. More importantly, the study demonstrates that performance expectancy
operates as a key mediator within an integrated adoption framework: it transmits the
effects of the individual trait risk propensity and the contextual factor social influence onto
intention to use. In other words, risk propensity and social influence do not primarily drive
intention through direct pathways; rather, they shape intention insofar as they elevate
perceived usefulness, which then increases both intention and actual usage.

The mediating mechanism is straightforward. Individuals with higher risk propensity
are more willing to experiment with novel tools, which provides opportunities to observe
concrete performance gains (for example, faster drafting, clearer structuring, or more
accurate summarization). These mastery experiences raise performance expectancy and, in
turn, strengthen intention to use and subsequent usage. Thus, risk propensity motivates
initial exploration, but it is the realized utility—captured by performance expectancy—that
sustains adoption. Likewise, social influence—via peer endorsement, instructor modeling,
or institutional norms—exposes learners to credible use cases, best practices, and vicarious
evidence of benefits. Observing others achieve efficiency or quality improvements and
receiving guidance that reduces uncertainty increases perceived usefulness; this elevated
performance expectancy becomes the proximal driver of intention and behavior. Normative
pressure alone is insufficient without clear signals of utility.

These findings suggest actionable strategies for educational institutions and instruc-
tors. Early interventions can leverage social endorsement to catalyze trial, but sustaining
adoption requires systematically cultivating performance expectancy: provide discipline-
specific use cases, structured practice with feedback, and transparent metrics of improve-
ment (e.g., time saved, accuracy gains, output quality). Translating risk propensity and
social influence into usefulness signals—through demonstrations, peer showcases, and
curated prompt libraries—will more effectively promote ongoing use than risk assessment
and normative messaging alone.

4.5. Theoretical Contribution

This study investigated an integrated model of generative AI adoption among college
students. Drawing on a systematic literature review, we identified key determinants and
assembled them into a testable framework. The results not only confirmed significant
associations between these determinants and both intention to use and self-reported usage,
but also illuminated the dynamics of the adoption process. Specifically, performance
expectancy emerged as a central mediator through which both risk propensity and social
influence exert their effects on intention and usage. Moreover, by analyzing two cross-
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sectional datasets collected ten months apart, the study documented temporal shifts in
the strength and pathways of these effects. Collectively, these findings provide empirical
support that advances technology adoption theory and contributes to the broader literature
on AI adoption in higher education.

4.6. Practical Contribution

The study’s findings enrich our understanding of the generative AI adoption process
and yield actionable implications for effective implementation. Regardless of individual
differences in risk propensity or the strength of perceived social influence, performance
expectancy emerges as both the principal determinant of adoption and the pivotal medi-
ator through which these factors shape intention and use. Accordingly, implementation
strategies should prioritize training that introduces best practices tailored to academic
contexts, explicitly demonstrating what generative AI can do and how to use it to maximize
learning benefits in a legitimate and proper way. Communication should likewise fore-
ground safe and ethical use, offering clear guidance to ensure that AI supports—rather than
undermines—learning outcomes and academic integrity, thereby alleviating students’ con-
cerns about accusations of cheating and the propagation of false or misleading information
when using generative AI.

4.7. Limitations and Future Research

This study has several limitations that qualify the interpretation of its findings. First,
the design relied on two cross-sectional samples rather than a longitudinal panel; partic-
ipants at Stage 1 (n = 145) and Stage 2 (n = 110) were different individuals, precluding
within-person analyses of change and limiting causal inference over time. Although the two
samples differed in gender distribution and year-of-study composition, both were drawn
from the same institutional cohort in which ChatGPT was introduced simultaneously.
Future research is recommended to employ a longitudinal panel design to corroborate
these findings. Second, the modest sample sizes reduce statistical power, precision, and
generalizability; future work would benefit from larger samples (e.g., over 200 per wave)
to yield more reliable estimates and support more complex model testing. Third, the
model may omit relevant individual-level determinants—such as self-efficacy and risk
perception—identified in prior research, raising concerns about omitted-variable bias. No-
tably, an independent analysis revealed a significant direct effect of risk propensity on
intention to use (β = 0.251, p < 0.05), suggesting that the integrated model may exclude
important confounders or untested mediating pathways. Collectively, these observations
indicate that the current framework is informative but incomplete. Future studies should
employ longitudinal designs, increase sample sizes, expand the construct set to include
potential mediators and moderators (e.g., trust, perceived risk, risk attitude, self-efficacy,
anxiety), and compare alternative model specifications to determine whether the effect of
risk propensity on intention is direct, indirect, or fully mediated through other constructs.

5. Conclusions

This study examines a timely and important issue: the adoption of generative AI by
college students. On one hand, generative AI represents an innovative tool that can enhance
academic performance by clarifying complex concepts, enabling brainstorming of ideas
and solutions to real-world problems, and providing continuous, on-demand feedback that
complements instructor support. On the other hand, many academic institutions enforce
restrictive use policies and deploy AI-detection tools to deter misuse, aiming to prevent
plagiarism, cheating, and the spread of misinformation—measures that may inadvertently
discourage students from using generative AI altogether. Drawing on the prior literature,
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we developed and tested an integrated framework encompassing individual, social, and
technological factors to identify the key determinants of adoption and to illuminate the
complexity of students’ decision-making. The analysis revealed significant relationships
among risk propensity, social influence, and performance expectancy with intention to use,
which in turn was associated with actual usage. These findings contribute to the literature
by advancing theoretical understanding of generative AI adoption and by offering practical
implications for implementation within higher education.
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Appendix A Measurement Items

Table A1. Measurement items.

Constructs (Sources)/Items

Risk Propensity (Xu et al., 2005)
RP1 I avoid risky things.
RP2 I would rather be safe than sorry.

Social Influence (Venkatesh et al., 2003)
SI1 People who influence my behavior think that I should use ChatGPT.
SI2 People who are important to me think that I should use ChatGPT.

SI3 The senior management of this business has been helpful in the use
of ChatGPT.

SI4 In general, the organization has supported the use of ChatGPT.

Performance Expectancy (Venkatesh et al., 2003)
PE1 I would find ChatGPT useful in my study.
PE2 Using ChatGPT enables me to accomplish tasks more quickly.
PE3 Using ChatGPT increases my productivity.

PE4 If I use ChatGPT, I will increase my chances of getting better
academic performance.

Intention to Use (Venkatesh et al., 2003)
INT1 I intend to use ChatGPT in the next 4 weeks.
INT2 I predict I would use ChatGPT in the next 4 weeks.
INT3 I plan to use ChatGPT in the next 4 weeks.
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Abstract

The rapid development of educational technologies requires a deeper understanding of
pre-service teachers’ readiness for artificial Intelligence and the extent to which their pro-
fessional self-efficacy beliefs influence this process. Although the integration of emerging
technologies has gained increasing attention, the relationship between technological compe-
tence and professional confidence among pre-service teachers remains underexplored. This
study aims to investigate the interplay between pre-service teachers’ readiness for artificial
intelligence and their professional self-efficacy. An exploration sequential mixed method
design was employed, beginning with a quantitative phase involving 293 pre-service teach-
ers, followed by a qualitative phase to capture deeper insights. Findings revealed that
pre-service teachers demonstrated an elevated level of readiness for artificial intelligence
and positive self-efficacy beliefs, yet no meaningful relationship emerged between the two
variables. The results suggest that professional self-efficacy and technological readiness
are influenced by broader contextual and pedagogical factors rather than functioning in
a straightforward manner. In the qualitative phase, participants highlighted both oppor-
tunities and challenges related to the use of artificial intelligence in primary education.
While many emphasized its potential to support personalized learning, reduce workload,
and enhance student adaptability, concerns were raised about ethical implications, risks to
social-emotional development, cultural values, digital literacy gaps, and infrastructural
limitations. The study underscores the necessity for teacher education programs to extend
beyond technical training by incorporating pedagogical, ethical, and cultural dimensions
to prepare pre-service teachers for meaningful integration of artificial intelligence into
educational practice.

Keywords: artificial intelligence; digital literacy; pre-service teachers; self-efficacy;
teacher education

1. Introduction

The training of future educators for artificial intelligence (AI) significantly influences
their perception of professional self-efficacy in educational settings. The preparation
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for AI includes both the knowledge and attitudes that future educators maintain on the
integration of AI technologies into their teaching practices. Rajapakse et al. (2024) assert
that a substantial link exists between teachers’ preparedness for implementing AI and
their confidence in efficiently instructing pupils in this area. The analysis of a cohort of
pre-service teachers indicated that individuals with enhanced AI preparation exhibited
increased confidence in their capacity to instruct on AI-related content, implying that
pedagogical trust can be strengthened through targeted training in AI tools and applications.
Liu (2025) investigated the mediating influence of AI preparation, suggesting that enhanced
preparation for technologies significantly enhances the relationship between the adoption
of these technologies and a teacher’s self-efficacy beliefs. This emphasizes the necessity
for pre-service educators to engage actively in AI training to enhance security in their
professional practice.

The convergence of digital literacy and self-efficacy beliefs elucidates the dynamics
involved in AI preparation. Lim (2023) identified a positive correlation between the digital
competencies of early childhood educators and their perspectives on artificial intelligence
instruction for young children. This discovery underscores the significance of digital compe-
tence as a prerequisite for the successful incorporation of AI in educational practices, hence
impacting educators’ self-efficacy. Future educators’ digital literacy enhances the seamless
integration of AI technologies in their instruction and bolsters their confidence in utilizing
these resources to enhance educational outcomes. Furthermore, the study conducted by
Yao and Wang (2024) broadens this discussion to encompass special education, illustrating
that digital literacy enhances the self-efficacy beliefs of special education teachers prior to
their service on the utilization of AI. They found that individuals with a solid foundation in
digital abilities felt more competent and secure in utilizing AI to modify their instructional
tactics for diverse students, thereby underscoring the essential importance of technology
proficiency in shaping self-efficacy.

Existing studies collectively demonstrate that the cultivation of AI preparation among
pre-service educators is strongly associated with their beliefs in professional self-efficacy. By
contextualizing professional development programs that prioritize AI and digital literacy,
teacher training institutions can enhance future educators’ confidence in implementing
technology advancements in their classrooms (Guettala et al., 2023; Alshorman, 2024;
Chiu et al., 2025; Farooq, 2025). This involvement directly impacts overall educational
outcomes, as enhanced self-efficacy correlates with increased student participation and
achievement. Further exploration of these complex relationships could yield essential
insights into the requisite elements of teacher preparation necessary to equip educators for
the evolving needs of educational technology (Zainuddin et al., 2024). The ramifications of
preparing future educators for artificial intelligence (AI) are substantial for teacher training
programs and the resulting educational outcomes. Guan et al. (2025) underscore the
imperative of comprehensive training in AI integration for pre-service teachers, claiming
that such training is essential for cultivating a sense of preparedness and augmenting
beliefs in professional self-efficacy. Guan et al.’s (2025) findings indicate a robust reciprocal
association between a teacher’s preparation to accept AI and their confidence in efficiently
utilizing technology in educational settings. When teacher training programs integrate
comprehensive AI training, they furnish educators with essential skills and knowledge,
hence enhancing their self-efficacy views.

Moreover, the significance of professional development in enhancing the pedagogical
skills of AI is undeniable. Sun et al. (2023) investigated a methodology grounded in the
understanding of technological pedagogical content knowledge (TPACK), concentrating on
its utility for K-12 computer science educators in the development of AI competitions. This
research demonstrates that systematic and ongoing professional development is crucial for
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fostering the knowledge and confidence required to incorporate AI into educational prac-
tices. When examining the convergence of technology, pedagogy, and knowledge, teacher
training programs can enhance the self-efficacy and readiness of pre-service educators to
utilize AI tools effectively.

The AI preparation scale by Ramazanoglu and Akın (2025) underscores an imme-
diate necessity for training programs focused on AI competencies. The scale serves as a
benchmark to assess instructors’ readiness to integrate AI into their teaching methodolo-
gies, emphasizing the necessity of tailored training programs. The findings of their study
indicate that comprehending the preparedness levels of pre-service teachers can guide
the development of training programs that emphasize AI literacy while also enhancing
instructors’ self-efficacy views.

Martin et al. (2020) investigated various course design attributes that significantly
enhance pre-service teachers’ perceptions of their instructional competencies, especially
for information and communication technology (ICT). Their findings indicate that specific
instructional tactics, including experiential learning opportunities and tutoring, are essen-
tial for fostering self-efficacy among trained educators. The correlation between course
design attributes and enhanced self-efficacy suggests that teacher training programs must
emphasize psychological and pedagogical frameworks that foster confidence in employing
AI as an educational instrument. Akcil et al. (2021) discovered that integration technol-
ogy is a complex and multifaceted process characterized by several dynamics, and that
complete integration is unattainable. As a result, suggestions were provided concerning di-
verse models, artificial intelligence, and Google Workspace tools to facilitate technological
integration by the challenges outlined in the research.

The collective research underscores a significant connection between the training of
pre-service teachers in AI and their attitudes toward professional self-efficacy. Effective
teacher training programs that address these characteristics enhance educators’ confidence
and skill in integrating technology into their work, which eventually supports improved
educational outcomes for students. The correlation between the training of pre-service
educators in artificial intelligence (AI) and their professional self-efficacy significantly
influences educational outcomes. Oran (2023) convincingly illustrates that educators with
elevated self-efficacy employ more effective teaching methodologies, resulting in enhanced
student performance. These results suggest that the enhancement of self-efficacy is not
merely an individual characteristic of educators but a vital element that can transform
educational effectiveness and, consequently, student learning outcomes. This link indicates
that when pre-service educators possess confidence in their capacity to incorporate AI tech-
nologies into their instruction, they are inclined to employ more innovative and successful
pedagogical practices. These tactics can enhance student engagement and comprehension,
resulting in improved academic outcomes.

Moreover, Zhang et al. (2023) expand this analysis through a multigroup examination
of pre-service teachers’ acceptance of AI in educational settings. Their findings indicate
considerable differences in how various sectors of this population understand and are
equipped for AI technologies. Individuals with superior preparation for AI have a height-
ened inclination to embrace enhanced pedagogical methods involving technology, as well
as to indicate elevated self-efficacy. Training programs must consider these disparities in AI
preparedness, personalizing techniques to enhance self-efficacy in those who may be more
resistant or less equipped for this technological transition. By acknowledging and address-
ing these disparities, teacher preparation can more efficiently equip educators to confront
the challenges of contemporary classrooms, hence enhancing educational outcomes.

Cultural effects significantly shape opinions of AI and its incorporation into educa-
tional procedures. Viberg et al. (2023) emphasize that varying cultural contexts can result
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in differing opinions regarding the effectiveness of AI in education. For instance, educators
from cultures emphasizing social learning may utilize AI tools differently than their coun-
terparts from more individualistic cultures. Cultural differences can influence instructors’
perceptions of self-efficacy and their inclination to embrace innovative technologies. The
interplay between cultural context and technology readiness creates a dynamic setting that
either fosters or inhibits educators’ self-efficacy views.

Given these complex relationships, it is evident that equipping pre-service educa-
tors with the skills and confidence necessary to effectively interact with AI is essential.
Adebagbo (2025) asserts that a comprehensive teacher training program incorporating
AI preparation enhances self-efficacy and equips educators to address the diverse issues
encountered in contemporary classrooms. Ayanwale et al. (2022) assert the necessity of
aligning teacher education priorities with the evolving educational landscape influenced
by technology. This alignment has the potential to enhance learning experiences across
diverse contexts, leading to improved educational outcomes. The scholarly discussion
underscores that education for AI among pre-service educators is crucial, as it strongly
correlates with their self-efficacy beliefs and, consequently, with the overall educational
outcomes for their pupils.

Based on the findings listed above, the rapid proliferation of artificial intelligence
technologies in education makes it crucial to determine the extent to which pre-service
teachers are ready for this transformation and their professional efficacy beliefs. Teachers’
attitudes toward technology and their perceptions of self-efficacy directly impact how these
technologies are implemented in the classroom. In this context, comprehensive studies that
address both pre-service teachers’ AI readiness and their professional self-efficacy beliefs
are quite limited.

This study aims to evaluate the relationship between teacher candidates’ readiness for
artificial intelligence and their professional self-efficacy beliefs.

To achieve this aim, answers to the following questions were sought.

1. What is the level of preparedness of teacher candidates for artificial intelligence?
2. What is the level of professional self-efficacy beliefs of pre-service teachers?
3. What is the relationship between teacher candidates’ readiness for artificial intelligence

and their professional self-efficacy beliefs?
4. What are the views of pre-service teachers on the use of artificial intelligence in

primary education?

2. Materials and Methods

2.1. Research Model

This research was conducted using an exploratory sequential mixed-method design.
Quantitative data were first collected, followed by qualitative data to further explain and
support this data. This methodology allowed us to determine the relationship between
pre-service teachers’ AI readiness levels and their professional self-efficacy beliefs using
numerical data, while their views on the use of AI at the primary school level were
analyzed in depth using qualitative data. Mixed methods is a research approach that
uses both quantitative (closed-ended) and qualitative (open-ended) data to gain a deeper
understanding of research questions, and where these data are analyzed and interpreted in
a mutually complementary manner. This method is particularly popular in fields based on
human interaction, such as the social, health, and behavioral sciences (Creswell, 2021).

This study also provides in-depth qualitative data on pre-service teachers’ views on
the use of artificial intelligence in primary education, demonstrating that technological
integration should be evaluated not only from a technical perspective but also from a
pedagogical and ethical perspective. This study aimed to offer concrete recommendations
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for updating the content of teacher education programs and developing strategic plans for
artificial intelligence education. In this respect, the study offers guidance for educational
policies, teacher education programs, and the integration of technology.

2.2. Participants

The study group consisted of 293 pre-service teachers enrolled in the Faculty of
Education at a state university in Kazakhstan during the 2024–2025 academic year. The
qualitative study was conducted with 20 pre-service teachers selected from this quantitative
sample using a purposive sampling method. Participants were selected from a variety of
grade levels and branches, aiming to contribute to the study in a multifaceted manner. This
provided a more comprehensive assessment of pre-service teachers’ readiness for artificial
intelligence and their professional self-efficacy beliefs in the Kazakh context.

2.3. Data Collection Tools

The study yielded both quantitative and qualitative data. Data collection was con-
ducted using three different tools: one qualitative and two quantitative. These tools aimed
to quantitatively measure pre-service teachers’ readiness levels for artificial intelligence
and their professional self-efficacy beliefs, as well as to provide an in-depth, qualitative
analysis of their views on the use of artificial intelligence in primary education. The scales
used were adapted to Kazakh culture, and validity and reliability studies were conducted.

2.3.1. Artificial Intelligence Readiness Scale

In this study, the Artificial Intelligence Readiness Scale, developed by B. Wang et al.
(2023) and adapted into Turkish by Özüdoğru and Yıldız Durak (2024), was used to deter-
mine teacher candidates’ readiness levels for artificial intelligence. The scale is structured
on a 5-point Likert-type scale and consists of 18 items in total. According to the rating scale,
1 is scored as strongly disagree, and 5 is scored as strongly agree. This scale consists of
18 items and 4 sub-dimensions. The sub-dimensions are “cognition, ability, vision, and
ethics in teaching”. The score ranges for the answer options of the scale are calculated as:
1:00–1:79 Strongly Disagree, 1:80–2.59 Agree, 2.60–3.39 Undecided, 3.40–4.19 Agree, and
4.20–5:00 Strongly Agree.

The “cognition” sub-dimension (5 items) measures participants’ understanding of
the role of teachers in the age of artificial intelligence. The “Competence” sub-dimension
(6 items) assesses their ability to use artificial intelligence effectively in the classroom. The
“Vision” sub-dimension (3 items) measures candidates’ foresight regarding the potential of
artificial intelligence in education. The “Ethics” sub-dimension (4 items) addresses teachers’
awareness of their ethical responsibilities in the use of artificial intelligence.

The scale was subjected to linguistic adaptation from Turkish to Kazakh. During the
translation process, two linguists translated it back and forth, and the original and Kazakh
versions were compared in terms of semantic equivalence. Necessary corrections were
made in line with expert opinions to form the definitive version of the scale. In addition,
the finalized items were carefully read and approved by two (2) educational technologists
and two (2) experts with doctorates in educational psychology. As part of the pilot study,
exploratory factor analysis (EFA) was conducted on 132 pre-service teachers. The KMO
value was 0.79, the Bartlett test result was χ2 = 548.665, p < 0.001, and the factor structure of
the scale was determined to be appropriate. The four (4) factor structure, explaining 75.9%
of the total variance, was preserved. Cronbach’s Alpha reliability coefficient of the scale
was calculated as 0.872, while the sub-dimensions were calculated as “cognition” 0.819,
“competence” 0.889, “vision” 0.850, and ethics 0.933.
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2.3.2. Professional Self-Efficacy Beliefs Scale

The Professional Self-Efficacy Beliefs Scale, developed by Çolak et al. (2017), was
used to determine pre-service teachers’ professional self-efficacy perceptions. The scale
consists of four sub-dimensions: “academic,” “social,” “intellectual,” and “professional
competence.” The scale was rated on a 5-point Likert-type scale. The score ranges for the
answer options of the scale are calculated as follows: 1:00–1:79 Strongly Disagree, 1:80–2.59
Agree, 2.60–3.39 Undecided, 3.40–4.19 Agree, and 4.20–5:00 Strongly Agree.

This scale was also adapted from Turkish to Kazakh using a forward-backward trans-
lation method, and expert assessments were obtained as part of linguistic equivalence
studies. A pilot study was conducted with a separate sample of 132 teacher candidates.
The overall reliability coefficient of the scale was found to be Cronbach’s alpha = 0.858.
The values for the sub-dimensions were calculated as “academic” 0.828, “social” 0.863,
“intellectual” 0.851, and “professional competence” 0.893. The findings demonstrated that
the scale is valid and dependable in the Kazakh context.

2.3.3. Semi-Structured Interview Form

For the qualitative aspect of the study, a semi-structured interview form was developed
to examine pre-service teachers’ views on the use of artificial intelligence in primary educa-
tion. The form included open-ended questions regarding the role of artificial intelligence
in education, its impact on teaching processes, potential advantages and disadvantages,
ethical and pedagogical implications, and recommendations.

During the form development process, field experts (at least PhD-level, working in
primary education programs) were consulted to assess its content validity. Adjustments
were made to the form based on feedback from four experts working in primary education
programs who hold at least PhD degrees. Additionally, the interview form was piloted
with three pre-service teachers to evaluate for clarity and appropriateness of questions.
Pilot participants were not included in the main study sample. During the interviews, each
participant’s responses were clarified when necessary, and the researchers took care to
avoid any loss of meaning. Qualitative data were analyzed by dividing them into themes
using content analysis.

2.4. Procedure

The data collection for the study was conducted during the 2024–2025 academic year.
Before the process began, pre-service teachers were provided with detailed information
about the purpose, scope, data confidentiality, and conditions of participation, and it was
clearly stated that their participation was voluntary.

Quantitative data were collected primarily through online (Google Form) and in-
person surveys. Participants completed the Artificial Intelligence Readiness Scale and the
Professional Self-Efficacy Beliefs Scale in an average of 20–30 min. The qualitative data
collection process then began, with a semi-structured form administered to 20 pre-service
teachers selected through a purposive sampling method. Technical support was provided
throughout the process, and the data was securely stored digitally.

2.5. Ethical Principles

All ethical guidelines were adhered to in this study. Approval was obtained from the
relevant university’s Ethics Committee before data collection. Participants were provided
with informed consent, and they were assured that their data would be used solely for
scientific purposes and that their identities would be kept confidential. Participants in the
study participated voluntarily, and it was clearly stated that they had the right to withdraw
from the process at any time if they wished. Furthermore, participant codes and personal
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information used in the qualitative data were kept confidential, and data security was
ensured by national legislation.

2.6. Data Analysis

Quantitative data were analyzed using SPSS version 26. Relationships between vari-
ables were determined using descriptive statistics (mean, standard deviation) and Pearson
correlation analysis. The significance level was set at 0.05. Qualitative data were analyzed
using content analysis. In this research, qualitatively collected data were analyzed using
thematic analysis techniques. Participant responses were thematically coded and classified
into specific categories. As a result of the analysis, pre-service teachers’ views on the
use of artificial intelligence in primary education were described under the headings of
opportunities, limitations, ethical/pedagogical concerns, and recommendations.

3. Results

3.1. What Is the Level of Preparedness of Teacher Candidates for Artificial Intelligence?

Table 1 presents the total and sub-dimensional means and standard deviation values
for the readiness levels of pre-service teachers towards artificial intelligence. According to
the findings, the general readiness level of the participants was high (M = 68.29; SD = 12.35).
When the sub-dimensions were examined, a high level of readiness was observed in the
dimensions of cognitive readiness (M = 19.35; SD = 4.27), artificial intelligence use skills
(M = 23.42; SD = 5.28), and artificial intelligence perception (M = 11.86; SD = 2.86). These
findings indicate that pre-service teachers have a sufficient level of understanding of
the basic concepts of artificial intelligence, using technology, and developing a positive
perception. In the ethical awareness sub-dimension, the participants’ mean score remained
at a moderate level (M = 13.65; SD = 3.13). This suggests that pre-service teachers’ awareness
of the ethical dimensions of AI is more limited than other dimensions and that more
educational support is needed in this area. Overall, pre-service teachers in Kazakhstan
have an elevated level of cognitive, practical, and perceptual readiness for AI, but there are
areas in which ethical awareness needs to be developed.

Table 1. Pre-service teachers’ readiness levels for artificial intelligence.

N Minimum Max M SD Level

Artificial Total 293 23.00 90.00 68.29 12.35 High
Artificial Cognition 293 5.00 25.00 19.35 4.27 High

Artificial Ability 293 6.00 30.00 23.42 5.28 High
Artificial Vision 293 3.00 15.00 11.86 2.86 High
Artificial ethics 293 6.00 20.00 13.65 3.13 Moderate

Valid N (listwise) 293 High

3.2. What Is the Level of Professional Self-Efficacy Beliefs of Pre-Service Teachers?

Table 2 presents the weighted mean (M) and standard deviation (SD) values for the
total and sub-dimension levels of pre-service teachers’ professional self-efficacy beliefs.
According to the findings, the participants’ general professional self-efficacy levels were
high (M = 99.74; SD = 17.40). When the sub-dimensions were examined, high levels of
self-efficacy were found in all of the sub-dimensions: academic self-efficacy (M = 19.51;
SD = 3.63), social self-efficacy (M = 30.17; SD = 6.68), intellectual self-efficacy (M = 25.55;
SD = 5.09), and professional self-efficacy (M = 24.49; SD = 5.25). These results demon-
strate that pre-service teachers possess academic knowledge and skills related to teaching
processes, can communicate effectively with students and stakeholders, are confident in
intellectual competencies such as critical thinking and accessing information, and have a
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high level of internalization of professional competencies such as professional ethics and
responsibility. Overall, pre-service teachers in Kazakhstan have strong self-efficacy for the
teaching profession across all dimensions and are highly confident in their ability to fulfill
their professional roles.

Table 2. Professional self-efficacy beliefs of pre-service teachers.

N Minimum Max M SD Level
Self-Total 293 59.00 135.00 99.74 17.40 High

Self-Academic 293 11.00 25.00 19.51 3.63 High
Self-Social 293 10.00 40.00 30.17 6.68 High

Self-intellectual 293 14.00 35.00 25.55 5.09 High
Self-Professional 293 14.00 35.00 24.49 5.25 High
Valid N (listwise) 293

3.3. What Is the Relationship Between Teacher Candidates’ Readiness for Artificial Intelligence and
Their Professional Self-Efficacy Beliefs?

Table 3 examines the relationship between AI readiness and self-efficacy. The corre-
lation analysis revealed a low-level relationship between the total AI readiness score and
the total self-efficacy score (R = −0.053, p > 0.05), and this relationship was not statistically
significant. This result suggests that pre-service teachers’ AI readiness levels and their
general self-efficacy perceptions do not influence each other.

Table 3. The relationship between teacher candidates’ readiness for artificial intelligence and profes-
sional self-efficacy.

Artificial
Intelligence Total

Self-Efficacy Total

Artificial
Intelligence Total

Pearson Correlation 1 −0.053
Sig. (2-tailed) 0.363

N 293 293

Self-Efficacy Total
Pearson Correlation −0.053 1

Sig. (2-tailed) 0.363
N 293 293

3.4. What Are the Views of Pre-Service Teachers on the Use of Artificial Intelligence in the Primary
Education Teaching Process?

Table 4 presents the themes related to prospective teachers’ views on the use of artificial
intelligence in primary education.

Table 4. Themes regarding pre-service teachers’ views on the use of artificial intelligence in primary
education.

Theme Subtheme f (n = 20) % Examples of Participant Opinions

Opportunities • Individualized learning
• Saving time for the teacher 15 75% “AI can deliver content based on

students’ learning styles.” (K9)

Limitations • Lack of infrastructure
• Digital competence issues 9 45% “There are still basic equipment

shortages in schools.” (K14)
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Table 4. Cont.

Theme Subtheme f (n = 20) % Examples of Participant Opinions

Ethical/Pedagogical
Concerns

• Decreased teacher-student
interaction
• Data security
• Exposure to technology at an
early age

11 55%
“The teacher figure is very

important for primary school
children.” (K6)

Suggestions

• The need for teacher training
• Development of guide
materials
• Continuous teacher support

13 65% “First of all, teachers should receive
good training.” (K2)

3.5. Qualitative Results
3.5.1. Opportunities

In Table 4, under this theme, pre-service teachers emphasized the potential of artificial
intelligence technologies to support individualized learning processes and reduce teacher
workload.

In the personalized learning subtheme, many participants noted that AI can provide
content tailored to students’ learning styles, paces, and needs. One participant expressed
this as follows:

“AI can present content according to students’ learning styles. It makes learning
easier.” (K9)

3.5.2. Limitations

As seen in Table 4,under this theme, participants stated that there are some technical
and individual obstacles to the effective use of artificial intelligence at the primary education
level. The subtheme of infrastructure deficiency highlighted the lack of adequate technology
equipment in schools and inadequate internet access. One participant expressed this
problem as follows:

“There are still basic equipment shortages in schools. These equipment deficien-
cies need to be addressed.” (K14)

3.5.3. Ethical/Pedagogical Concerns

As seen in Table 4, a sizable portion of the participants stated that some ethical and
pedagogical risks may arise with the introduction of artificial intelligence technologies into
the classroom environment.

The subtheme “decreased teacher-student interaction” emphasized that the teacher,
particularly at the primary school level, plays a role not only of imparting knowledge
but also of providing emotional and moral guidance. In this context, one participant
emphasized the irreplaceable importance of the teacher with the following words:

“The teacher figure is especially important for primary school children. Primary
school is one of the most important periods for children.” (K6)

Under the data security subtheme, ethical concerns were raised due to the lack of
transparency in how AI systems collect and process student data. It was emphasized that
this could create trust issues in the educational environment.

3.5.4. Recommendations

In Table 4, participants made some concrete suggestions for the healthy and efficient
integration of artificial intelligence into the educational environment. The subtheme “need
for teacher training” emphasized that teachers should undergo comprehensive training,

https://doi.org/10.3390/educsci16010043
29



Educ. Sci. 2026, 16, 43

both technically and pedagogically, to ensure the informed use of artificial intelligence
technologies. This view is evident in one participant’s statement:

“First of all, teachers should receive good training.” (K2)

The subtheme “Developing Guidance Materials” emphasized the importance of cre-
ating sample lesson plans, user guides, and ethical frameworks that teachers can refer to
when implementing AI in the classroom.

4. Discussion

The findings of the study indicate that pre-service teachers’ readiness levels for artifi-
cial intelligence are high. The high means in the sub-dimensions of cognitive competence,
practical skills, and ethical sensitivity reveal that preserved teachers possess basic knowl-
edge of artificial intelligence and have a cheerful outlook toward using this technology in
educational settings. This indicates that preserved teachers have strong potential in the
integration process of pedagogical technologies in the age of digital transformation. There
are studies in the literature that reach similar conclusions, such as the study of Ayanwale
et al. (2022). Similarly, in a study conducted by Örücü and Hasırcı (2024), assessments con-
ducted using the Artificial Intelligence Readiness Scale revealed that pre-service teachers
demonstrated an elevated level of cognitive and practical readiness for artificial intelligence.
Ramazanoglu and Akın (2025) and Hopcan et al. (2024) emphasize that pre-service teachers’
knowledge and skills regarding artificial intelligence directly affect the formation of their
teacher identities and their perceptions of professional competence. In this context, the
findings obtained in our study are consistent with the relevant literature and indicate that
pre-service teachers can integrate technological innovations. However, some opinions
reflected in the qualitative data indicate that, in addition to positive attitudes towards
artificial intelligence, there are also certain reservations. Ethical and pedagogical concerns,
differences in digital competence levels, and infrastructure deficiencies raise the question
of the extent to which readiness levels can be effectively used in practice. In this regard, it
is important that teacher preparation programs do not limit AI training to technical skills
alone; they should address it comprehensively, including ethical, pedagogical, and cultural
dimensions (Rajapakse et al., 2024; Darmawan et al., 2024).

Pre-service teachers have elevated levels of professional self-efficacy. Participants’
high mean scores in academic, social, intellectual, and professional subscales indicate that
they have developed a sense of confidence in the teaching profession. This suggests that pre-
service teachers have strong beliefs in both their pedagogical skills and their competencies
related to professional roles such as classroom management, communication, and problem-
solving. This finding aligns with Bandura’s (1997) social cognitive theory, which argues
that teacher self-efficacy is a multifaceted construct encompassing cognitive, motivational,
and affective dimensions. Furthermore, as noted in Zhang et al.’s (2023) study on teacher
self-efficacy focused on artificial intelligence, pre-service teachers’ professional self-efficacy
depends not only on technical skills but also on cognitive and affective factors such as
self-confidence, decision-making ability, and pedagogical fit. Professional self-efficacy, one
of the fundamental elements of qualified teacher training, directly affects teachers’ ability to
overcome the challenges they encounter in the teaching process and their impact on student
achievement (Tatlieşme & Gürgil, 2025). Therefore, the findings of this study indicate that
pre-service teachers are at a positive level in the process of internalizing their professional
competencies and are ready to assume effective teaching roles in the future. Furthermore,
it is frequently emphasized in the literature that professional self-efficacy perceptions are
directly related not only to individual factors but also to the learning opportunities offered
in pre-service education (Aydede, 2022), practical experiences, and digital pedagogical
content (Berlin et al., 2021; Keppens et al., 2021). In this context, supporting teacher
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training programs with practice-based and technology-supported teaching environments
will further strengthen these beliefs of pre-service teachers.

In the study, no statistically significant relationship was found between pre-service
teachers’ readiness levels for artificial intelligence and their professional self-efficacy beliefs
(r = −0.053; p > 0.05). This finding shows that the expected positive relationship between
the two variables did not emerge. While some studies in the literature state that teachers’
digital competencies are significantly related to their professional self-efficacy perceptions
(Katsarou, 2021; Dai, 2023; Z. Wang & Chu, 2023), the results obtained in the current study
suggest that this relationship may be due to more complex and contextual factors. The
finding shows that pre-service teachers’ high readiness for technology does not directly
strengthen their perception of professional self-efficacy. This may suggest that individu-
als’ technical knowledge and skills in artificial intelligence have a limited effect on their
professional identity development and pedagogical efficacy perceptions. Indeed, Bandura
(1997) emphasizes that the perception of self-efficacy is nourished not only by the level
of knowledge but also by the individual’s belief that he or she can use this knowledge
effectively. In this framework, although pre-service teachers’ level of awareness about
artificial intelligence technologies is high, the fact that they have not developed sufficient
experience or confidence in how to use this awareness in a pedagogical context can be
considered as one of the possible reasons for the lack of relationship (Aydede, 2022). In
addition, the development of self-efficacy beliefs is influenced by multidimensional factors
such as individual characteristics, teaching experience, social support, and the quality of
educational environments (Keppens et al., 2021). Therefore, the weak relationship between
AI readiness and professional self-efficacy may be due to pre-service teachers viewing this
technology solely as a technical tool and not evaluating it within pedagogical integrity. In
line with these results, simply conveying AI-related content at a cognitive level in teacher
education programs should not be considered sufficient. Applied learning environments
that support candidates’ skills in integrating technology into pedagogical practices are
needed. Thus, a stronger link can be established between technological knowledge and
pedagogical self-efficacy.

The qualitative data obtained in the study reveal that pre-service teachers have a
cheerful outlook towards the use of artificial intelligence at the primary school level. A
substantial portion of participants emphasized that artificial intelligence technologies have
the potential to support personalized learning processes, provide materials tailored to
students’ learning pace and needs, and reduce teachers’ workload. In this regard, the view
that artificial intelligence can provide flexibility and efficiency in learning environments
was widely expressed. Within the subtheme “saving teachers’ time,” it was asserted that AI
will assume time-intensive responsibilities in the educational process, enabling educators to
concentrate more on pedagogical endeavors. In this regard, pre-service educators perceive
AI as an auxiliary instrument for time management. Moreover, Dung (2025) demonstrated
that artificial intelligence offers opportunities for language instruction by emphasizing
the necessity for professional development that improves instructors’ competencies and
delivers systemic support.

However, pre-service teachers also noted various limitations and reservations regard-
ing the integration of artificial intelligence into educational processes. Inadequate technical
infrastructure, particularly in rural and disadvantaged areas, hinders the effective use of
AI-based applications. Factors such as internet access, hardware deficiencies, and software
support could further exacerbate educational inequalities. According to the sub-theme
of digital competence issues, teachers and pupils have different capacities for using tech-
nology, which may make artificial intelligence applications less successful. Similarly to
this study, Kartimi et al. (2023) discovered that school-level digital abilities vary among
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science teachers. However, there were no variations in digital competencies based on years
of service or gender. Collaborative learning can be enhanced by educators who possess
strong digital competencies.

Furthermore, concerns have been expressed that with the widespread adoption of
artificial intelligence applications, teacher-student interactions could become mechanized,
weakening the pedagogical relationship. In the sub-theme of exposure to technology at an
early age, concerns were expressed that shaping the developmental processes of primary
school students with artificial intelligence-based digital tools could have negative effects on
their social and emotional development. Similarly, Santhakumar and Joseph (2024) revealed
in their study that the most significant limitation of emerging learning technologies is their
limitations in terms of pedagogical interaction characteristics.

Participants emphasized the importance of not only transferring knowledge but also
cultural values, ethical understanding, and social-emotional skills in education, and noted
that AI tools may be limited in this context. The subtheme “Continuous Teacher Support”
underscored the necessity for ongoing technical, pedagogical, and ethical assistance for
teachers throughout the AI integration process, ensuring they are not isolated. In addition
to these findings, Alzahrani and Al-malaji (2025) emphasize the significance of profes-
sional development programs and legislative actions to improve teachers’ proficiency and
assurance in employing immersive instruments for innovative learning.

Particularly in the Kazakhstani cultural context, because teachers provide not only
academic but also moral and cultural guidance to students, there were views that AI-
supported education may not adequately fulfill these roles. These findings reveal that
cultural factors significantly shape teachers’ attitudes toward technological innovations.

Indeed, Kim and Lee (2024) and Ma et al. (2024) state that teachers’ attitudes toward
AI vary significantly depending on the cultural context, and that technological integration
processes should be shaped not only by universal pedagogical principles but also by local
values. Ramazanoglu and Akın (2025) similarly emphasize that the integration of AI into
education is not merely a technical process; pedagogical, ethical, and cultural dimensions
must also be considered. In this context, simply developing teacher candidates’ technical
competencies is not sufficient.

A holistic professional development approach is also needed that strengthens their
ethical sensitivities, prioritizes cultural awareness, and fosters pedagogical relationships.
Effectively integrating AI technologies into educational environments requires addressing
these three dimensions (technical, ethical, and pedagogical) simultaneously. Furthermore,
the continuity of AI integration in teaching: It should be considered that the differences
between AI integration for teaching tasks and the direct use of AI with future students
cannot be measured or represented on a single scale when discussing “AI integration in
teaching”. The continuity of AI applications, especially the effects of teacher-centered and
student-centered use, should always be taken into account.

5. Conclusions

The findings demonstrate that teacher candidates in Kazakhstan possess a positive
and sufficient level of readiness for artificial intelligence across cognitive knowledge, us-
age skills, and ethical awareness. This readiness supports the potential for the effective
integration of artificial intelligence into educational processes within the cultural context
of Kazakhstan. The elevated level of self-efficacy observed in academic, social, intellec-
tual, and professional domains further indicates preparedness for the teaching profession,
marked by strong self-confidence and versatile competencies. At the same time, the ab-
sence of a meaningful relationship between readiness for artificial intelligence and general
self-efficacy suggests that preparedness for technology may not necessarily translate into
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professional self-confidence. These results underline the multifaceted nature of teacher
readiness, which requires attention not only to technological competence but also to profes-
sional identity and confidence.

Positive attitudes toward the use of artificial intelligence in primary education point
to important opportunities, including individualized learning processes and the reduction
in teacher workload. Nevertheless, concerns expressed by teacher candidates regarding
the preservation of cultural values, the maintenance of teacher–student interaction, and
existing infrastructure limitations highlight those cultural and contextual dimensions shape
perceptions of technological integration. In particular, the emphasis on Kazakh cultural
values demonstrates that the integration of artificial intelligence into education cannot be
approached solely from a technological perspective, but must also reflect social, ethical,
and cultural considerations.

Several recommendations emerge from the findings. Comprehensive training pro-
grams should be designed for the integration of artificial intelligence, incorporating not
only cognitive knowledge and technical skills but also ethical and pedagogical dimensions
to ensure effective use within educational practice. Applied learning opportunities such
as internships, workshops, and simulations should be expanded to enable teacher candi-
dates to engage directly with artificial intelligence technologies in authentic educational
environments, thereby strengthening professional self-efficacy. Cultural values and social
interaction should remain central in the development and implementation of artificial
intelligence applications, given the importance of teacher–student relationships and social
roles in Kazakh society. Infra-structure deficiencies must be addressed, particularly in rural
and disadvantaged regions, through the improvement of technological resources and the
promotion of digital literacy among both teachers and students. In addition, continuous
professional development programs should be prioritized to support the pedagogical use of
artificial intelligence, with a focus on enhancing teachers’ self-confidence and perceptions
of competence.

Additionally, the dual roles of pre-service teachers as students and emerging
professionals—how their roles as students and future/early teachers can affect their readi-
ness for AI in complex ways—should be considered. They benefit from their readiness to
use AI both as students and as professionals, considering how/why they might use AI; this
could be addressed as a research topic.

Overall, the study emphasizes that the successful integration of artificial intelligence
into education in Kazakhstan requires not only technological readiness but also cultural
sensitivity, ethical responsibility, and sustained professional development. Attention to
these dimensions will contribute to the creation of an educational environment where
artificial intelligence enhances teaching and learning while remaining consistent with
cultural values and professional practices.
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Özüdoğru, G., & Yıldız Durak, H. (2024, July 11–13). Turkish adaptation of the AI readiness scale for pre-service teachers. 10th International
New York Conference on Academic Studies in Social, Human, Administrative, and Educational Sciences, New York, NY, USA.
Available online: https://scales.arabpsychology.com/wp-content/uploads/2024/07/ogretmen-adaylarina-yonelik-yapay-zeka-
hazirbulunusluk-olcegi-36544-toad.pdf (accessed on 10 September 2025).

Rajapakse, C., Ariyarathna, W., & Selvakan, S. (2024). A self-efficacy theory-based study on the teachers’ readiness to teach artificial
intelligence in public schools in Sri Lanka. ACM Transactions on Computing Education, 24(4), 1–25. [CrossRef]

Ramazanoglu, M., & Akın, T. (2025). AI readiness scale for teachers: Development and validation. Education and Information Technologies,
30(6), 6869–6897. [CrossRef]

Santhakumar, L., & Joseph, N. P. (2024). Confluence learning: The new normal and emerging technologies. International Journal of
Learning and Teaching, 16(3), 168–175. [CrossRef]

Sun, J., Ma, H., Zeng, Y., Han, D., & Jin, Y. (2023). Promoting the AI teaching competency of K-12 computer science teachers: A
TPACK-based professional development approach. Education and Information Technologies, 28(2), 1509–1533. [CrossRef]
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Abstract: This study proposes a non-semantic multimodal approach to predict segment
access frequency (SAF) in lecture archives. Such archives, widely used as supplementary
resources in modern education, often consist of long, unedited recordings that are difficult
to navigate and review efficiently. The predicted SAF, an indicator of student viewing
behavior, serves as a practical proxy for student engagement. The increasing volume
of recorded material renders manual editing and annotation impractical, making the
automatic identification of high-SAF segments crucial for improving accessibility and
supporting targeted content review. The approach focuses on lecture archives from a
real-world blended learning context, characterized by resource constraints such as no
specialized hardware and limited student numbers. The model integrates multimodal
features from instructor’s actions (via OpenPose and optical flow), audio spectrograms,
and slide page progression—a selection of features that makes the approach applicable
regardless of lecture language. The model was evaluated on 665 labeled one-minute
segments from one such course. Experiments show that the best-performing model achieves
a Pearson correlation of 0.5143 in 7-fold cross-validation and 61.05% average accuracy in a
downstream three-class classification task. These results demonstrate the system’s capacity
to enhance lecture archives by automatically identifying key segments, which aids students
in efficient, targeted review and provides instructors with valuable data for pedagogical
feedback.

Keywords: online education; segment access frequency; lecture archives; non-semantic
multimodal fusion; deep learning

1. Introduction

Online learning originated in the 19th century through correspondence education and
has evolved significantly in today’s digital age through advances in computer and Internet
technologies. The emergence of Open Education Resources (OER) and Massive Open
Online Courses (MOOCs) has fundamentally transformed educational accessibility (Saykili,
2018). While the trend toward online education was already growing, the COVID-19
pandemic accelerated this transformation to unprecedented levels, with UNESCO reporting
approximately 862 million students, almost half of the world’s student population, affected
by school closures across 107 countries (Abuhammad, 2020). This global shift prompted
higher education institutions worldwide to rapidly adopt online learning platforms. Even
after the pandemic has subsided, most institutions continue to rely on widely adopted
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online learning platforms, making it increasingly important to enhance the accessibility and
effectiveness of recorded lecture archives. Lecture archives are integral to blended learning,
enabling students to combine in-person instruction with flexible online review. This study
examines a practical blended learning scenario where students attend face-to-face lectures
and selectively revisit key segments of unedited recordings to enhance learning efficiency.

Among these blended learning resources, lecture archives, which are complete record-
ings of face-to-face lectures without editing, have become an increasingly common practice
in higher education institutions, especially in countries like the United Kingdom and the
United States. For instance, lecture capture is now a common feature in UK universities
(Lamb & Ross, 2022), and earlier surveys already showed that a majority of institutions
had deployed such solutions by 2014 (Walker et al., 2014). Similarly, high adoption rates
are reported in the US, where one study found 95% of responding medical schools reg-
ularly record lectures (Khong et al., 2025). This popularity primarily stems from their
cost-effectiveness and ease of distribution. In Japan, the Japan Advanced Institute of Sci-
ence and Technology (JAIST) also exemplifies this trend, having systematically recorded
face-to-face lectures through their Learning Management System since 2006, thereby creat-
ing an extensive archive for supplemental learning (Hasegawa et al., 2007). However, the
unedited, long-form nature of these recordings presents significant hurdles. Beyond the
practical difficulties for instructors in manually editing and managing such large volumes
of content, they often prove inefficient for student learning. For instance, students can find
it difficult to maintain attention throughout extended viewing periods (Guo et al., 2014;
Sablić et al., 2021), and contemporary research indicates that the key to enhancing learning
with long-form material is not merely shortening it, but providing a meaningful, navigable
structure (Seidel, 2024).

This raises the practical question of how to identify which segments learners find most
meaningful. While direct measures of cognitive engagement, such as eye tracking or user
self-reporting, are often impractical in real-world educational environments, behavioral in-
dicators derived from interaction data offer a promising alternative. Equating “meaningful”
segments with “high-engagement” segments, inferred from viewing patterns, provides a
scalable approach to improving the accessibility and effectiveness of lecture archives. For
example, Guo et al. proposed the use of engagement time—the duration students spend
watching a video—as a proxy for interest (Guo et al., 2014).

Building upon this idea, Bulathwela et al. (2020) introduced the VLEngagement dataset,
which estimates video-level engagement by computing a normalized viewing duration
aggregated across large numbers of users. Specifically, they defined Engagement Score
= Average Watch Time/Video Duration, providing a cost-effective and scalable labeling
method for large collections of educational videos. However, the engagement labels in this
dataset are defined at the whole-video level, resulting in a coarse granularity that limits its
applicability to tasks such as segment-level attention modeling or highlight extraction.

Inspired by these approaches, this study proposes to use segment access frequency
(SAF) as a more fine-grained and context-appropriate measure of engagement. This metric,
calculated from the number of playback events associated with each time segment, provides
a practical and scalable solution that does not depend on semantic content or specialized
hardware. It is particularly suitable for classroom lecture recordings, which typically lack
rich annotations or auxiliary sensors.

This study focuses on lecture archives recorded in real classroom environments in
higher educational institutions. These settings are often resource-constrained, which de-
fines the core challenges we address. Specifically, the recordings themselves are typically
unedited, capturing the instructor with a fixed, ceiling-mounted camera and microphone,
which can result in audio quality that is too noisy or indistinct for reliable automatic tran-
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scription. Furthermore, the context of their use is also constrained: the archives serve a
small number of learners from a single course, and the viewing data from these learners is
collected without any auxiliary hardware such as eye-tracking devices. One representative
example of such a setting is the video archive system accumulated at JAIST, where face-
to-face lectures are routinely recorded and made available through the institutional LMS.
Building on this setting, prior work by Sheng et al. (2022) presented at AIED 2022 initially
explored the feasibility of predicting focal periods using access logs, based on a set of manu-
ally extracted features and relatively simple models. However, that study lacked systematic
comparisons and did not incorporate advanced fusion strategies. Building upon this early
validation, the present study significantly extends their prior work through improved
feature design, structured fusion methods, and comprehensive model benchmarking.

This study aims to develop a lightweight and efficient prediction method based on non-
semantic multimodal features to address the challenges of such resource-limited settings.
This approach is designed to avoid semantic dependence, enable cross lingual adaptability,
and minimize training costs for estimating durations with high SAF in lecture archives.
Furthermore, by generating SAF labels automatically from aggregated playback data, the
system is intended to support scalable deployment in practical educational contexts.

To systematically validate the feasibility and optimize the design of such a non-
semantic framework, this study is therefore guided by the following research questions:

• Main Research Question: Can segment access frequency (SAF) in lecture
archives be accurately predicted using only non-semantic multimodal fea-
tures, derived from real-world recordings without transcripts or semantic
annotation?

• Sub RQ1: Which non-semantic modality—action, voice, or slide—contributes
most to SAF prediction accuracy, and how do combinations of these modali-
ties affect performance?

• Sub RQ2: Which fusion strategy and neural network backbone provide
the optimal balance of prediction accuracy and computational efficiency in
resource-constrained educational settings?

To address these research questions, this study makes the following contributions:

• The proposal of a language-independent prediction framework for estimating Segment
Access Frequency (SAF) based on non-semantic features. This lightweight framework
functions without relying on semantic understanding or specialized equipment.

• A comparative analysis of fusion strategies, which demonstrates the superiority of
early feature fusion for achieving higher prediction accuracy and training efficiency in
resource-limited scenarios.

• A comprehensive ablation and backbone analysis that identifies the dominant contri-
bution of instructor action features and confirms the effectiveness of ResNet-based
architectures for this task.

2. Literature Review

This study is situated at the intersection of two areas: video summarization and
student engagement modeling. While video summarization focuses on selecting key
content segments, engagement modeling aims to estimate which parts of a lecture attract
student attention. This section reviews representative works from both directions to clarify
the foundation and scope of the non-semantic, engagement-driven approach.
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2.1. Video Summarization

Modern educational platforms offer learners extensive access to recorded lecture
videos, prompting the need for technologies to enhance the efficiency of video-based
learning (Benedetto et al., 2024). Video summarization addresses this need by enabling
educators and students to quickly discern the educational value within lengthy recordings.
It generates concise representations of video content through combinations of still images,
short segments, visual diagrams, or textual annotations. Early research proposed rule-
based methods for extractive summaries, typically selecting representative keyframes,
segments, or transcript snippets (Alaa et al., 2024; Dimitrova, 2004).

With advancements in machine learning, deep learning models have gained promi-
nence in video summarization. Recent studies have developed sophisticated approaches
tailored to diverse video types. For instance, Singh and Kumar (Singh & Kumar, 2024)
introduced a deep learning framework integrating Bayesian fuzzy clustering with a Deep
Convolutional Neural Network (Deep CNN), optimized via a hybrid Lion-Deer Hunting
(LDH) algorithm. Their approach significantly improved crowd video datasets’ precision,
recall, and F1-score. However, it is designed for dynamic scenes with dense motion and
clear foreground and background separation, contrasting sharply with the static camera
angles, minimal motion, and subtle engagement cues typical of lecture archives. These
differences necessitate distinct design considerations for educational contexts.

On the other hand, Kim et al. emphasize the need to move beyond traditional semantic
or content-only analyses, advocating for the use of interaction data to optimize video
design and highlighting the pedagogical value of editing videos for brevity and improved
engagement (Kim et al., 2014).

Various time-series models leveraging recurrent architectures have been explored for
video summarization. Agyeman et al. (2019) developed a hybrid model combining three-
dimensional Convolutional Neural Networks (3D-CNN) with Long Short-Term Memory
(LSTM) layers to classify events in soccer videos, achieving 96.8% accuracy. While effective
for sports and surveillance videos with rapid scene changes, such models are less suitable
for lecture archives, which feature limited visual variation, sparse motion, and extended
durations. Moreover, the high computational cost of training recurrent neural networks
(RNNs) on long videos poses practical challenges for resource-constrained educational
settings. To improve summarization performance without heavy temporal modeling, some
recent methods have focused on enhancing input representation: Tan et al. (2024) used
adaptive clustering to extract more meaningful keyframes. In contrast, Khan et al. (2024)
introduced multi-scale feature maps to capture both detailed and semantic-level information.

In the education field, Andra and Usagawa (Andra & Usagawa, 2019) summarized
lecture videos through an Attention-based Recurrent Neural Network (RNN) that combines
segmentation with the summarization process. The RNN architecture generates a natural
summary by capturing critical words and conveying a lecture’s central message through
attention-based weighting and linguistic features. However, their method significantly
depends on semantic analysis of lecture content. Such transcripts are not always available
for lecture archives, and the accuracy of existing Automatic Speech Recognition (ASR)
techniques is not always satisfactory for audio data with noise and precise terminology.
Moreover, the limited availability of annotated data for lecture videos poses another
challenge for such methods.

To address the issue of limited annotated data, Vimalaksha et al. (2018) provided a
mechanism to segment lecture videos into multiple parts based on crowdsourcing. While
this approach alleviates the annotation problem to some extent, manual crowdsourcing
methods have their own limitations. They require real-time recording, are labor-intensive,
and have strict time synchronization requirements, making them prone to bias. There-
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fore, despite the contribution of crowdsourcing methods, there remains a need for more
generalized approaches to effectively tackle the annotation problem for lecture videos,
particularly in contexts with limited resources and multilingual content as addressed in the
current research.

2.2. Student Engagement and Attention

Student engagement is crucial in higher education, yet fostering active participation in
online learning environments remains a persistent challenge (Vermeulen & Volman, 2024).
To address this issue, researchers have examined various instructional and content-related
factors that may influence how students interact with lecture materials.

For instance, embedded semantic approaches have been developed to enhance student
interaction within classroom settings. Deng and Gao explore how embedding questions
within pre-class instructional videos influences learners’ experiences and outcomes in
a flipped classroom context (Deng & Gao, 2024). Interestingly, their study revealed no
discernible effect on learning performance but did find that the embedded questions
significantly reduced students’ total viewing time. Indeed, this illustrates that semantic
analysis primarily focuses on textual content and overlooks learner interactions with
the video, such as pausing, rewinding, or skipping sections. These behaviors provide
crucial insights into attention patterns and engagement levels, which semantic methods
cannot capture.

On the other hand, several studies have explored the design of video lectures without
treating semantic features as a key element for promoting engagement. For example, Chen
and Wu investigated the impact of different video lecture formats on learning outcomes,
cognitive load, and emotional responses (Chen & Wu, 2015). Their findings suggest
that featuring instructors on screen not only enhances students’ sense of connection but
also reduces cognitive overload. This highlights the importance of visual presence and
presentation style in maintaining student attention and fostering participation in online
learning environments.

With regard to visual presence and presentation style, Shi et al. examined how instruc-
tors’ visual attention and lecture delivery styles influence students’ perceived engagement
and academic performance across various instructional formats (Shi et al., 2024). Similarly,
Zhang et al. employed eye-tracking and visualization technologies to investigate the ef-
fects of different instructional delivery styles on student viewing behavior (Zhang et al.,
2018). Their analysis showed that students were more responsive to auditory cues—such
as pauses and vocal emphasis—than to visual elements like gestures or slide transitions.
Collectively, these studies underscore the importance of instructor-related features—both
visual and auditory—in shaping student engagement with lecture content. In particular,
they highlight the pivotal role of auditory cues in sustaining attention during recorded
lectures, even when visual presence is emphasized. These findings suggest that integrat-
ing non-semantic instructional features, such as visual presence and vocal modulation, is
instrumental in directing learners’ attention toward key concepts in a lecture.

In addition to instructor behavior, students’ behavioral data has also been used to
examine engagement at scale. Kim et al. (Kim et al., 2014) conducted a large-scale analysis
of video interaction patterns in MOOCs and identified several recurring behaviors—such
as replaying specific moments and revisiting explanation-heavy segments—as signals of
focused engagement. Such naturally occurring patterns provide a foundation for scalable
engagement modeling based on interaction data, without requiring semantic understanding
or manual annotation.
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2.3. The Position of This Work

This study focuses on estimating high-SAF segments in lecture videos by analyzing
non-semantic multimodal features. While SAF is not a direct measurement of cognitive
engagement or attention, it serves as a practical behavioral proxy that reflects students’
selective rewatching behavior with minimal overhead. Unlike most existing approaches
that rely on semantic content analysis, this work emphasizes how students interact with
lecture materials through their actual viewing behaviors. This approach offers three main
advantages: it is applicable across different languages as it does not require semantic
understanding, it reduces the need for manual annotation by utilizing access logs, and it
identifies lecture segments with high access frequency as derived from real usage patterns.
By combining features extracted from instructor actions, voice, and slides with patterns of
student interaction, the method provides a lightweight and flexible solution for identifying
high-SAF segments in real educational settings.

3. Research Design and Methodology

This study proposes a lightweight and scalable system to predict SAF in real classroom
lecture archives. The overall workflow, illustrated in Figure 1, consists of four main stages.
First, the lecture archives are segmented into uniform time intervals. Second, multimodal
features not relying on semantic content—including instructor actions, voice spectrograms,
and slide transitions—are extracted from each segment. Third, a deep neural network based
backbone model fuses and processes these features. Finally, the model outputs predictions
of SAF, supervised by labels automatically generated from aggregated access logs. Notably,
the entire pipeline, from feature extraction to label generation can be fully automated
without manual intervention. The system is designed to operate efficiently in resource-
constrained environments without relying on semantic analysis or specialized hardware.

Figure 1. System pipeline for predicting segment access frequency (SAF) from lecture archives.
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3.1. Dataset
3.1.1. Lecture Archives

The lecture archives used in this research were recorded from the I239 Machine
Learning course offered through the JAIST Learning Management System (JAIST-LMS).
The course consisted of seven lessons, each recorded to support students’ reflection and
supplemental learning following face-to-face instruction. The archives were distributed
via the LMS on the campus network within a few hours after the course, and students
were able to skip and watch the lectures freely. A ceiling-mounted camera with a fixed
angle and a ceiling microphone captured both the instructor’s and students’ voices. The
video files were recorded at 1920 × 1080 resolution and 30 frames per second. Each lesson
lasted approximately 100 min. The archives included the podium area, whiteboard, and
instructor. In addition, the slide content was integrated into the right-bottom corner of the
archives, as shown in Figure 2.

Figure 2. Original Lecture Archive, I239 Machine Learning.

3.1.2. Label Generation

The JAIST-LMS extends Video.js to track students’ access to specific durations of
lecture archives. Based on this detailed playback history, SAF labels were generated,
defined as the number of times each one-minute segment was accessed across all users.

When finding the important durations for students to watch, they repeatedly skip
and briefly view segments of the archives. Such behavior causes noise in the labeling of
high-SAF segments. To reduce such noise and ensure data reliability, raw viewing records
shorter than one minute were first excluded. The total valid viewing time per student was
then computed, and only students who watched more than five minutes of a given lecture
were retained and labeled as valid viewers. Segment access frequencies were calculated by
aggregating only these valid viewers’ logs.

After data filtering, Table 1 shows that the label dataset is extremely limited in size.
On average, each lecture has only 8.71 valid viewers. This is likely because students had
already attended the face-to-face class sessions, and the archives were mainly used as a
review resource. In such cases, students may choose to revisit only selected parts of the
lecture or rely on other materials, such as textbooks or slides, for review. As a result, the
overall number of archive viewers is low.

However, this type of review behavior may also indicate stronger learning intent.
According to Kim et al. (2014), students who engage in repeated viewing tend to show more
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focused and high-peak interaction patterns compared to first-time viewers. These behaviors
are often goal-driven, as students selectively locate and revisit important parts of the
content. Therefore, although the dataset is small, the SAF signals it captures may be more
concentrated and meaningful, providing a robust basis for identifying high-SAF segments.

To further adapt the data for model training, the non-instructional portions at the
beginning and end of each video were removed. All lecture archives were trimmed or
padded to a standardized length of 95 min, focusing exclusively on instructional content.
Each archive was then divided into one-minute segments. The SAF for each segment was
calculated by summing the number of valid viewers who accessed it.

Table 1. Valid viewers and total viewing time for each lecture.

Lesson Valid Students Total Watching Time (min)

Lesson-1 10 532
Lesson-2 6 605
Lesson-3 11 647
Lesson-4 8 408
Lesson-5 8 607
Lesson-6 9 643
Lesson-7 9 939

Average 8.71 625.86

A centered moving average with a five-segment window was applied to the raw
frequency sequence to suppress short term fluctuations. This method averages two pre-
ceding and two succeeding values around each time point, thereby enhancing local trend
stability while preserving temporal structure. Such symmetric moving averages are widely
adopted in time-series analysis to extract smooth trend-cycle components from noisy
data (Hyndman & Athanasopoulos, 2018).

The resulting values were then normalized within each lecture by dividing by the
maximum segment frequency, yielding SAF labels in the range of [0, 1]. In total, 665 labeled
segments were obtained across the seven lectures for subsequent model training and
evaluation. The SAF labels were automatically generated from raw csv format access logs
through a batch-processing script, eliminating the need for manual annotation.

To illustrate how SAF patterns are aligned with different lecture structures, the distri-
butions for Lesson 1 and Lesson 4 are presented as contrasting examples. Figures 3 and 4
illustrate the processed SAF distributions for Lesson 1 and Lesson 4, respectively. In Les-
son 1, the SAF remains low during the initial 30 min, this part consists of basic concepts and
course schedule. A sharp increase is observed between minutes 40 and 60, corresponding
to the explanation of the Version Space Algorithm—a relatively complex and central topic
of the lecture. The SAF then drops around the 70-min mark, coinciding with a break period,
before rising again as the lecture resumes. Toward the end of the session, SAF decreases as
the class concludes.

In contrast, Lesson 4 exhibits a different pattern. The SAF peaks within the first
15 min, during which the instructor explains the steps for solving example questions. In
the remainder of the lecture, a live demonstration using Google Colab is presented. As
this portion focuses on practical execution, students are more likely to engage with the
shared Colab notebook directly, rather than watching the video again. Consequently, the
SAF gradually declines and remains low until the end.

These examples confirm that SAF patterns are closely aligned with lecture content
and structure. Peaks and drops in SAF correspond to conceptually intensive segments,
breaks, or procedural demonstrations, supporting the validity of SAF as a proxy for student
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engagement. Based on these observations, the thresholds for the downstream classification
task were set: values above 0.6 as high, and below 0.4 as low.

Figure 3. SAF distribution for Lesson 1.

Figure 4. SAF distribution for Lesson 4.

3.1.3. Evaluation Metrics

To assess the performance of the proposed system, both regression-based metrics and
3-classification accuracy are adopted for a comprehensive evaluation. For the primary task
of predicting a continuous attention level, represented by normalized SAF values between
0 and 1, we employ the following standard regression metrics:

• Mean Squared Error (MSE): Measures the average squared difference between the
predicted and ground-truth values.

• Mean Absolute Error (MAE): Computes the average magnitude of absolute prediction
errors.

• Coefficient of Determination (R2): Indicates the proportion of variance in the ground
truth that is explained by the predictions.

• Pearson Correlation Coefficient (PCC): Evaluates the linear correlation between pre-
dicted and ground-truth sequences, reflecting trend similarity.

Additionally, for auxiliary evaluation, we compute the 3-classification accuracy by
categorizing SAF values as: High (>0.6), Medium (0.4–0.6), and Low (<0.4).

These SAF thresholds follow the observations discussed in the previous subsection.
While the division remains relatively coarse, it offers a simple and interpretable way
to evaluate model performance as an auxiliary metric. Given that the primary task is
regression, the three-class accuracy serves solely as a supplementary indicator, supporting
downstream tasks such as heatmap generation. Future work will explore more adaptive
thresholding strategies and finer-grained classification schemes.
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3.2. Feature Extraction and Preprocessing
3.2.1. Action Features (A)

According to the previous study by Zhang et al. (2018), the behavior of the instructor
influences the attention of students. Therefore, the instructor’s action in the archive
segments was obtained by the optical flow (Burton & Radford, 1978), the pattern of apparent
motion of objects, surfaces, and edges in each segment caused by the relative motion
between observer and scene.

However, the optical flow could not work well because the corner point is always
generated on the slide rather than the instructor in a default setting. To solve this problem,
the students’ seating area is first masked, and then the instructor’s body structure feature is
captured by OpenPose (Cao et al., 2019), the first open-source real-time system available to
detect multi-person 2D poses, including body, feet, hands, and facial key points. Next, the
optical flow for the instructor’s action is calculated based on the captured body structure.
The Lucas-Kanade method is used in this research to calculate the optical flow for every
segment (Lucas & Kanade, 1981). Figure 5 shows an action feature map from a one-minute
archive segment extracted by this method.

Figure 5. Action Feature.

3.2.2. Voice Features (V)

According to a previous study by Wyse (2017), neural networks used in classification
or regression can benefit from spectrograms which are a visual representation of the
spectrum of signal frequencies as it varies with time (Flanagan, 1972). In addition, they
retain more information than most hand-crafted features traditionally used to analyze
voice or sound and have a lower dimension than raw data. A SciPy-based approach
utilizing the spectrum function was implemented to generate spectrograms from the
lecture audio. The spectrograms were computed using Fast Fourier Transform (FFT) with a
window size of 1024 samples and an overlap of 128 samples between adjacent windows
at a 44.1 kHz sampling rate. This configuration provides sufficient frequency resolution
while maintaining temporal precision necessary for analyzing speech patterns in lecture
recordings. The spectrogram generation process effectively converts the time-domain audio
signal into a two-dimensional time-frequency representation, capturing both temporal and
frequency characteristics of the instructor’s voice. The resulting spectrograms were then
processed as feature maps for the deep learning model, as shown in Figure 6. This approach
enables the model to learn from both the frequency content and temporal dynamics of the
instructor’s speech, while maintaining computational efficiency.
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Figure 6. Voice Feature.

3.2.3. Slide Features (S)

Slide transitions indicate lecture pacing and content structure, potentially influencing
student engagement. To capture this, numerical features representing net slide progression
are extracted, processed through a five-step pipeline to ensure temporal alignment and
compatibility with other modalities.

The processing pipeline consists of five steps:

1. Net progression: For each 5-min segment i, the net forward movement is computed as:

Praw[i] = max{xi} − max{xi−1}, where Praw[i] = 0 if the difference is negative or zero.

2. Temporal resolution adjustment: Each Praw[i] is repeated 5 times to form a 1-min
resolution sequence:

P1 min = repeat(Praw, 5)

3. Smoothing: A moving average filter with window size 5 is applied:

Psmooth[i] =
1
5

i+2

∑
j=i−2

P1 min[j]

4. Normalization: Within each lesson, the values are normalized by the lesson-wise
maximum:

Pnorm[i] =
Psmooth[i]

max(Psmooth)

5. Matrix construction: Each normalized value is scaled to 8-bit and expanded into a
uniform 2D matrix:

S[i] = 1h×w · int(Pnorm[i]× 255)

where 1h×w denotes a matrix of ones with spatial dimensions matching other modalities.

This design ensures that the slide feature is temporally aligned and dimensionally
compatible with the action and voice feature matrices for multimodal fusion.

3.2.4. Temporal Smoothing

To enhance the temporal consistency of predictions and suppress short-term fluctu-
ations, smoothing techniques are applied to the attention level sequences produced by
the regression model. These smoothed values are subsequently used for interpretation,
visualization, and threshold-based classification.

Let y[i] denote the predicted attention level at minute i. The following three smoothing
methods are applied:
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• Moving Average: A centered rolling mean applied over a window of 5 min:

ŷ[i] =
1
w

i+�w/2�
∑

j=i−�w/2�
y[j], w = 5

This method is simple yet effective in suppressing short-term fluctuations.
• Savitzky–Golay Filter: Implemented with a window length of 7 and a second-order

polynomial, this filter performs local polynomial regression to preserve peak shapes
while smoothing the signal.

• Kalman Filter: A one-dimensional recursive Bayesian estimator was implemented
using the FilterPy library, where the state transition and observation matrices were set
as F = H = [1], with an initial covariance P = 500, measurement noise R = 0.05, and
process noise Q = 10−4.

These methods are applied post hoc to the predicted sequences and do not affect
the model training process. Among them, the moving average achieves the best trade-
off between simplicity and performance in the experiments. Detailed comparisons are
presented in Section 2. The smoothed sequences are also used to derive three-class attention
zones via thresholding, as described in Section 3.1.3.

3.3. Model Architecture and Experimental Settings
3.3.1. Feature Fusion Strategies

Two deep learning architectures are prepared to detect the focal points of the above
mentioned features. The first option, called “Feature Stacking,” converts different feature
maps of each archive segment into RGB channels of a single image file. An example of such
a stacked input is shown in Figure 7. Specifically, the action features extracted by OpenPose
and optical flow are assigned to the R channel, the slide transition features to the G channel,
and the spectrogram voice features to the B channel. This method enables the use of
well-established deep learning models like VGG-16, VGG-19, ResNet-50, and ResNet-101,
which have proven effective in image classification tasks. The primary advantage of
this approach is its computational efficiency—by processing all features through a single
network path, memory usage and training time can be significantly reduced compared to
parallel processing approaches. However, this integration introduces a notable limitation:
the compression of feature maps into single-channel images leads to information loss. This
is particularly problematic for action features, where lines in different colors represent
distinct movement trajectories of tracked corner points. When these colored trajectories are
compressed into a single channel, the spatial and temporal relationships between different
movement patterns may become less distinguishable, potentially degrading the model’s
ability to learn complex motion patterns. The whole architecture of the feature-level fusion
strategy is illustrated in Figure 8.

Figure 7. Feature fusion input example combining action, voice, and slide features into RGB channels.

47



Educ. Sci. 2025, 15, 978

Figure 8. Process of feature-level fusion (example based on ResNet).

Another option, called “Model Stacking,” employs multiple parallel deep learning
models to process different input features independently before combining, as shown in
Figure 9. In this architecture, each feature type (action, slide, and voice) is processed by its
own dedicated neural network, preserving the complete dimensionality and characteristics
of each feature type. The outputs from these individual networks are then concatenated at
their fully connected layers to produce a final prediction. While this strategy maintains
the complete information of each feature map and potentially allows for feature-specific
network optimization, it comes with increased computational costs. These trade-offs will
be further evaluated in the experiment section, where the performance and efficiency of
this approach are compared with alternative architectures.

Figure 9. Process of model-level fusion (example based on ResNet).

3.3.2. Backbone Model Selection

After confirming the superiority of feature-level fusion over model-level fusion in
earlier experiments, all subsequent model evaluations are conducted under the feature-level
fusion setting. Specifically, several representative backbone architectures are compared to
identify the most suitable model for the regression task.

The evaluated backbones include:

• VGG-based models: VGG16 and VGG19, known for their simplicity and deep convo-
lutional stacks without residual connections.

• Residual networks: ResNet50 and ResNet101, which introduce skip connections to
enable deeper and more stable training.

• Transformer-based model: Vision Transformer (ViT-16), which leverages self-attention
to capture global dependencies.

• Temporal model: CNN + LSTM, combining spatial feature extraction and sequential
modeling.

All models take as input a fused feature map constructed by stacking action, voice
and slide modality features into a 3-channel image (480 × 320 × 3), and share a common
training configuration. The evaluation is carried out using both regression metrics (MSE,
MAE, R2, PCC) and the accuracy of the 3-classification.

3.3.3. Experimental Protocol

All models were trained and evaluated using consistent procedures to ensure fair
comparison across architectures and fusion strategies. The dataset consisted of seven lecture
sessions. For the initial baseline experiment involving only action features and temporal
smoothing, a fixed split was used: Lesson 1–5 for training, Lesson 6 for validation, and
Lesson 7 for testing. All subsequent experiments—including multimodal fusion, ablation
study and backbone comparisons—adopted a 7-fold cross-validation protocol at the lesson
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level. In each fold, one lesson was used for testing, while the remaining six were used for
training and validation.

The Adam optimizer was employed with a fixed learning rate of 1 × 10−5 and the
mean squared error (MSE) was used as the loss function. The batch size was set to 16,
and the maximum number of training epochs was 200. Early stopping was applied with
a patience of 25 epochs based on validation loss. A fixed random seed of 42 was used to
ensure reproducibility.

All experiments were implemented in PyTorch 2.6.0 and conducted on a workstation
running Ubuntu 24.04. The system was equipped with an Intel Core i9-12900K processor,
128GB DDR4 RAM, and an NVIDIA RTX A6000 GPU.

4. Experiment

This section presents a series of experiments conducted to evaluate the effectiveness of
the proposed prediction framework. First, the predictive capacity of instructor action fea-
tures used in isolation is assessed. Then, two multimodal fusion strategies are investigated:
one that combines features before input into the network (feature fusion), and another that
processes each modality separately before combining outputs (model fusion). An ablation
study is further conducted to examine the relative contribution of each modality. Finally,
several backbone architectures are compared to identify the most effective configuration un-
der resource constraints. All experiments are carried out using seven-fold cross-validation,
and evaluated using both regression metrics and three-class accuracy.

4.1. Effectiveness of Action Features

Before introducing multimodal fusion, it was first evaluated whether action features
alone could serve as a reliable predictor of student attention. As described in Section 3.2.1,
the instructor’s motion patterns were extracted from each lecture segment using OpenPose
and optical flow, resulting in time-series visual representations. These action features were
then used as the sole input to a ResNet50 model.

To enhance temporal stability, three smoothing strategies were applied to the predicted
attention values: Moving Average, Savitzky–Golay filter, and Kalman filter. These were
compared against unsmoothed (raw) predictions. For this experiment, a fixed data split
was used: Lesson 1–5 for training, Lesson 6 for validation, and Lesson 7 for testing.

The results in Table 2 confirm that the visual motion features extracted from the
instructor’s body movements contain sufficient predictive signals. All four smoothing
conditions achieved positive R2 values and moderate Pearson correlation coefficients (PCC),
demonstrating that the model could learn meaningful patterns from the action features
even without additional modalities.

Table 2. Performance of action feature regression under different smoothing strategies.

Method MSE MAE R2 PCC

Raw 0.0292 0.1274 0.2684 0.5464
Moving Average 0.0239 0.1206 0.4026 0.6505
Savitzky–Golay 0.0244 0.1236 0.3897 0.6389
Kalman Filter 0.0242 0.1212 0.3933 0.6413

Among the smoothing methods, the moving average performed best across all metrics,
suggesting it effectively suppresses noise while preserving temporal trends. Compared to
more complex alternatives such as the Savitzky–Golay filter and Kalman filter, the moving
average has a significantly lower computational cost and is extremely simple to implement.
Its robustness, interpretability, and real-time applicability make it a strong default choice
for smoothing time-series predictions in practical educational settings.
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4.2. Fusion Strategies

To evaluate how different fusion strategies impact model performance, two approaches
were compared: feature-level fusion and model-level fusion. Both strategies utilized all
three modalities—action, voice, and slide—and employed ResNet50 as the backbone to
ensure fair comparison.

In the feature-level fusion strategy, all modality features were resized and stacked
along the channel dimension to form a single RGB-like image (480 × 320 × 3), which was
then passed through a single ResNet50 model. In contrast, the model-level fusion strategy
assigned each modality its own dedicated ResNet50 network. The output features from
each branch were concatenated and passed through a joint prediction head.

All models were trained using identical cross-validation protocols and evaluated using
regression metrics (MSE, MAE, R², PCC). Table 3 shows the results.

Table 3. Comparison of fusion strategies using ResNet50 with all three modalities (A + V + S).

Fusion Strategy MSE MAE R2 PCC Training Time (min)

Feature-level Fusion 0.0330 0.1424 0.1278 0.5143 22.5
Model-level Fusion 0.0382 0.1562 −0.0136 0.3873 98.4

Table 3 shows that feature-level fusion outperforms model-level fusion across all re-
gression metrics while requiring significantly less training time. This combination of higher
accuracy and computational efficiency makes feature-level fusion a practical choice for
real-time lecture archive analysis, enabling scalable deployment in educational platforms.

Despite model-level fusion’s theoretical advantages—preserving the full resolution of
each feature map and enabling modality-specific encoding—it suffered from increased pa-
rameter count and training instability. These drawbacks outweigh its theoretical flexibility
in this setting, where training data is limited and computational efficiency is an important
consideration. Based on these comprehensive findings, feature-level fusion was adopted as
the default strategy for all subsequent experiments.

4.3. Ablation Study

To further understand the contribution of each modality to the overall performance,
an ablation study was conducted by systematically removing one or more modalities from
the input. All experiments in this section were performed under the feature-level fusion
setting using ResNet50 as the backbone model. The same cross-validation protocol and
smoothing method (moving average) were applied across all conditions.

The tested combinations include the full model (A + V + S), all possible two-modality
pairs (A + V, A + S, S + V), and individual modalities (A, V, S). The evaluation results are
shown in Table 4.

Table 4. Ablation study on modality combinations using feature-level fusion with ResNet50.

Modality Combination MSE MAE R2 PCC

Action + Voice + Slide (A + V + S) 0.0330 0.1424 0.1278 0.5143
Action + Voice (A + V) 0.0374 0.1568 0.0125 0.3656
Action + Slide (A + S) 0.0343 0.1456 0.0537 0.4677
Slide + Voice (S + V) 0.0365 0.1544 0.0198 0.4617

Action only (A) 0.0382 0.1575 −0.0064 0.3549
Voice only (V) 0.0419 0.1709 −0.0311 0.4735
Slide only (S) 0.0498 0.1832 −0.2060 0.2819
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The results show that the full model using all three modalities (A + V + S) achieved
the best performance across all metrics, indicating that each modality contributes comple-
mentary information to the prediction. Among the single-modality models, action features
alone performed the best, while slide features showed the weakest predictive power when
used in isolation. This suggests that instructor motion contains the most informative cues,
consistent with the findings in Section 4.1.

Interestingly, the combinations A + S and S + V both outperformed their constituent
single-modality models, implying that even relatively weak features like slides can enhance the
model when combined with stronger signals. These findings highlight the synergistic effect of
multimodal fusion and support the inclusion of all three modalities in the final system design.

4.4. Backbone Model Comparison

Six backbone architectures were systematically evaluated to identify the most effective
neural architecture for classroom attention prediction. All models were assessed under
identical conditions: feature-level fusion with action, voice, and slide inputs, smoothing
via moving average, and training with 7-fold cross-validation. The evaluated architec-
tures span three model families: convolutional networks (VGG16, VGG19), residual net-
works (ResNet50, ResNet101), a transformer-based model (ViT), and a sequential hybrid
(CNN + LSTM).

As shown in Table 5, ResNet50 consistently outperformed all other architectures across
metrics, demonstrating the best balance between prediction accuracy and training stability.
VGG16 followed closely with good consistency across folds, while VGG19 showed slightly
diminished performance. Interestingly, ResNet101 underperformed despite its greater
depth, likely due to overfitting on the relatively small dataset. The ViT model exhibited
promising regression metrics but slightly lower classification accuracy, suggesting its global
attention mechanism may require more data to realize its full potential. The CNN + LSTM
architecture provided no clear advantages over purely spatial models, indicating that
explicit temporal modeling offers limited benefits at the one-minute feature resolution.

Table 5. Comparison of backbone architectures using feature-level fusion (A + V + S) with 7-fold
cross-validation.

Backbone Architecture MSE MAE R2 PCC 3-Class ACC

ResNet50 0.0330 0.1424 0.1278 0.5143 61.05%
ResNet101 0.0408 0.1595 −0.0641 0.3545 50.23%

VGG16 0.0342 0.1476 0.0841 0.4600 54.14%
VGG19 0.0376 0.1528 −0.0013 0.4128 51.28%

ViT 0.0345 0.1471 0.0969 0.4377 54.44%
CNN + LSTM 0.0372 0.1510 −0.0787 0.4600 51.33%

Given ResNet50’s superior performance, a more detailed analysis of its fold-wise
behavior was conducted to assess reliability and generalization capabilities.

Table 6 reveals considerable performance variation across the seven validation folds
for ResNet50. Fold 7 demonstrated exceptional performance with the lowest MSE (0.0145),
MAE (0.0951), highest R2 (0.6376), and strongest correlation (PCC = 0.8491). However, some
folds (particularly 2 and 5) yielded negative R2 values, indicating challenges in capturing
variance for certain lesson contexts. Despite these variations, the average metrics across
all folds show a moderate positive correlation (PCC = 0.5143), suggesting the model can
capture meaningful attention patterns even with limited training data.

Figure 10 visually compares the predicted Segment Access Frequency (SAF) with
the ground-truth labels across the seven validation folds. In each plot, the orange line
represents the ground-truth SAF, the light blue line shows the raw predicted values, and
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the dark blue line indicates the smoothed predictions. Beneath the curves, the rectangular
colored blocks display the three-class classification result for each one-minute segment:
green for High-SAF, gray for Medium-SAF, and red for Low-SAF. A key observation is
that the model’s predictions consistently capture the overall temporal trends of student
attention—the rising and falling patterns—even when the absolute numerical accuracy
varies. This is evident in folds with poor statistical metrics (e.g., Fold 5, with an R2 of
−0.3305 and 3-class accuracy of 48.42%), where the predicted curve still mirrors the general
shape of the ground-truth.

Table 6. Validation results of ResNet50 on each lesson (7-fold cross-validation).

Validation Lesson Best Epoch MSE MAE R2 PCC

1 13 0.0623 0.2113 0.1693 0.5323
2 2 0.0264 0.1143 −0.1390 0.2535
3 4 0.0227 0.1217 0.0958 0.3366
4 28 0.0452 0.1850 0.2596 0.7772
5 1 0.0303 0.1406 −0.3305 0.2860
6 6 0.0298 0.1286 0.2020 0.5655
7 91 0.0145 0.0951 0.6376 0.8491

Average – 0.0330 0.1424 0.1278 0.5143

Figure 10. Cont.
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Figure 10. Visualizations of 7-fold cross-validation using ResNet50.

This trend-capturing capability, rather than absolute value precision, is the most
critical quality for the intended application. It allows the system to reliably generate an
‘attention heatmap’ that guides students to conceptually dense segments. The practical
utility of this non-semantic approach is underscored by its performance on lessons with
known content peaks. For instance, the predicted peak in Fold 1 aligns with the ground
truth for Lesson 1, corresponding to the explanation of the Version Space Algorithm, while
the peak in Fold 4 correctly identifies the initial segment of Lesson 4, where the instructor
demonstrates problem-solving steps. This alignment demonstrates that the model can
effectively distinguish high-engagement segments from lulls in the lecture, which is the
primary goal for enhancing archive navigation.
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These results confirm that ResNet50 offers the most reliable foundation for the multi-
modal attention prediction framework, providing an optimal balance between prediction
accuracy, generalization capability, and computational efficiency. Traditional convolutional
architectures—particularly ResNet50 and VGG16—appear well-suited for this task, while
more complex models showed no clear advantages under the experimental constraints.

5. Discussion

5.1. Addressing the Research Questions

In this section, we revisit the research questions introduced in the Introduction and
evaluate how our findings address each.

Main Research Question: Can segment access frequency (SAF) in lecture archives
be accurately predicted using only non-semantic multimodal features, derived
from real-world recordings without transcripts or semantic annotation?

The results confirm that non-semantic features can effectively predict SAF despite
limited data. The full multimodal approach achieved a Pearson correlation of 0.5143 and
61.05% three-class classification accuracy in 7-fold cross-validation (Tables 3 and 5). Even
using only instructor action features yielded a significant correlation (PCC = 0.5464, Table 2).
These findings validate the hypothesis that SAF can be meaningfully predicted without
semantic content understanding, even with an extremely limited dataset averaging only
8.71 valid viewers per lecture (Table 1).

Sub RQ1: Which non-semantic modality—action, voice, or slide—contributes
most to SAF prediction accuracy, and how do combinations of these modalities
affect performance?

The ablation study (Table 4) revealed that instructor action features performed best in
isolation, while slide features performed worst. However, any dual-modality combination
outperformed its constituent single-modality models, with the full tri-modal fusion achiev-
ing optimal results. This confirms the complementary nature of the selected modalities and
highlights the primary contribution of instructor actions.

Sub RQ2: Which fusion strategy and neural network backbone provide the
optimal balance of prediction accuracy and computational efficiency in resource-
constrained educational settings?

The experiments indicate that a combination of feature-level fusion and a ResNet50
backbone provides the optimal trade-off. Feature-level fusion significantly outperformed
model-level fusion across all metrics while requiring only 23% of the training time (Table 3).
Among the tested backbone architectures, ResNet50 consistently outperformed alternatives
across all metrics (Table 5), providing the best balance between accuracy and computational
efficiency. Deeper networks like ResNet101 showed worse performance due to overfitting.
Similarly, the Vision Transformer (ViT) model did not realize its full potential, and the
CNN + LSTM architecture’s explicit temporal modeling offered no significant advantages
over purely spatial models at the feature resolution, demonstrating their unsuitability for
the resource-constrained context.

These findings provide practical design guidelines for SAF prediction systems in
educational environments with resource constraints, demonstrating the potential of non-
semantic approaches for improving lecture archive accessibility. By identifying high-SAF
segments, the framework enhances lecture archive usability in blended learning, supporting
students’ self-directed review after face-to-face instruction and improving integration of
online and in-person learning.
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5.2. Practical Implications and Potential Applications

To concretely illustrate the practical utility of the framework in an authentic blended
learning environment, an in-depth analysis of the results from fold 7 (corresponding to
Lesson 7) is conducted, as shown in Figure 10. This lecture exhibits three distinct phases:
a high-SAF zone from 0–50 min, corresponding to the explanation of complex example
problems; a medium-SAF zone from 50–70 min for conceptual review; and a low-SAF
zone from 70–95 min, which features a live programming demonstration. By applying the
system to this 95-min lecture, a highlight summary containing only the 22 min of high-SAF
segments can be generated. This compresses the content to just 23.16% of its original length,
demonstrating significant information compression efficiency.

From the students’ perspective, the system’s most direct value lies in the substantial
improvement of learning efficiency. This 22-min summary enables students preparing for
exams to bypass lengthy review and demonstration segments, allowing them to directly
access the most critical parts of the example explanations for targeted and efficient review.
Furthermore, having a clear learning map helps alleviate the sense of intimidation students
often feel when confronted with long lecture videos, fostering a more positive and proactive
learning experience.

From the instructor’s perspective, the framework serves as a powerful tool for ped-
agogical diagnosis and intervention. By analyzing the SAF heatmap of existing lectures,
instructors can accurately identify common student difficulties and points of confusion.
More importantly, the predictive capability of the framework transcends this retrospective
analysis to address the cold-start problem in pedagogical feedback. For a new lecture
without any viewing data, the model can proactively generate a predicted SAF heatmap.
This helps instructors anticipate potential bottlenecks and adjust their teaching materials
accordingly, transforming pedagogical assessment from a reactive response into a proactive
planning process.

5.3. Limitations

While the approach demonstrates the feasibility of non-semantic multimodal predic-
tion for SAF, several limitations should be acknowledged:

1. Dataset Scope and Diversity. The experiments relied on seven lectures from a single
Machine Learning course taught by one instructor, leading to performance variability
across validation folds (Table 6). This constrained scope limits the model’s general-
izability to diverse educational contexts, such as humanities courses or interactive
teaching formats, posing challenges for broader applicability in real-world settings.

2. Engagement Measurement Indirectness. SAF serves as an indirect proxy for engage-
ment, primarily capturing revisitation patterns rather than immediate engagement
states. This metric may not fully represent the multifaceted nature of student en-
gagement, particularly during first-time viewing, as it primarily reflects post-hoc
revisitation behaviors.

3. Temporal Resolution Constraints. The one-minute segment resolution, adopted to bal-
ance granularity and computational efficiency, overlooks transient engagement peaks,
such as those triggered by key explanations or student questions. This coarse temporal
scale restricts the model’s precision in identifying brief, high-impact segments critical
for applications like highlight extraction.

4. Non-semantic Feature Limitations. While the non-semantic approach offers cross-
lingual applicability and low training costs, it inherently limits the model’s ability to
capture content-driven factors that may influence segment access frequency but are
not explicitly reflected in non-semantic features. For example, in the prediction results
for Lesson 1 in Figure 10, the model generated moderately high SAF predictions for
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the first 30 min. This likely occurred because during this segment, the instructor
was introducing himself, explaining the course structure and schedule—activities
involving continuous speaking, writing, and movement which, without semantic un-
derstanding, appear similar to the delivery of information-dense concepts. However,
in reality, this portion held little importance for students’ review purposes, leading
most students to skip it and resulting in consistently low actual SAF levels.

6. Conclusions

Building on the findings summarized in Table 7, this study has successfully estab-
lished a lightweight, non-semantic framework for predicting Segment Access Frequency
(SAF) in real-world lecture archives. Our results confirm that it is feasible to estimate
student engagement patterns from multimodal features without relying on semantic cues.
The comprehensive analysis identified the optimal combination of features and model
architecture for this task under resource-constrained conditions.

Table 7. Summary of research questions, answers, and supporting results.

Research Question Answer Summary Supporting Results

Main RQ SAF can be predicted using non-semantic features with moderate
correlation (PCC = 0.5143). Tables 3 and 5

Sub RQ1 Action features contribute most; all three modalities improve results. Table 4

Sub RQ2 Feature-level fusion + ResNet50 best balance of performance and cost. Tables 3 and 5

Compared to existing methods, the approach offers three key advantages, summarized
as follows:

• Language independence: The non-semantic feature design allows the model to be
applied across different languages without requiring content understanding.

• Suitability for educational settings with limited scale: The lightweight architecture
achieves high computational efficiency and can be trained with limited dataset, such
as university lecture archive.

• Automatic label generation: SAF labels are automatically derived from access logs,
eliminating the need for manual annotation or specialized hardware.

To further improve model generalization and practical value, future work will expand
to more diverse instructional contexts, integrate fine-grained behavioral cues (e.g., facial
expressions and gaze), and explore lightweight semantic augmentation such as OCR-based
slide content. The development of downstream applications—such as SAF heatmaps
and automated highlight extraction—is also aimed, which will support both learners
and instructors by enhancing content navigability, instructional feedback, and lecture
archive usability.
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Abstract: Ubiquitous blended learning, leveraging mobile devices, has democratized edu-
cation by enabling autonomous and readily accessible knowledge acquisition. However,
its reliance on traditional interfaces often limits learner immersion and meaningful interac-
tion. The emergence of the wearable metaverse offers a compelling solution, promising
enhanced multisensory experiences and adaptable learning environments that transcend
the constraints of conventional ubiquitous learning. This research proposes a novel frame-
work for ubiquitous blended learning in the wearable metaverse, aiming to address critical
challenges, such as multi-source data fusion, effective human–computer collaboration,
and efficient rendering on resource-constrained wearable devices, through the integra-
tion of embodied interaction and multi-agent collaboration. This framework leverages
a real-time multi-modal data analysis architecture, powered by the MobileNetV4 and
xLSTM neural networks, to facilitate the dynamic understanding of the learner’s context
and environment. Furthermore, we introduced a multi-agent interaction model, utilizing
CrewAI and spatio-temporal graph neural networks, to orchestrate collaborative learning
experiences and provide personalized guidance. Finally, we incorporated lightweight
SLAM algorithms, augmented using visual perception techniques, to enable accurate spa-
tial awareness and seamless navigation within the metaverse environment. This innovative
framework aims to create immersive, scalable, and cost-effective learning spaces within the
wearable metaverse.

Keywords: metaverse; embodied interaction; wearable; multi-agent; artificial intelligence;
ubiquitous blended learning

1. Introduction

In recent years, the rise of the metaverse has opened up immense opportunities for
the field of education. As an advanced immersive environment that blends virtual and
physical realities, the metaverse has the potential to revolutionize learning methodolo-
gies and reshape educational paradigms (Phakamach et al., 2022). Especially for K-16
learners, this technology promises to unlock educational experiences that are otherwise
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impossible, impractical, or unsafe (López-Belmonte et al., 2023).Wearable technology
stands out as a key enabler of this vision, facilitating rich, multi-modal interactions
within immersive ubiquitous learning environments. By supporting seamless, real-time
interaction, wearable devices promise to deliver highly personalized, context-aware ed-
ucational experiences that go beyond the limitations of traditional learning approaches
(Zhou et al., 2024).

The wearable metaverse holds vast application potential while also facing chal-
lenges. Leading technology companies, such as Apple and Meta, have launched sophis-
ticated wearable devices, like the Vision Pro and Orion, which integrate multisensory
interactions and provide immersive experiences across industries, including education
and tourism (Pan, 2024). Nevertheless, while the current research has extensively exam-
ined standalone applications of wearable devices in education, less attention has been
paid to their potential as part of a cohesive ecosystem. The multi-source data collected
by these wearable devices, such as physiological signals, environmental information,
and user interaction data, remains underutilized due to a lack of effective integration
and analysis (Chakma et al., 2021), hindering the development of high-level embodied
interactions that rely on full-body perception. The current research has conducted pre-
liminary explorations into the application of AI agents in the metaverse (X. Kang et al.,
2024). However, the existing studies primarily focus on algorithm optimization or task
simulation (Feng et al., 2025; Yu, 2023), while the specific mechanisms of human–agent
collaboration remain largely unaddressed. As a result, intelligent agents tend to play a
relatively passive role in metaverse learning environments, making it difficult to achieve
truly intelligent and collaborative interactions. Furthermore, processing the multi-source
data required to support complex embodied interactions demands substantial computa-
tional resources, which often exceed the capabilities of most wearable devices (X. Wang
et al., 2024). Consequently, enabling low-computation-cost yet high-performance data
analysis on these wearable devices has become a critical challenge.

This study proposes a conceptual framework for multi-source data analysis, a low
calculation cost, and human–machine cooperation in wearable metauniverse environments.
By integrating embodied interaction and multi-agent collaboration, this study proposes a
comprehensive framework for designing wearable metauniverse learning environments.
This framework combines a lightweight real-time multi-modal data processing framework,
a multi-agent cooperation framework, and a rendering framework combining a lightweight
SLAM algorithm with visual perception. This research aims to provide theoretical and
technical support for the construction of wearable metaverse learning spaces and large-scale
immersive and ubiquitous learning.

2. Literature Review

2.1. Wearable Devices in Ubiquitous Blended Learning

Wearable devices, with their portability, interactivity, and versatility, are an effec-
tive technological means for creating blended environments (Frisoli & Leonardis, 2024;
Palermo et al., 2025). Wearable devices allow students to immerse themselves in a vir-
tual space, mobilizing their vision, hearing, and even touch to achieve comprehensive
interactions between themselves and the virtual environment. This learning method
is consistent with the core principles of immersive and ubiquitous blended learning
(Cárdenas-Robledo & Peña-Ayala, 2018). Furthermore, these devices provide students
with continuous access to knowledge in various environments, offering greater flexi-
bility, efficiency, and participation in the learning process. In recent years, the rapid
development of wearable technologies such as smart watches, smart glasses, and smart
clothing has further expanded the possibilities of metaverse-based learning. These wear-
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able items help students to stay engaged by allowing them to be educated in different
conditions instantaneously and continuously. To this end, smart glasses facilitate school
children’s multi-modal story creation by combining 3D virtual objects and hologram
elements to enable the children to visualize their invented stories (Mills & Brown, 2023).
A study quantified the learner experience and usability of a VR game using data from
smartwatch gestures, finding that participants felt comfortable with the system, used it
easily, and felt empowered (Nascimento et al., 2023).

Wearable devices play an active role in analyzing and enhancing learners’ learning
process. They can analyze learners’ behaviors and emotional states in real time, such
as by using smart bracelets to record students’ attention levels and emotions and help
build adaptive learning systems that dynamically respond to individual needs (Ba & Hu,
2023). This enables the development of personalized learning spaces in the education
metaverse using heart rate signals to assess students’ emotional engagement and cognitive
activity levels (Z. Zhao et al., 2022). In addition, wearable devices have been integrated
into various learning activities to enhance their immersion and interactivity. For example,
at a museum’s dinosaur exhibition presented in English, smart glasses were shown to
significantly improve the learning efficiency and motivation compared to tablets (Chen
et al., 2023). Similarly, wearable AR and hybrid AR/VR learning materials were also
found to significantly improve high school students’ situational interest, engagement,
and learning performance in physics laboratories, with hybrid AR/VR outperforming
traditional learning methods (J. C. Y. Sun et al., 2023).

Despite the numerous advantages of using wearable devices in educational applica-
tions, their further development still faces some technical challenges. One of the major
hurdles is effectively processing and analyzing the heterogeneous multi-source data col-
lected by wearable devices. Wearable technologies typically contain a variety of sensors
that capture various data types such as physiological signals (e.g., eye-tracking data, heart
rates, electroencephalograms) and environmental information (e.g., location, temperature)
(Heikenfeld et al., 2018). Integrating and making sense of these disparate data sources re-
quires developing sophisticated data fusion techniques and mining algorithms specifically
tailored to the unique characteristics of wearable data. Moreover, the limited computa-
tional power, storage capacity, and communication capabilities of wearable devices pose
significant barriers to their ability to support advanced learning analytics and interactive
functionalities (Nahavandi et al., 2022). This limitation hinders the implementation of
real-time and immersive interactive features (Hazarika & Rahmati, 2023). Research on
low-computation-cost technologies for wearable devices used within immersive metaverse
learning environments has become an urgent direction to address these challenges.

2.2. Embodied Interaction in Ubiquitous Blended Learning

With the advancement of cognitive science, embodied cognition theory has attracted
widespread attention in education research. The theoretical framework emphasizes the
basic role of the body in cognitive processes. It is believed that cognition not only depends
on the function of the brain but also occurs through the dynamic interaction between
the body and its environment (Foglia & Wilson, 2013). This view has opened up new
research and practical application methods for use in immersive learning environments.
Embodied interaction, as an emerging paradigm in human–computer interaction, integrates
whole-body sensory and motor systems to create more natural and intuitive interactive
experiences (Crowell et al., 2018). In immersive education environments, the application of
embodied interaction mainly occurs across three dimensions.

First, designing and applying diversified interactive devices, such as motion capture
systems, tactile feedback equipment, and brain–computer interfaces, provides technical
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support for ubiquitous learning. These devices can track learners’ physical movement,
physiological state, and nerve signals in real time, thereby providing corresponding im-
mersive feedback (Crowell et al., 2018; Fleury et al., 2020). For example, VR and motion
capture have been used to offer an interactive Tai Chi learning system with a virtual
coach, real-time feedback, and avatar control, enhancing self-learning by overcoming
the limitations of traditional and video-based methods (J. Liu et al., 2020). Innovative
wearable rings with multi-modal sensors and haptic feedback have enhanced immersive
social interactions in metaverse-based education by enabling tactile and thermal per-
ception (Z. Sun et al., 2022). Additionally, utilizing a brain–computer interface (BCI) to
monitor a student’s brain activity, an embodied robot can detect attention lapses in real
time and provide immediate, adaptive responses, thereby improving learning efficacy
(Vrins et al., 2022).

Second, embodied interaction has been implemented across various academic disci-
plines with various application patterns. For instance, Kinect sensors and gesture-based
interactions have been used in physics education to create mixed-reality environments
where students learn about electric fields through bodily movements and interactive ges-
tures (Johnson-Glenberg & Megowan-Romanowicz, 2017). A study comparing traditional
controls and 3D-printed haptic devices in a mixed-reality chemistry lesson found that
while both groups exhibited improved knowledge, highly embodied interaction enhanced
science identity and efficacy (Johnson-Glenberg et al., 2023). Virtual museums used in
science education have been studied using eye-tracking technology to analyze students’
performance and mental effort, with the goal of enhancing virtual museum design and
resource development (Wu et al., 2024).

Third, embodied interaction can greatly improve students’ motivation (Lindgren
et al., 2016). An embodied interactive teaching model can be personalized and dif-
ferentiated to meet students’ needs, attracting their attention through multisensory
presentation methods and thereby enabling more effective knowledge transfer and skill
development. Embodied interaction has taken root in gamified learning. In such envi-
ronments, embodied interaction technology supports interactive learning by integrating
educational content into virtual contexts, stimulating students’ intrinsic motivation and
sparking their curiosity and interest (Abrahamson et al., 2020). The positive impact of
embodied interaction on students’ learning outcomes is well-established (Mira et al.,
2024). It not only enhances students’ cognitive abilities and motor skills but also fosters
their emotional development and learning motivation (Kosmas & Zaphiris, 2023). How-
ever, in spite of the promising prospects of using embodied interaction in ubiquitous
learning, its large-scale promotion and practical application still face multiple challenges.
These include high costs and computational resource requirements, the need for more
comprehensive principles and standards in interaction design, and the difficulty of
accurately quantifying the comprehensive impact of embodied interaction on students’
cognition, emotions, and behavior.

2.3. AI Agents in Metaverse

The rapid advancements in Large Language Models (LLMs) have led to signifi-
cant breakthroughs in natural language understanding and generation by LLM-based
agents, bringing revolutionary changes to education (Xi et al., 2023). LLMs empower AI
agents with multidimensional capabilities such as perception, tool invocation, reasoning,
planning, interaction, and self-evolution, enabling them to autonomously learn, make
decisions, and act in complex, blended-reality environments (Gao et al., 2024). Through
real-time interactions with the environment or humans, agents continuously optimize
their behavioral strategies by receiving feedback (González-Briones et al., 2018), allow-
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ing them to learn continuously in real-world scenarios and enhance their intelligence,
interactivity, and collaboration. However, because a single agent struggles with a high
cognitive load and inefficient task division in complex educational settings, multi-agent
systems (MASs) represent a promising solution (Amirkhani & Barshooi, 2022). By incor-
porating social attributes and defining roles and communication mechanisms, MASs can
engage in cooperative and competitive social interactions to handle more complex edu-
cational tasks (Song et al., 2024). MASs can share parameters, knowledge, and decisions,
enhancing the robustness and scalability of algorithms through communication (Janbi
et al., 2023). Additionally, through interactive collaboration, MASs simulate complex
social scenarios that reflect group cooperation dynamics, helping learners understand
the behaviors and emotions associated with different roles, thereby enhancing social
perception. To simplify the development of MASs, researchers have created frameworks
based on LLMs, such as AutoGen, CrewAI, CAMEL, and MetaGPT (Arslan et al., 2024).
These frameworks provide powerful tools for facilitating collaboration and competition
among agents.

Leveraging MAS frameworks will enhance the performance, efficiency, robustness,
and scalability of metaverse educational systems. In metaverse educational practice, LLM-
based MASs demonstrate excellent human–computer collaboration capabilities (Xia et al.,
2024). Unlike traditional human–computer cooperation processes, MASs can manage
human resources proactively by designing socially interactive virtual–physical roles. These
systems simulate complex social role interactions, understand learners’ social behavior,
and dynamically adjust according to the social norms implied by users’ actions and the
environment (Gatto et al., 2022). This adaptive flexibility enables MASs to be widely
applied in immersive educational scenarios such as video games, virtual reality, and train-
ing simulations. Examples include Stanford University’s AI Agent Town (Park et al.,
2023) and agent-based hospitals (Li et al., 2024). Despite the promising prospects of us-
ing LLM-based MASs in metaverse education, their development still faces numerous
challenges. Specifically, these include the need to advance multi-agent collaboration algo-
rithms, develop robust frameworks, and improve agents’ recognition of metaverse elements
(Gatto et al., 2022).

3. A Conceptual Framework for Wearable Metaverse Environments

3.1. The Overall Framework of the Model

This study constructed a wearable metaverse learning environment framework, as
shown in Figure 1, to enhance the learning experience in immersive ubiquitous learn-
ing. The model consists of four key modules: (1) an Embodied Interaction Module;
(2) Multi-Agent Collaboration Module; (3) Multi-Source Data Fusion Module; and (4) Low-
Computational-Cost Optimization Module. Through the interconnection of these modules
and their interaction with various components of the system, an immersive ubiquitous
learning system is formed.
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Figure 1. The wearable metaverse learning environment conceptual framework.

3.2. Embodied Interaction Module
3.2.1. Data Collection and Sensor Integration

In a wearable metaverse learning environment, the comprehensive and real-time
collection of learners’ multi-modal data forms the foundation for achieving embodied in-
teraction (Closser et al., 2022). In this study, we developed a modular system for embodied
data collection, integrating diverse sensors and wearable devices. The key components
include an eye-tracking sensor embedded in smart glasses to capture metrics like fixation
points, the gaze duration, and the blink frequency for analyzing learners’ attention, cog-
nitive load, and visual health; EEG sensors to assess learners’ emotional states through
their brainwave patterns; and a positioning wristband with inertial sensors to monitor real-
time positions, movement trajectories, and gestures. Additionally, haptic sensors measure
environmental parameters such as the temperature and pressure, enabling context-aware
haptic simulations.

3.2.2. Embodied Interaction Strategies

In the proposed wearable metaverse learning environment, we suggest implementing
embodied interaction strategies organized across three dimensions: interaction between
learners, interaction between learners and the metaverse environment, and interaction
between learners and the real environment (Table 1). These strategies collectively create an
integrated learning experience that bridges the virtual and real worlds.
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Table 1. Embodied interaction strategies in wearable metaverse environments.

Interaction Dimension Contents Description

Learner-to-Learner

Gesture Recognition
Capturing natural gestures for non-verbal

communication and object manipulation in
virtual spaces.

Synchronized Activities Mapping shared physical activities (e.g., virtual
sports) in real time to foster collaboration.

Haptic Feedback Simulating remote physical touch, enhancing
social presence and emotional connection.

Learner-to-Metaverse

Immersive Operations Enabling direct and intuitive interaction with
virtual objects through body movements.

Multisensory Feedback Providing rich experiences through integrated
visual, auditory, and haptic feedback.

Spatial Navigation Allowing for natural navigation of virtual spaces
using physical movements to enhance exploration.

Learner-to-Real-Environment AR Annotations Overlaying real-world objects with contextual
learning information.

Interaction Mapping Mapping real-world actions to virtual
environments for seamless learning.

Environmental Adaptation Dynamically adjusting learning content based on
environmental data.

3.3. Multi-Agent Collaboration Module

To enhance learners’ immersive interaction experience in wearable metaverse envi-
ronments, the Multi-Agent Collaboration Module relies on multi-agent human–computer
collaboration algorithms, enabling different intelligent agents to possess expertise in vari-
ous domains and adapt to collaborative needs across multiple modalities and scenarios.
This study proposes a multi-agent collaboration framework based on CrewAI and spatio-
temporal graph neural networks (ST-GNNs).

3.3.1. Functions of Multi-Agent Module

The multi-agent module promotes deep human–machine collaboration, resource op-
timization, and the co-evolution of intelligence. On one hand, multiple agents can be
flexibly defined and dynamically adjusted based on their identity, efficiently functioning in
diverse interaction modes such as equal collaboration, the structured hierarchical division
of labor, and spontaneous discussion. This not only provides users with multidimensional
interactive experiences but also allows users to participate in collaborative problem-solving
with intelligent agents, exploring the possibilities of using different cooperation models and
responsibility sharing. On the other hand, multiple agents will filter and recommend high-
quality resources, facilitate on-demand application and adaptive optimization, generate
diverse content, act as virtual companions, and provide heuristic dialogue and metacog-
nitive support through emotion perception and cognitive state adjustment, promoting
the realization of deep collaboration modes. Furthermore, this study explored a mutual
feeding mechanism involving multiple agents and human collaboration to achieve the
co-evolution of technological capabilities and human intelligence. Within this framework,
humans engage in knowledge co-construction and task resolution through deep collabora-
tion with multiple agents, providing guidance and correction for the optimization of agent
behavior, helping them continuously improve the depth of their professional knowledge
in vertical domains. Simultaneously, intelligent agents provide feedback on individuals’
cognitive and practical abilities through complex data analysis and providing adaptive
behavior feedback.
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3.3.2. Intelligent Interaction Mechanisms

Intelligent interaction mechanisms govern how learners and virtual agents engage
within the environment. The interaction modes between learners and virtual agents
include proactive modes where agents anticipate needs, passive modes where agents
respond upon request, hybrid modes combining both approaches, and group collaboration
modes involving multiple agents for complex tasks. Additionally, real-time context-based
adaptation enhances interactions through the analysis of learners’ behavior, awareness
of environmental changes, optimization of interaction strategies based on feedback, and
personalized tuning of agents’ parameters to ensure tailored and effective support.

3.3.3. Collaboration Using CrewAI and ST-GNNs

The framework utilizes the CrewAI framework to structure the collaboration among
agents. CrewAI allows us to define distinct roles, responsibilities, and goals for each agent,
thereby forming a cohesive and mission-focused team dedicated to a specific learning task.
This framework supports sophisticated workflows where agents can operate in parallel,
delegate tasks, and communicate sequentially, mirroring real-world team dynamics.

To achieve seamless coordination between agents’ actions and learners’ movements,
ST-GNNs are employed. This technology is essential for processing and interpreting the
complex, dynamic relationships between multiple entities (learners and agents) in both
space and time.

3.4. Multi-Source Data Fusion Module

A lightweight and scalable solution is critical for efficient real-time multi-modal data
processing in resource-constrained wearable metaverse environments. One promising
approach is to integrate MobileNetV4-based lightweight feature extraction with xLSTM-
based multi-source fusion.

The feature extraction module leverages MobileNetV4’s depthwise separable con-
volutions to balance computational efficiency and high performance (Qin et al., 2025).
Each modality-specific branch can be independently trained, and the extracted features
are integrated into a shared embedding space, enabling seamless integration. Thanks to
the efficient architecture of MobileNetV4, this module can support low-latency, real-time
inference on resource-constrained devices such as wearables, providing a solid foundation
for immersive interactions.

Building on the extracted multi-modal features, an xLSTM network can be employed
to fuse features from different modalities and model their temporal dependencies (Beck
et al., 2024). Specifically, feature vectors from different branches are fed in parallel into the
corresponding input gates of xLSTM. By introducing modality interaction units, xLSTM
can explicitly learn the temporal correlation patterns across different modalities, capturing
long-range cross-modal dependencies. Additionally, the gating mechanisms of xLSTM
allow it to adaptively decide which modality information should be updated or retained at
each time step, enhancing the flexibility and robustness of cross-modal information fusion.

3.5. Low-Computation-Cost Strategy Module

The low-computation-cost strategy module plays a critical role in this project, aiming
to reduce computational complexity and deliver a smooth, high-quality visual embodied
interaction experience.

Inspired by the spatial resolution distribution of the human visual system, we propose
that rendering in wearable metaverse learning environments should adopt an adaptive
resolution rendering method based on gaze tracking. Specifically, the density of cone cells
in the retina peaks in the foveal region (the area surrounding the gaze point), providing
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the highest visual resolution, while progressively decreasing toward the peripheral areas
(Reiniger et al., 2021). Based on this characteristic, the rendering engine of wearable
metaverse learning environments needs to dynamically track the user’s gaze position
in real time and adjust the rendering resolution accordingly, with regions closer to the
gaze point rendered in higher detail and peripheral regions rendered at lower resolutions
to optimize computational efficiency without compromising visual quality. Therefore, a
low-computation-cost rendering strategy for wearable metaverse learning environments
should follow these principles:

• High fidelity in gaze-sensitive areas: Regions closer to the gaze point are rendered at
higher resolutions to ensure high-fidelity viewing in the user’s focus area;

• Optimized peripheral rendering: Regions further away from the viewpoint are ren-
dered at lower resolutions, reducing the computational demands while maintaining
acceptable visual quality.

This adaptive-resolution rendering technique balances the computational cost and vi-
sual quality, and even under resource-limited conditions, a high-quality visual presentation
is maintained.

To enable efficient environment perception and modeling, this framework adopts
lightweight SLAM algorithms, such as GS-SLAM + LoopSplat, to construct 3D environment
maps and estimate device pose changes in real time on low-power devices. To enhance the
learner’s experience, the framework includes a visual perception optimization module that
dynamically adjusts the rendering parameters based on real-time quality assessment using
algorithms such as CrossScore and GR-PSN. Perceptual mapping techniques like VDP
(Visual Difference Prediction) are employed to identify areas of higher visual importance,
ensuring that system resources are allocated to maximize the perceptual quality.

By employing this dynamic resource allocation strategy, the system achieves smooth
interaction performance and improved overall resource utilization.

4. Technical Approaches for Implementing Wearable Metaverse
Environments

The construction of a future immersive ubiquitous learning environment aims to
promote educational equity, improve learning outcomes, and optimize resource allocation
(X. S. Zhai et al., 2023). However, since the fully immersive ubiquitous learning era has
not yet arrived, the concept of the educational metaverse is still in its exploratory phase,
and large-scale experimental research is not yet feasible. Therefore, this study addresses
specific educational challenges that may arise in future immersive ubiquitous learning
environments and proposes four key technical pathways to address these. These pathways
aim to overcome the limitations of traditional educational methods through embodied
interaction and multi-agent collaboration, providing innovative solutions to challenges
such as data collection precision in enhancing immersive learning experiences.

4.1. Enhancing Precision Through Multi-Source Data Fusion

In future immersive ubiquitous learning environments, traditional data collection
methods, such as surveys and interviews, may prove insufficient for capturing the dynamic
and embodied interactions between learners, intelligent agents, and the virtual–physical
environment. The real-time analysis of multi-modal learner data is essential for supporting
personalized and adaptive learning (Di Mitri et al., 2022; X. Zhai et al., 2023). However, the
heterogeneous nature of data sources in wearable metaverse learning environments poses
significant challenges in terms of data integration, synchronization, and interpretation.

This study introduces a lightweight neural network architecture combining Mo-
bileNetV4 and xLSTM for multi-source heterogeneous data fusion and analysis, as shown
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in Figure 2. This approach enables the efficient extraction and integration of features from
various data modalities, such as text, images, speech, and sensor data, while maintaining
the real-time performance on resource-constrained wearable devices.

Figure 2. Multi-source data fusion framework.

4.1.1. Feature Extraction with MobileNetV4

The lightweight feature extraction module for use in wearable metaverse environ-
ments leverages MobileNetV4, which effectively balances computational efficiency and
model performance using its universally efficient architecture designs for mobile devices.
MobileNetV4 introduces the Universal Inverted Bottleneck (UIB) search block, a unified
and flexible structure that merges an Inverted Bottleneck (IB), ConvNext, Feed-Forward
Network (FFN), a novel Extra-Depthwise (ExtraDW) variant, and Mobile Multi-Query
Attention (Mobile MQA) (Qin et al., 2025).

• Text Data: Discrete text data is transformed into continuous low-dimensional semantic
vectors using an embedding layer. These vectors are then processed through modified
UIB blocks, specifically adapted for text data, to extract high-level semantic features.

• Image and Video Data: MobileNetV4’s depthwise separable convolution, as a key
element of the UIB block, is leveraged to efficiently extract spatial features from image
data. For video data, these spatial features are temporally aggregated using temporal
modeling layers, such as the Mobile MQA attention block, enabling the capture of
dynamic temporal dependencies.

• Speech Data: High-level acoustic features are initially extracted using a pre-trained
acoustic model (e.g., Wav2Vec or HuBERT). These features are subsequently com-
pressed using MobileNetV4’s UIB blocks, which are fine-tuned for speech data,
to reduce the dimensionality without losing essential information. The Mobile
MQA attention block is then applied to capture long-range dependencies within the
speech sequences.

Each modality-specific branch is independently trained to maximize its individual
performance. The extracted features are then projected into a shared embedding space for
cross-modality integration. By leveraging the efficient architecture of MobileNetV4, this
module ensures real-time feature extraction and compatibility with resource-constrained
devices, such as wearable hardware.

4.1.2. Dynamic Cross-Modality Fusion with xLSTM

After extracting feature maps from multi-modal data using MobileNetV4, fusion
employing xLSTM involves the following steps:

• Input Transformation: The extracted feature maps are pre-processed (e.g., normaliza-
tion, dimensionality alignment) to ensure compatibility across the modalities.
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• Temporal Alignment Using Modality Interaction Units (MIUs): MIUs in xLSTM
explicitly model the temporal relationships between the modalities.

• Dynamic Modality Weighting: At each time step, xLSTM calculates the relative impor-
tance of each modality using learned weighting parameters.

• Output Fusion for Downstream Tasks: The fused multi-modal representation is passed
to task-specific layers (e.g., classification, regression, or decision-making modules).

This architecture supports a highly adaptive and scalable data fusion process by
combining MobileNetV4’s efficient feature extraction with xLSTM’s advanced temporal
modeling capabilities.

4.2. Agents’ Collaboration Based on Multi-Agent Framework and Graph Neural Networks

Effective collaboration between learners, virtual agents, and the environment is critical
for achieving an interactive and adaptive learning experience in the wearable metaverse.
However, ensuring seamless coordination between multiple intelligent agents and the
dynamic virtual–physical environment is a significant challenge, particularly in terms of
agent communication, task allocation, and context awareness.

This study proposes a multi-agent collaborative model based on the CrewAI and
spatio-temporal graph neural networks (ST-GNNs), as shown in Figure 3, integrating
learners, intelligent agents, virtual environments, and real-world environments. Crew AI
offers a decentralized network of communicating agents with decentralized architectures
and coordination, providing flexibility and scalability for such systems. ST-GNNs can
consider the fine details of the spacetime relationship of the agent with its surroundings,
which may support context-aware decision-making and adaptations to the environment.
A hybrid learning setup that includes this technology can make the proposed model
particularly useful for education in a hyper-virtual world incorporating collective studying,
such as through problem-solving situations, role-playing, and interactive simulations.

Figure 3. Multi-agent collaborative model.

4.2.1. Spatio-Temporal Collaboration Modeling with ST-GNNs

To capture and model the complex interactions among learners, intelligent agents,
and their environments, the framework employs spatio-temporal graph neural networks
(ST-GNNs) (Sahili & Awad, 2023). This approach first constructs a spatio-temporal het-
erogeneous behavior graph, where learners, agents, and environments are represented
as nodes with both static and dynamic features and their timestamped interactions form
the edges. Within this graph, the framework models the spatial dimension using het-
erogeneous graph attention networks to aggregate information from neighboring nodes,
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while simultaneously addressing the temporal dimension using temporal convolutional
networks to capture the evolution of features over time. Through this integrated analysis,
the ST-GNNs generate low-dimensional collaborative embeddings for each agent. These
embeddings encode their roles, states, and mutual dependencies, providing a rich feature
space for downstream decision-making. By leveraging ST-GNNs, this framework identifies
and models complex spatio-temporal dependencies, enabling adaptive and cooperative
interactions that enhance learning outcomes.

4.2.2. Distributed and Hybrid Decision-Making with CrewAI

This framework adopts the CrewAI (Barbarroxa et al., 2025) paradigm to orga-
nize distributed decision-making and coordination among agents at both the macro and
micro levels:

• Macro-Level Coordination: A central platform agent serves as a global coordinator,
aggregating information from all the agents and generating high-level decisions using
graph neural networks. The platform agent evaluates the states of learners, virtual
environments, and real-world contexts to identify optimal task–agent matches. For
example, it might assign a specific virtual tutor to a struggling student or coordinate
collaborative tasks among urban and rural students.

• Micro-Level Distributed Decisions: Individual agents (e.g., virtual tutors, learning
companions, or environment agents) independently generate localized decisions
based on their private states. Using deep reinforcement learning, the agents express
personalized preferences for scheduling or task execution, which are communicated
back to the platform agent through CrewAI’s interaction mechanisms. This two-
way communication ensures that global decisions are informed by local needs while
maintaining the overall system coherence.

This hybrid decision-making approach balances centralized coordination with decen-
tralized adaptability, ensuring scalability and responsiveness in complex learning scenarios.

4.3. Optimization of Visual Experiences Based on Low Computation Cost

As metaverse technologies have continued to evolve, the demand for immersive
user experiences has grown significantly. From early Three-Degrees-of-Freedom (3DOF)
head tracking to the current Six-Degrees-of-Freedom (6DOF) head and hand tracking,
VR/AR devices are increasingly simulating interactions that closely resemble the real
world (Manawadu & Park, 2024). However, achieving high-resolution, wide-field-of-view,
and low-latency rendering in wearable devices poses significant computational challenges,
particularly in resource-constrained environments.

This study argues that wearable metaverse learning environments should be based
on low-computation-cost rendering technologies. By leveraging the characteristics of
the human visual system, the framework dynamically adjusts the rendering strategies
based on the learner’s gaze position, ensuring high-fidelity rendering in visually sensitive
regions while reducing the computational load for peripheral areas. This approach not only
improves the visual fidelity of wearable metaverse learning environments but also enhances
user comfort and reduces power consumption, making it more feasible for prolonged use
in educational settings. The framework integrates four key technical components, as shown
in Figure 4.
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Figure 4. Low-computation-cost rendering framework.

4.3.1. Low-Computation-Cost Environment Perception and Modeling

To enable efficient environment perception and modeling, this framework adopts
optimized, lightweight SLAM (Simultaneous Localization and Mapping) algorithms, such
as GS-SLAM + LoopSplat (Zhu et al., 2024), to construct 3D environment maps and esti-
mate device pose changes in real time on low-power devices. By utilizing sparse feature
extraction and efficient graph optimization techniques, the framework significantly reduces
the computational costs while maintaining effective performance.

4.3.2. Gaze Prediction Using Visual Attention Models

To improve the rendering efficiency and user experience, the framework incorporates
real-time gaze tracking and visual attention modeling:

• Visual Attention Models: Inspired by the human visual system, lightweight convolu-
tional neural networks (e.g., boundary attention models) are used to predict potential
regions of interest in images or videos (Polansky et al., 2024). These predictions guide
rendering optimizations by focusing computational resources on areas the user is
likely to attend to.

• Real-Time Gaze Tracking: The system utilizes low-computation-cost gaze-tracking
algorithms to identify the learner’s gaze position in real time, ensuring that the
rendering priorities align with the user’s visual attention.

This gaze prediction mechanism provides precise data to dynamically optimize the
rendering strategies while reducing unnecessary computational overheads.

4.3.3. Gaze Prediction and Dynamic Rendering Cache Mechanism

A core module of the framework integrates gaze prediction with a dynamic rendering
cache mechanism to optimize the rendering efficiency:

• Dynamic Resolution Adjustment: Based on gaze prediction, the rendering engine dy-
namically adjusts the resolution of different regions. Higher resolutions are prioritized
for gaze-sensitive areas, while peripheral regions are rendered at lower resolutions.
Techniques such as the Level of Detail (LOD) method and frustum culling (Su et al.,
2017) are used to allocate resources effectively.
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• Rendering Cache Mechanism: Leveraging temporal coherence, previously rendered
frames are stored and reused to avoid redundant computations. Frame difference
encoding and result compression techniques are further applied to reduce the compu-
tational cost for static or minimally changing regions.

• Predictive Gaze Modeling: Recurrent neural networks (e.g., RNNs) predict potential
gaze shifts, allowing the system to pre-render areas of future interest and minimize
the latency.

This module ensures the efficient utilization of computational resources while main-
taining high-quality visual experiences in key areas of user attention.

4.3.4. Visual Perception Optimization

To enhance the learner experience, this framework incorporates a visual perception
optimization module that dynamically adjusts the rendering parameters based on real-time
quality assessment:

• Image Quality Evaluation: Algorithms such as CrossScore (Z. Wang et al., 2025)
and GR-PSN (Ju et al., 2024) are used to assess the visual quality of the rendered
frames in real time. These evaluations guide adjustments to the rendering pa-
rameters, such as the resolution and texture detail, to balance visual fidelity and
computational efficiency.

• Perceptual Mapping Techniques: Techniques like VDP (Visual Difference Predic-
tion) (Mantiuk et al., 2023) are employed to identify areas of higher visual impor-
tance, ensuring that the system resources are allocated in a way that maximizes the
perceptual quality.

5. Discussion

This study proposes a lightweight data processing solution tailored to the needs of
ubiquitous wearable metaverse environments, effectively facilitating human–computer
interaction and supporting ubiquitous learning. The integration of the MobileNetV4 and
xLSTM algorithms helps improve the computational efficiency on resource-constrained
wearable devices, thereby enhancing the model’s performance. On the one hand, Mo-
bileNetV4’s efficient architecture, including the Universal Inverted Bottleneck (UIB) block
and Mobile MQA mechanism, provides very high real-time feature extraction accuracy
and computational efficiency (Qin et al., 2025). Such model developments acknowledge
the developing requirements for light yet powerful models to be implemented in learning
systems (G. Zhao et al., 2021). The xLSTM model, on the other hand, captures the long-
term dependencies and models the temporal dynamics of different modalities, making it
particularly suitable for processing the various time series data generated in metaverse
learning environments (Alharthi & Mahmood, 2024). By reducing the need for computing
resources, this framework enhances the feasibility of allowing learners to receive education
on resource-limited wearable devices anytime and anywhere, promoting equitable access
to metaverse-based education across different hardware platforms.

Secondly, this study proposes a human–machine collaboration framework that inte-
grates multiple agents. The multi-agent system-based framework relies on coordination
methods to link students, agents, the virtual reality environment, and reality together to
form a vibrant, collaborative learning system. Meanwhile, it applies spatio-temporal het-
erogeneous behavior graphs, allowing the varying behavior parameters of learners, agents,
and their environments to be witnessed and researched because they are important for
both analyzing and optimizing interactive behaviors. Inside this mixed-learning metaverse
space, besides providing novelty and depth to traditional cooperative learning activities,
multi-agent collaboration is also a step toward a human–computer education model (Lin,
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2015). This framework not only focuses on traditional collaborative learning between
students but also explores the interaction between learners and agents and between agents,
making it more suitable for ubiquitous learning in the metaverse environment. Multi-agent
systems, supported by large-scale language models, can bolster equity in learning, make
education more personalized and context-aware, and make the possibility of individualized
and resource-rich education more realistic (Cheng et al., 2024). That is, the joint efforts of
agents will enable personalized, context-aware, and emotional learning processes, where
the recommendations will be changed dynamically and tasks’ difficulty will be adjusted
based on the learner’s trajectory.

Finally, this study proposes the adoption of a low-computation-cost rendering strategy
in wearable metaverse learning environments to achieve high-quality visual rendering
under resource-constrained conditions. This strategy aims to solve the performance bottle-
necks faced by mobile and wearable devices when processing complex metaverse scenes,
ensuring that learners can experience smooth and realistic interactions in a dynamic, im-
mersive environment. Specifically, the research focused on rendering methods based on
lightweight SLAM algorithms and boundary attention frameworks. This method improves
the computing efficiency to a certain extent while optimizing resource allocation and en-
sures the smoothness and realism of educational scene rendering to the greatest possible
extent. This method is consistent with cutting-edge research in the field of mobile and
wearable devices, focusing on enhancing performance and the image quality using deep
learning algorithms (Suo et al., 2023). In educational applications, this strategy ensures the
feasibility of running complex metaverse learning applications on resource-constrained
wearable devices. In addition, this solution helps reduce the reliance of metaverse resources
on high-performance hardware devices, thereby promoting the large-scale adoption of
wearable ubiquitous learning.

6. Conclusions

This study proposes a framework and technical solution for developing wearable
metaverse learning environments, aiming to achieve immersive and ubiquitous learning
experiences through the innovative combination of lightweight data processing, multi-
agent collaboration, and low-computation-cost technologies. While significant progress has
been made in theoretical exploration and technical design, there remain certain limitations
that need to be addressed in future research. On the one hand, as metaverse technology
is still in its infancy, this study primarily focused on providing a conceptual framework
and technical solution. However, large-scale empirical studies have yet to be conducted
to validate the effectiveness and feasibility of the proposed framework and solutions in
real-world scenarios. The framework also needs to be further integrated with educational
practice by designing and testing specific learning scenarios for different K-16 subjects.
On the other hand, aspects such as the computational efficiency and scalability of the
lightweight data processing framework, the interaction modeling capabilities of the multi-
agent collaboration framework, and the environmental adaptability of the low-computation-
cost rendering strategy require further evaluation and optimization through practical
system implementation and user studies.

As metaverse technology continues to evolve and mature, we anticipate the emer-
gence of more prototype systems and application scenarios. It is important to explore
the applicability and acceptability of metaverse technologies across different teaching
applications, instructional models, and educational strategies to ensure their global in-
clusivity, universality, and sustainability (Y. Liu & Fu, 2024). Through interdisciplinary
collaboration and iterative improvements, the wearable metaverse learning environment
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can be continuously optimized and refined, ultimately enabling ubiquitous and intelligent
learning transformations.
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Abstract: The growing popularity of online learning brings with it inherent challenges that
must be addressed, particularly in enhancing teaching effectiveness. Artificial intelligence
(AI) offers potential solutions by identifying learning gaps and providing targeted im-
provements. However, to ensure their reliability and effectiveness in educational contexts,
AI models must be rigorously evaluated. This study aimed to evaluate the performance
and reliability of an AI model designed to identify the characteristics and indicators of
engaging teaching videos. The research employed a design-based approach, incorporat-
ing statistical analysis to evaluate the AI model’s accuracy by comparing its assessments
with expert evaluations of teaching videos. Multiple metrics were employed, including
Cohen’s Kappa, Bland–Altman analysis, the Intraclass Correlation Coefficient (ICC), and
Pearson/Spearman correlation coefficients, to compare the AI model’s results with those of
the experts. The findings indicated low agreement between the AI model’s assessments and
those of the experts. Cohen’s Kappa values were low, suggesting minimal categorical agree-
ment. Bland–Altman analysis showed moderate variability with substantial differences
in results, and both Pearson and Spearman correlations revealed weak relationships, with
values close to zero. The ICC indicated moderate reliability in quantitative measurements.
Overall, these results suggest that the AI model requires continuous updates to improve
its accuracy and effectiveness. Future work should focus on expanding the dataset and
utilise continual learning methods to enhance the model’s ability to learn from new data
and improve its performance over time.

Keywords: AI; video conferencing; online student engagement; teachers’ behaviours;
teachers’ movements; design-based research

1. Introduction

Over the past decade, there has been substantial growth in online education within
higher education institutions. This growth is due to its flexibility, accessibility, and cost
efficiency (Castro & Tumibay, 2021; Dhawan, 2020). Further, COVID-19 has compelled
higher education institutes worldwide to transition to online learning (Xie et al., 2021). Due
to this sudden change, teachers encounter notable challenges in adapting to online learning,
with student engagement emerging as the most prominent challenge (Alenezi et al., 2022).
Studies have highlighted that fostering online student engagement is more complex than
engaging students in traditional face-to-face learning (Gillett-Swan, 2017; Hew, 2016). The
potential of online learning and its trends brings forth new opportunities but also poses
various challenges (Liang & Chen, 2012).

Educ. Sci. 2025, 15, 403 https://doi.org/10.3390/educsci15040403
78



Educ. Sci. 2025, 15, 403

Incorporating AI can assist in addressing these challenges by identifying and evaluat-
ing discrepancies and offering suggestions for enhancing teaching effectiveness. AI opens
up new avenues for learning and teaching (Limna et al., 2022). AI technologies’ abilities
to quickly analyse large datasets, recognise patterns, and make predictions support more
personalised and effective learning experiences (Harry & Sayudin, 2023; Shaikh et al., 2022;
Tahiru, 2021). For instance, AI-powered systems can recommend personalised learning
paths, automate grading, and enhance educational resources (Nguyen, 2023). However, a
critical challenge lies in evaluating the accuracy of AI models, especially when they are
tasked with assessing complex human behaviours and movements, such as those of teach-
ers, aimed at encouraging student engagement. Despite its potential, there is still much
to learn about how accurately AI can interpret and predict the behaviours that enhance
student engagement in online learning environments.

This study employed design-based research (DBR) to address these gaps by designing
an AI model to identify engagement-enhancing teacher behaviours and movements during
video conferences. During the initial phase of this DBR, the authors conducted a systematic
literature review to determine the characteristics and indicators of engaging teaching videos
Verma et al. (2023b). In the second phase, the authors, with the assistance of an AI expert,
trained an AI model to replace the manual annotation of teaching videos based on teachers’
behaviours and movements (Verma et al., 2023a), which expedites the process as manual
annotation was identified as time-consuming (Beaver & Mueen, 2022). The identified
characteristics and indicators were then applied to train the AI model using deep learning
as an AI methodology. The current phase focuses on evaluating the AI model to ensure its
accuracy and determine whether continuous AI model updates are necessary. Specifically,
this study seeks to address the following research questions:

“How accurately can an AI model generate a report for characteristics and
indicators of engaging teaching videos based on teachers’ behaviours and
movements?” (RQ1)

“Why is it important to continuously update the AI model designed to enhance
online learning and teaching?” (RQ2)

By addressing these questions, this research aims to contribute to the ongoing effort to
accurately and sustainably integrate AI into online learning.

2. Background

This section consists of three subsections. Section 2.1 presents the three distinct phases
of the DBR, with a special focus on the current phase. Section 2.2 explores existing studies
on evaluation methods in the field of education. Finally, Section 2.3 delves into studies
that discuss evaluation methods within AI. Each section provides valuable insights and
analysis into these important topics, highlighting their significance and implications in
their respective domains.

2.1. Previous Phases

This study is the third phase of a DBR where the authors evaluate an AI model to
ensure its accuracy and to determine whether continuous model updates are necessary.
In the first phase, the authors conducted a systematic literature review to identify the
characteristics and indicators of engaging teaching videos. The authors reviewed 34 stud-
ies and identified 11 characteristics crucial for enhancing student engagement in video
conferencing based on teachers’ behaviours and movements Verma et al. (2023b). Fur-
ther, 47 indicators that can describe each characteristic were identified. The identification
and categorisation of these indicators into the 11 main characteristics are backed by the
significant findings from the reviewed studies and research concerning online student

79



Educ. Sci. 2025, 15, 403

engagement. These characteristics were organised into three overarching domains: Teach-
ers’ behaviours, movements, and use of technology Verma et al. (2023b). Appendix A.1
illustrates the main theme, characteristics, and indicators of engaging teaching videos.

Researchers have demonstrated significant interest in examining the influence of
teachers’ behaviours and movements on online student engagement (Cents-Boonstra et al.,
2021; J. Ma et al., 2015). Verma et al. (2023b) strongly believe that the characteristics
and indicators outlined in Appendix A.1 can be used as a benchmark for improving
teachers’ performance in online learning. Educational institutions can implement these
indicators and characteristics of engaging teaching videos to enhance and regulate online
teaching practices. Educational institutions worldwide can use this information to develop
and offer training for teachers aimed at refining their skills in creating teaching videos
that effectively boost online student engagement. However, identifying these engaging
characteristics and indicators within recorded lecture videos requires human participation
(Verma et al., 2023a). This manual identification and analysis process demands a significant
amount of time and resources (Beaver & Mueen, 2022). Additionally, this approach may
introduce human bias into the analysis. Therefore, in order to mitigate human bias and
maintain efficiency in identifying engaging teaching videos, the authors collaborated with
an AI expert to develop an AI model in phase 2. This tool generates a report on the
characteristics and indicators of engaging teaching videos (Verma et al., 2023a).

In the second phase, the educational experts annotated 25 recorded lecture videos.
The recorded lecture videos were presented to higher education students by lecturers from
a university in Australia. The videos encompass a range of fields, including law, business,
health, education, arts, and sciences, with an average length of 01:28:37 (Verma et al., 2023a).
There were 13 female and 12 male speakers featured in the videos, and the authors secured
ethical approval from the local university under the ethics approval number H20REA185.
The manual annotation of these videos was performed individually using the Visual
Geometry Group (VGG) Image Annotator (VIA) (Version 3) tool accessible from https://
www.robots.ox.ac.uk/~vgg/software/via/app/via_video_annotator.html (accessed on
11 January 2024). The manual annotation was carried out at the indicator level. Through
the manual annotation of 25 recorded lecture videos, the authors identified 7 characteristics
and 15 descriptive indicators, as detailed in Table 1. Based on the outcomes of this manual
annotation, the AI expert assisted the authors during the development and training of
an AI model designed to identify the characteristics and indicators of engaging teaching
videos each time a video is processed.

The engaging characteristics and indicators identified through manual video annota-
tion were utilised to train prototype 1. Recognising challenges like misleading metrics and
class imbalance, the model underwent refinement in prototype 2 by implementing the over-
sampling technique. By implementing the oversampling technique, the model was further
improvised and demonstrated promising results, achieving an average precision, recall,
F1-score, and balanced accuracy of 68%, 75%, 73%, and 79%, respectively, in categorising
the annotated videos at the indicator level (Verma et al., 2023a).

The developed model has the potential to support higher education institutions
in establishing moderation in lecture delivery. Moreover, it can significantly influence
teaching and learning by providing teachers with reports on their technology utilisation
effectiveness and identifying engagement-enhancing behaviours and movements present
or lacking during their lecture delivery. To ensure the AI model’s effectiveness and
accuracy in generating reports, the current study evaluates its performance using a
range of metrics.
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Table 1. Characteristics and indicators identified in manual annotation (Verma et al., 2023a, p. 7).

Characteristics Indicators

Encouraging Active
Participation

• Encouraging students’ participation in discussion
• Encouraging students to share their knowledge

and ideas
• Encouraging students to ask questions
• Encouraging collaborative learning activities
• Encouraging meaningful interaction

Establishing Teacher
Presence

• Providing learning resources
• Giving clear instructions

Establishing Clear
Expectations • Outlining the learning objectives

Demonstrating Empathy • Using appropriate changes in tone of voice

Using Nonverbal Cues
• Facial expressions
• Eye contact
• Appropriate body language

Using Technology
Effectively

• Enabling class recording for later review
• Screen sharing and enabling chat, camera,

and microphone
• Varying the presentation media

2.2. Evaluation Methods in Education

Researchers have used various evaluation methods to evaluate the available instru-
ments for measuring student engagement in education (Apicella et al., 2022; Giang et al.,
2022; Shekhar et al., 2018).

Giang et al. (2022) conducted a validation of their proposed model to measure student
engagement, which includes four sub-components, emotional engagement, cognitive en-
gagement, participatory engagement, and agentic engagement, by employing a qualitative
analysis approach, conducting interviews and focus group sessions as part of their data
collection process. An interview in research is a data collection method where a researcher
asks participants questions to gather information about their experiences, opinions, and
perspectives (Kvale, 1996). Frequently, interviews are combined with other data collection
methods to ensure a comprehensive and diverse range of information for analysis purposes
(Turner, 2010).

In their recent study, Apicella et al. (2022) carried out an experimental case study
to verify the effectiveness and validity of the tool they introduced to assess and mon-
itor student engagement. A case study is commonly defined as a thorough and me-
thodical examination of an individual, group, community, or another entity where the
researcher carefully analyses detailed information about various factors or variables
(Heale & Twycross, 2018).

Shekhar et al. (2018) employed a mixed-methods approach, combining quantitative
and qualitative methods to assess the effectiveness and validity of the instruments they
developed for observing active learning, instructor participation, student resistance,
and student engagement. This combination of methods allowed for the validation
of broader frameworks through qualitative analysis and the identification of specific
elements to incorporate into quantitative tools during the developmental stage, as
Sandelowski (2000) suggested.
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Chiu (2021) applied questionnaires in their study and adopted a quantitative
analysis method to evaluate the model they provided, where they leveraged digital
tools to fulfil the requirements of competence, relatedness, and autonomy, leading to
active student engagement in online learning. A questionnaire serves as a methodical
approach for gathering primary quantitative data in the literature. It typically con-
sists of a sequence of written inquiries to which respondents are required to provide
responses (Bell, 1999).

Lee et al. (2019) incorporated expert opinions and conducted reliability and validity
analyses to ensure the accuracy and consistency of the model they proposed to enhance
student engagement in e-learning environments. Expert opinion refers to a judgment by
an individual with superior knowledge in a specific domain. It encompasses two key
components: expertise and domain specificity (Pingenot & Shanteau, 2009).

2.3. Evaluation Methods in AI

Several studies have explored using deep learning and computer vision techniques
to evaluate AI-enabled tools that identify engagement-enhancing teacher behaviours and
movements in video conferencing.

X. Ma et al. (2021) presented a deep learning-based approach to recognise online stu-
dent engagement, employing both convolutional and recurrent neural networks. They anal-
ysed facial expressions, body movements, and gaze patterns to predict engagement levels.

Behera et al. (2020) focused on automatically analysing teachers’ nonverbal behaviours
in online learning settings. They employed computer vision techniques such as face detec-
tion, tracking, gesture recognition, and body pose estimation to extract meaningful features
from video data. AI algorithms were applied to classify nonverbal behaviours and assess
their impact on student engagement. In their research, Weng et al. (2023) conducted a
systematic literature review on video-based learning analytics in online education. The
review highlighted the importance of utilising computer vision techniques to analyse
teachers’ behaviours and their influence on online student engagement and learning out-
comes. Ashwin and Guddeti (2019) explored the utilisation of deep learning techniques for
automatic emotion recognition in educational videos. They used convolutional neural net-
works and recurrent neural networks to analyse teachers’ and students’ facial expressions
and body movements, demonstrating the potential of deep learning models in capturing
emotional cues and evaluating their impact on student engagement.

A handful of studies (Ashwin & Guddeti, 2019; Behera et al., 2020; X. Ma et al., 2021;
Weng et al., 2023) highlight the use of deep learning and computer vision techniques in
evaluating AI-enabled tools for identifying engagement-enhancing teacher behaviours
and movements in video conferencing. They offer valuable perspectives on the capacity
of these techniques to enhance student engagement and improve the quality of online
learning experiences.

Existing research in education lacks evaluation methods specifically designed for
measuring online student engagement using AI-enabled tools (Huang et al., 2023). Previous
studies have focused on developing instruments and models for traditional face-to-face
settings, utilising methods such as interviews, case studies, mixed-methods approaches,
and questionnaires. The evaluation methods used to validate the instruments in education
might not be suitable for the AI model created by the authors as these methods require
human analysis, which can lead to bias (Heeg & Avraamidou, 2023).

This paper seeks to evaluate the AI model developed in the preceding phase through
the use of various metrics such as Cohen’s Kappa, Bland–Altman analysis, the Intraclass
Correlation Coefficient (ICC), and Pearson/Spearman correlation coefficients to assess its
accuracy and identify whether it is necessary to perform continuous AI model updates.
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3. Methods

The authors utilised a DBR approach to develop an AI model that generates re-
ports on teachers’ behaviours and movements whenever it processes a recorded lecture
video. The DBR methodology has gained recognition in educational research, with many
researchers highlighting its ability to support the development of practical research pro-
cesses (Tinoca et al., 2022). Following the principles of the DBR methodology, this study
has unfolded in three distinct phases. The phases of the DBR process are summarised in
Figure 1.

 
Figure 1. Research phases.

Phase 1, systematic literature review: This phase involves a systematic review of the
existing literature to identify the characteristics and indicators of engaging teaching videos.
By analysing previous research, a foundational understanding of what constitutes effective
teacher behaviours and movements in online teaching environments is established. In this
study, the authors identified 47 indicators and 11 characteristics categorised into three main
themes (see Appendix A). These identified indicators then guided the development of the
AI model in subsequent phases.

Phase 2, designing an AI model, involves video annotation to create an AI model
capable of analysing the characteristics and indicators identified in Phase I, to recognise
and evaluate teachers’ engagement-enhancing behaviours and movements in recorded
lecture videos using Zoom. The model was designed through two prototypes.

AI process

The authors developed a deep learning model to learn a teacher’s movements in a
recording with the support of an AI expert. This is achieved by recording the temporal
coordinates extracted from the tool’s manual video annotation. Temporal coordinates are
markers in the video timeline that help identify specific points in time. Selected lecture
videos were split based on these coordinates, and we transformed them into a stack of
image frames. The pre-processed frames were then labelled with corresponding teaching
indicators, and we prepared the data model for training. Next, the data were split into
two sets—training and testing—for model training and evaluation. An AI expert fed the
training set to the convolutional neural network (CNN) model to learn the actions in the
image frames and their corresponding labels. Finally, the test set was used to evaluate the
performance of the CNN model.

Data pre-processing

During the data pre-processing step, the AI expert captured the temporal coordinates
provided by the video annotation tool. For example, suppose a lecture recording displayed
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the teaching indicator “Clear and concise explanation of information” at the temporal
coordinates (3051.315, 3053.256). In that case, the recorded lecture was divided into video
segments highlighting and extracting the teaching indicator. Then, each video was split
into segments of image frames and annotated each frame with the “Clear and concise expla-
nation of information” teaching indicator. These annotated image frames are represented
as 2D matrices and serve as inputs for the convolution layer of the deep learning model, as
described in the subsequent subsection.

Deep learning model

The AI expert developed the CNN model as a deep learning approach for classifying
two-dimensional (2D) data images. The CNN model offers the advantage of reducing the
high dimensionality of images while preserving their information. Figure A2 illustrates the
learning process of the CNN model. First, the input image frames, pre-processed in the
previous step, are passed to a two-dimensional (2D) convolution layer, which uses a set of
filters to divide the image frame into smaller sub-images and analyse them individually.
The convolution layer’s output is then passed to the pooling layer, which estimates the
maximum value for a feature set and creates a down-sampled group feature. The pooled
features can be flattened into a 2D array and then processed in the output layer of the CNN
model. The output layer provides a probability for each label classification, which can be
optimised using a threshold value to classify the features into a label.

As shown in Figure 1, the present study, Phase 3, focuses on the third phase of this
DBR, where authors have evaluated the AI model to ensure its accuracy and determine
whether continuous updates are required. The authors have used multiple statistical
methods to ensure the model’s accuracy. As part of the evaluation process, the model
processed two recorded lecture videos and then generated results, identifying indicators of
engaging teaching videos. Meanwhile, human experts who are well-versed in the domain
independently analysed the same set of videos and provided their findings. The AI model
was evaluated using multiple statistical methods to identify the statistical agreement and
consistency between the findings of an AI model and two human experts in evaluating
specific segments of video data.

3.1. Data Collection

The evaluation of the AI model’s ability to identify engagement-enhancing teacher
behaviours and movements in video conferencing involved the participation of two human
experts who manually annotated two videos and the AI-generated reports. The results
obtained from the AI model and the two human experts were carefully analysed using
various metrics.

Two videos of varying durations were utilised, one lasting 49 min and 3 s with
11 segments and the other lasting 58 min and 40 s with 23 segments, featuring presen-
ters with different camera settings. The research was carried out with ethical clearance
obtained from a regional university in Australia (ethics approval number H20REA185).
However, demographic information about the lecturers, such as age, location, and academic
background, was not collected.

3.2. Video Analysis

This section explores two distinct approaches for processing and analysing a set
of videos to identify teachers’ engagement-enhancing behaviours and movements. It
highlights the annotation process carried out by human experts and the use of an AI model
designed by the authors in the previous phase to achieve a similar objective.
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3.2.1. Expert Involvement

The two human experts conducted an annotation process guided by the 7 characteris-
tics and 15 descriptive indicators of engaging teaching videos identified in the previous
phase (refer to Table 1). Having two experts for comparison brings in diverse perspectives
and broader insights and potentially leads to more comprehensive solutions or decisions.
Additionally, it reduces the chances of individual bias influencing the outcomes, leading to
a more balanced and reliable evaluation. To complete the manual annotation process, the
Visual Geometry Group Image Annotator (VIA) tool was used (refer to Appendix A.2).

3.2.2. AI Reports

The AI model employed a deep learning model known as a convolutional neural
network (CNN) to process the same set of recorded lecture videos. Its main goal was
to identify the teachers’ engagement-enhancing behaviours and movements based on
the characteristics and indicators it had been trained with, similar to what the human
experts utilised for manual annotation. By examining visual cues and patterns, the model
generated detailed reports highlighting the teachers’ behaviours and movements that
enhance student engagement.

3.3. Data Analysis

The analysis involved multiple statistical methods to assess the agreement and con-
sistency between the findings of an AI tool and two human experts in evaluating specific
segments of video data. Cohen’s Kappa was used to measure the inter-rater agreement
for categorical items, considering the possibility of agreement occurring by chance. To
analyse the differences between their assessments, Bland–Altman analysis was employed
to explore the agreement between the AI tool and the experts. The Intraclass Correlation
Coefficient (ICC) was calculated to assess the reliability and agreement of the quantitative
measurements between the AI tool and both experts. Lastly, the Pearson and Spearman
correlation coefficients were computed to measure the linear and rank-order relationships
between the AI tool’s assessments and those of the experts.

4. Results

Tables 2 and 3 serve as invaluable resources, offering a clear outline of the analyses
conducted on each video and facilitating a deeper understanding of the comparative
evaluations undertaken by both human experts and the AI model. Table 4 presents the
statistical agreement and consistency analysis between the AI model and experts evaluating
video 1 and video 2 data. The combined analysis results are discussed in detail, pointing
out the findings for each statistical method used.

Table 2. AI and experts’ findings from video 1.

Video 1 AI Model Expert 1 Expert 2

Segment 0 1 1 14
Segment 1 6 8 6
Segment 2 6 8 6
Segment 3 14 8 14
Segment 4 1 14 8
Segment 5 15 7 15
Segment 6 7 7 No identified indicator
Segment 7 5 9 No identified indicator
Segment 8 2 8 No identified indicator
Segment 9 5 9 No identified indicator

Segment 10 9 9 No identified indicator
Segment 11 5 9 No identified indicator
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Table 3. AI and experts’ findings from video 2.

Video 2 AI Model Expert 1 Expert 2

Segment 0 1 14 15
Segment 1 10 8 15
Segment 2 5 7 5
Segment 3 5 4 5
Segment 4 1 7 2
Segment 5 12 12 4
Segment 6 5 7 2
Segment 7 10 12 10
Segment 8 5 7 7
Segment 9 7 12 7

Segment 10 1 12 1
Segment 11 1 12 No identified indicator
Segment 12 5 9 No identified indicator
Segment 13 1 12 No identified indicator
Segment 14 1 12 No identified indicator
Segment 15 9 7 No identified indicator
Segment 16 5 7 No identified indicator
Segment 17 14 15 No identified indicator
Segment 18 5 12 No identified indicator
Segment 19 14 12 No identified indicator
Segment 20 1 9 No identified indicator
Segment 21 14 15 No identified indicator
Segment 22 1 1 No identified indicator
Segment 23 5 12 No identified indicator

Table 4. Statistical agreement and consistency analysis between the AI tool and experts.

Statistical Measure AI Tool vs. Expert 1 AI Tool vs. Expert 2 Interpretation

Cohen’s Kappa 0.09 0.07 Slight agreement
Bland–Altman Analysis

-Mean Difference 4.92 2.24 Moderate variability
in differences

-Standard Deviation of Differences 4.55 6.18
-95% Limits of Agreement (−4.00, 13.84) (−9.87, 14.35)

Intraclass Correlation Coefficient
(ICC2k) 0.45 0.45 Moderate reliability

Pearson Correlation Coefficient 0.09 −0.02 Weak linear relationship
Spearman Correlation Coefficient 0.09 −0.10 Weak rank-order relationship

4.1. Explanation of Findings

This section analyses the findings for the two distinct videos at each level. Tables
(List the tables) showcase the outcomes of AI processing and expert analysis, forming the
foundation for further exploration and discussion.

4.1.1. Video 1 Results

Table 2 highlights video 1 segments (0 to 11) and the results obtained from the AI
model and Experts 1 and 2.

The findings from video 1, as analysed by both the AI model and experts, are organised
into four columns. The first column displays the video segments. The second column
lists the indicators identified by the AI model. The third column presents the indicators
identified by Expert 1, while the fourth column outlines the indicators identified by Expert
2. (Refer to Figure A4 in Appendix A.2 for the complete list of indicators.)
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4.1.2. Video 2 Results

Further, Table 3 presents video 2 segments (0 to 23) and the results from the AI model
and Experts 1 and 2.

The findings from video 2 follow the same format, with four columns. The first
column displays the video segments, the second contains the indicators identified by the
AI model, the third presents the indicators identified by Expert 1, and the fourth outlines
those identified by Expert 2. (Refer to Figure A4 in Appendix A.2 for the complete list
of indicators.)

Table 4 summarises the result of the statistical agreement and consistency analysis
between the AI model and expert findings, followed by a detailed explanation of the results.

In this study, multiple statistical methods were employed to assess the agreement
and consistency between the findings of an AI model and two human experts in evalu-
ating specific segments of video data. The analysis involved the calculation of Cohen’s
Kappa, Bland–Altman analysis, the Intraclass Correlation Coefficient (ICC), and Pear-
son/Spearman correlation coefficients to comprehensively explore the degree of similarity
between the AI-generated results and the expert assessments.

Cohen’s Kappa was used to measure the inter-rater agreement for categorical items,
taking into account the possibility of agreement occurring by chance. The results indicated
slight agreement between the AI model and the experts, with Cohen’s Kappa values of 0.09
for Expert 1 and 0.07 for Expert 2. These low Kappa values suggest that the AI model’s
categorical assessments are only marginally aligned with those of the human experts, with
a considerable amount of disagreement present.

When analysing the differences between their assessments, Bland–Altman analysis
was employed to explore the agreement between the AI model and the experts. For the
comparison between the AI model and Expert 1, the mean difference was 4.92, with a
standard deviation of 4.55. The 95% limits of agreement ranged from −4.00 to 13.84.
Similarly, the comparison with Expert 2 yielded a mean difference of 2.24, with a standard
deviation of 6.18 and 95% limits of agreement from −9.87 to 14.35. These results reveal a
moderate degree of variability in the differences between the AI model and the experts,
indicating that while there is some level of agreement, the variability is substantial enough
to warrant further refinement of the AI model.

The Intraclass Correlation Coefficient (ICC) was calculated to assess the reliability
and agreement of the quantitative measurements between the AI model and both experts.
The ICC value (ICC2k) for the comparison was 0.45, indicating moderate reliability. This
suggests that while there is some consistency in the measurements between the AI model
and the experts, the level of agreement is not strong enough to be considered highly reliable.

Finally, the Pearson and Spearman correlation coefficients were computed to measure
the linear and rank-order relationships between the AI model’s assessments and those of
the experts. The Pearson correlation coefficient for the AI model and Expert 1 was 0.09,
indicating a weak positive linear relationship, while the correlation with Expert 2 was
−0.02, reflecting a weak negative linear relationship. Similarly, the Spearman correlation
coefficients showed a weak positive rank-order correlation of 0.09 with Expert 1 and
a weak negative rank-order correlation of −0.10 with Expert 2. These results suggest
that the AI model’s findings have a minimal linear or monotonic relationship with the
expert assessments.

The statistical analyses reveal that the AI model’s assessments exhibit slight to mod-
erate agreement and consistency with those of the human experts. While there is some
level of alignment, the relatively low agreement metrics indicate that there is significant
room for improvement in the AI model’s performance. Enhancing the AI model, perhaps
through additional training with a more diverse dataset or by refining its algorithms, could
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potentially increase its reliability and consistency with expert evaluations. This would be
crucial for ensuring the AI tool’s effectiveness and accuracy in real-world applications.

5. Discussion

Researchers (e.g., Apicella et al., 2022; Giang et al., 2022; Shekhar et al., 2018) have
developed various evaluation methods such as interviews, case studies, mixed-methods
approaches, and questionnaires to validate instruments and ensure their effectiveness in
education. However, existing research in education lacks evaluation methods specifically
designed for measuring online student engagement using AI models (Heeg & Avraamidou,
2023; Huang et al., 2023). Therefore, the authors employed multiple statistical methods to
measure the developed AI model’s accuracy and identify whether it requires continuous
model updates.

5.1. Exploration of Research Findings

Upon evaluating the model trained in 2022 by annotating 25 recorded lecture videos
by education experts, the results revealed that the model requires updating. This is mainly
due to the significant increase in expert knowledge concerning human characteristics over
the past two years, while the model’s knowledge has not changed. Further, research in
this field indicates that AI models require regular updates to maintain their effectiveness
(Li et al., 2023; Murtaza et al., 2022; Ocaña & Opdahl, 2023; Roshanaei et al., 2024).

In relation to the RQ1: How accurately can an AI model generate a report on the
characteristics and indicators of engaging teaching videos based on teachers’ behaviours
and movements? The findings revealed that the AI model’s ability to identify the char-
acteristics and indicators of engaging teaching videos was only marginally aligned with
expert analyses. The main reason for these results is the evolving nature of the human
mind. From the development of the model to its evaluation, the experts’ understanding has
evolved significantly, enabling them to recognise more characteristics and indicators from
the recorded lecture sessions, while the knowledge embedded in the AI model remains
static. If the AI model was trained on more data, such as more videos manually annotated
by experts, these results would likely reflect a stronger alignment between the experts’
assessments and the AI model, indicating a significant improvement in the model’s per-
formance and accuracy. This overall result was drawn from multiple statistical methods,
including Cohen’s Kappa, Bland–Altman analysis, the ICC, and Pearson and Spearman
correlation coefficients, which indicated limited agreement between the AI model and the
human experts. Specifically, Cohen’s Kappa values were low at 0.09 for Expert 1 and 0.07
for Expert 2, suggesting minimal alignment with expert findings. Bland–Altman analysis
showed a mean difference of 4.92 (SD = 4.55) for Expert 1 and 2.24 (SD = 6.18) for Expert 2,
with 95% limits of agreement ranging from −4.00 to 13.84 and −9.87 to 14.35, respectively,
demonstrating moderate variability in differences. The ICC value (ICC2k) of 0.45 indicated
moderate reliability, while Pearson and Spearman correlation coefficients revealed weak
relationships: 0.09 with Expert 1 and −0.02 with Expert 2 for Pearson, and 0.09 and −0.10
for Spearman, respectively. These findings highlight significant room for improvement
in the AI model’s performance, suggesting that a further update is needed to enhance its
accuracy and consistency with expert evaluations.

In relation to the RQ2: Why is it important to continuously update the AI model
designed to enhance online learning and teaching? The evaluation findings indicate only
a slight to moderate alignment of the AI model’s performance outcome with the experts’
analysis results, emphasising the need for further improvement through continuous model
updates. Apart from the findings of this study, various factors support the importance of
continuously updating AI models. AI models are trained and rely on historical data, which
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may become outdated as the data environment evolves. Such changes can significantly
impact the AI model’s performance, making regular updates necessary to keep the model’s
performance from declining (Li et al., 2023). Roshanaei et al. (2024) describe regular updates
and patches for AI models as the process of refreshing them to address any weaknesses in
their design or data handling processes. AI models need to be regularly updated to keep
up with new information (Ocaña & Opdahl, 2023). Pianykh et al. (2020) recommend the
incorporation of feedback from match results and adjusting algorithms as part of the con-
tinuous training and updating of AI models to improve their predictive accuracy over time.
Further, model updates can be influenced by other factors such as the availability of new
or higher-quality training data, user feedback, learning algorithm advancements, and the
need to ensure fairness in the model (X. Wang & Yin, 2023). Murtaza et al. (2022) highlight
that continuously updating AI learning models with new training data can enhance the
learning experience. Therefore, keeping models up to date ensures that AI models can
continuously offer relevant, effective, and fair support in online learning environments.

5.2. Implications

This study holds significant implications for the use of AI models in education.
Firstly, this three-phase research project provides the characteristics and indicators of
engaging teaching videos that can improve online student engagement. These char-
acteristics and indicators can help teachers and educational institutions enhance their
pedagogical approaches.

Secondly, this study provides a procedure to train AI models for education. Further, by
creating an AI model in phase 2, this research proves that AI can be used to create models
and tools to replace the manual identification process. This can avoid challenges such as
time consumption, cost, and potential human bias. According to De Silva et al. (2024), one
of the multifaceted benefits of AI is its ability to automate processes, leading to increased
efficiency in terms of both time and cost.

Thirdly, this study highlights the importance of model monitoring and valida-
tion. Monitoring and validating AI systems to ensure accuracy and fairness are crucial.
Aldoseri et al. (2023) highlighted that inaccurate, biased, or irrelevant outcomes derived
from low-quality data can have adverse effects on decision-making processes grounded
in AI outputs, emphasising the importance of validation to enable AI systems to gener-
ate dependable and valuable outcomes. Thus, this study employed various metrics to
guarantee the reliability of the evaluation results for the developed AI model, assessing its
accuracy and identifying the importance of continuous AI model updates. This establishes
the need for a policy that requires educational institutions to regularly enhance and update
AI models to maintain accuracy and reliability and ensure the models remain relevant.

Moreover, if the AI model accurately identifies these characteristics and indicators
of engaging teaching videos effectively, it can provide teachers with significant support
in various aspects, such as saving time, enhancing learning, and reinforcing professional
development. Regarding professional growth and continual improvement, AI-generated
reports are instrumental in aiding teachers in recognising both the strong points and
areas needing improvement in their lecture delivery concerning engagement. Similarly,
processing engaging recorded lecture videos using the AI model provides teachers with
valuable insights into what resonates most effectively with their students. This empowers
them to make well-informed decisions for future learning experiences, ultimately resulting
in improved teaching and learning outcomes. Further, this research also provides a manual
annotation procedure that can assist AI engineers in developing similar AI models.
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6. Limitations and Future Directions

While the authors have developed an AI model to understand student engagement
based on teachers’ behaviours and movements in video conferencing, certain limitations
must be recognised. Firstly, significant differences in outcomes have been identified,
attributed to factors such as human bias, evolution, and the limited training of the AI
model due to a small dataset containing few indicators and variations. These factors
underscore the need to enhance the AI model’s performance to better align with the
analyses conducted by human experts. Additionally, the reliance on a small dataset for
evaluation emphasises the need for assessments on larger datasets by processing and
analysing more lecture videos to comprehensively evaluate the model’s performance.

In future research, the findings from this final phase may be incorporated for im-
provement. The results reveal that the AI model developed in this study to identify
engagement-enhancing behaviours and movements needs continuous updates to address
the challenges posed by evolving data. This study also establishes the importance of
continuous model updates. As noted by Žliobaite et al. (2015) and Roshanaei et al. (2024),
the performance of predictive models can degrade if they lack mechanisms for regular
updates and adaptation to new data, highlighting the importance of continuous updates in
preventing such vulnerability in AI models. In their study, C. Wang et al. (2024) suggested
various triggers to perform model updates. Firstly, they introduced periodic updates, in
which model updates are performed at intervals such as quarterly, monthly, or weekly.
Secondly, they suggested performance-driven updates, where models are refreshed when
their accuracy metrics fall below a predefined threshold. Lastly, they suggested a data-
driven approach, where models are updated upon accumulating significant data. Another
recommended approach is continual learning (CL), which enables AI models to be updated
with new data without the need to retrain them from the beginning (Nikoloutsopoulos
et al., 2024). Continual learning refers to an AI model’s ability to continuously learn from
new data streams while retaining its previous knowledge. In this process, the model
improves its performance by adapting to new data and updating its knowledge base as
new information becomes available.

7. Conclusions

As detailed in the explanation of findings, the AI model evaluation involved various
statistical methods used to perform a statistical agreement and consistency analysis, com-
paring the AI model’s findings with those of human experts. The results showed relatively
low agreement between the AI model’s ability to identify the characteristics and indicators
of engaging teaching videos and the experts’ analysis. While the AI model shows potential,
the results highlight significant room for improvement, suggesting further updates are
needed to improve the model’s accuracy and achieve strong to excellent alignment with
expert evaluations.
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Appendix A

Appendix A.1

Main theme, characteristics, and indicators of engaging teaching videos (Verma et al.,
2023a, p. 11).

Main Theme Characteristics Indicators

Teachers’
Behaviours

Encouraging Active
Participation

• Encouraging students’ participation in discussion
• Encouraging students to share their knowledge and ideas
• Encouraging students to ask questions
• Encouraging collaborative learning activities
• Encouraging meaningful interaction
• Encouraging students to turn on their webcams

Establishing Teacher
Presence

• Clear and concise explanations of information
• Recognising and considering learners’ individual differences
• Using an appropriate style of presentation
• Allowing sufficient time for students’ information processing
• Providing learning resources
• Giving clear instructions
• Using a range of teaching strategies
• Appropriate speed of lecture delivery

Establishing Social
Presence

• Maintaining constant teacher–student interaction
• Encouraging student–student interaction (peer collaboration)
• Active and constructive communication
• Taking on multiple roles

Establishing Cognitive
Presence

• Giving students a sense of puzzlement (trigger)
• Providing opportunities for students to reflect (exploration)
• Leading students to think and learn through discussion with

others (integration)
• Helping students apply knowledge to solve issues (resolution)

Questions and
Feedback

• Addressing students’ questions and providing prompt feedback
• Asking for questions and feedback
• Clarifying misunderstanding

Displaying Enthusiasm
• Motivating students
• Displaying positive emotion
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Main Theme Characteristics Indicators

Establishing Clear
Expectations

• Outlining the learning objectives
• Outlining teachers’ expectations of students’ behaviours

and responsibilities

Demonstrating
Empathy

• Using appropriate changes in tone of voice
• Ensuring the learning environment is a respectful, safe, and

supportive one
• Showing concern

Demonstrating
Professionalism

• Demonstrating in-depth and up-to-date knowledge
• Displaying appropriate behaviours

Teachers’
Movements

Using Nonverbal Cues

• Facial expressions
• Gestures
• Eye gazes
• Silence
• Eye contact
• Physical proximity
• Appropriate body language

Use of
Technology

Using Technology
Effectively

• Screen sharing and enabling chat, camera, and microphone
• Varying the presentation media
• Providing technical support to students
• Providing multiple communication channels
• Providing interactive software tools
• Enabling class recording for later review

Appendix A.2. Manual Video Annotation Procedure

VGG Image Annotator (VIA) software (Version 3) was used in this manual video
annotation process to annotate Zoom-based lecture recordings. VIA is an open-source
project-based annotation software for annotating images, audio, and videos, available
at https://www.robots.ox.ac.uk/~vgg/software/via/app/via_video_annotator.html (ac-
cessed on 11 January 2024).

In this project, the researchers used the following steps to annotate the videos:
Step 1: Creating a new project: Open the VIA annotation tool by clicking the link

above. Add the project name on the top left-hand side (refer to Figure 1). The project name
should be the same as the recorded lecture name.

 

Figure A1. Create a new project.
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Step 2: Adding a video file: The second step is to add a video by clicking the plus icon
(refer to Figure A1). Select the video to be annotated from the desktop or cloud storage.

 

Figure A2. Add a video.

Step 3: Define the attributes: Once the video is added, define the attributes by clicking
on 1 (refer to Figure A2). In this step, two attributes have been created by typing the
attribute name in 2 (refer to Figure A2) and clicking Create. In this project, the first attribute
was created to identify the engaging teaching video indicators and the second to highlight
the presenter’s location in the video.

While defining the attributes, the following information was inserted (refer to
Figure A3):

 

Figure A3. Define the attributes.

Attribute 1: The name of the first attribute is “Engaging teaching video indicators”.
The anchor is set to “Temporal Segment in Video or Audio” as researchers identified the
indicators in small video segments. The text function is selected for the input type(refer to
Figure A4).

Attribute 2: The name of the second attribute is “Presenter location”. The attribute is
created to signal the presenter’s location in the video. The anchor is set to “Spatial region
in a video frame” as an area is highlighted to indicate the presenter’s location. The input
type is set as Select. In the options section, the researchers have typed “presenter” to

Name = Presenter location
Anchor = Spatial region in a video frame
Input Type = Select
Options = *Presenter (Note: if there are multiple presenters in a video, we can add

*presenter 1, presenter 2)
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Figure A4. Attribute 1 and 2.

Step 4: Adding indicators to Attribute 1 (engaging teaching video indicators): After
defining the attributes, the next step is adding the indicators. The researchers added the
indicators at the bottom left-hand side by writing the indicator name and then clicking
Add (refer to Figure A5). The following indicators have been added.

Indicators Description

1. Encouraging students’ participation in discussion
Teachers to engage students in discussions or debates to attract their
interest and motivate a deeper understanding

2. Encouraging students to share their knowledge
and ideas

Teachers to ask for students’ participation in active learning methods
by sharing their perceptions, knowledge, and ideas

3. Encouraging students to ask questions
Teachers to create a safe and open environment that allows students to
ask their questions, to enhance the student interaction experience

4. Encouraging collaborative learning activities
Teachers to create opportunities for students to interact with each other
through group activities or collaborative work

5. Encouraging meaningful interaction
Teachers to construct a welcoming and efficient online learning
environment by fostering regular and meaningful communication with
students and providing meaningful answers to students’ enquiries

6. Providing learning resources
Teachers to provide students with various learning resources, videos,
etc., to increase students’ active participation

7. Giving clear instructions
Teachers to be clear and detailed in communicating the instructions,
expectations, roles, and responsibilities, to show commitment to
meeting the course goals

8. Outlining the learning objectives
Teachers to clearly outline and communicate the topics and instructions
to increase student engagement in online learning

9. Using appropriate changes in tone of voice
Teachers to read and respond to perceived restlessness by using
appropriate changes in tone of voice or changes in direction

10. Facial expressions
Teachers to maintain appropriate facial expressions such as smiling
and nodding

11. Eye contact Teachers to maintain eye contact with students in online learning

12. Appropriate body language
Teachers to maintain appropriate body language in the
online classroom

13. Enabling class recording for later review

Teachers to increase the value of the online learning experience by
enabling class recording, which allows students access to classroom
sessions from the comfort of their home and if they want to
review afterwards
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Indicators Description

14. Screen sharing and enabling chat, camera, and
microphone

Teachers to assure students of their presence and positively impact
student engagement and satisfaction by communicating in real-time
through a chat, camera, microphone, and screen sharing

15. Varying the presentation media
Teachers to vary the presentation media (e.g., videos, slides, note sharing,
etc.) to capture students’ attention and foster engagement

Figure A5. Adding indicators.

Step 5: Drawing a boundary box by clicking on 1 to signal the presenter’s location
by clicking on 2 (Attribute 2: presenter location): The researchers drew a boundary box to
indicate the presenter’s location (refer to Figure A6).

 

Figure A6. Drawing boundary box.
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Step 6: Identifying the indicators from the video: Manual annotation is performed after
defining the attributes and indicating the presenter’s location. In this process, the video is
played, and indicators are identified in small segments (refer to arrows in Figure A7). To
start the temporal segment, click “a”, and to stop it, click “Shift” + “a”.

 

Figure A7. Identifying the indicators.

Step 7: Saving and Exporting the Project for Machine Learning: Once the annotation
is complete, save the project by clicking on 1 and selecting the project’s location. Similarly,
click on 2 to export the project (refer to Figure A8).

Figure A8. Save and export.

96



Educ. Sci. 2025, 15, 403

References

Aldoseri, A., Al-Khalifa, K. N., & Hamouda, A. M. (2023). Re-thinking data strategy and integration for Artificial Intelligence: Concepts,
opportunities, and challenges. Applied Sciences, 13(12), 7082. [CrossRef]

Alenezi, E., Alfadley, A. A., Alenezi, D. F., & Alenezi, Y. H. (2022). The sudden shift to distance learning: Challenges facing teachers.
Journal of Education and Learning, 11(3), 14. [CrossRef]

Apicella, A., Arpaïa, P., Frosolone, M., Improta, G., Moccaldi, N., & Pollastro, A. (2022). EEG-based measurement system for monitoring
student engagement in learning 4.0. Scientific Reports, 12(1), 5857. [CrossRef]

Ashwin, T. S., & Guddeti, R. M. R. (2019). Automatic detection of students’ affective states in classroom environment using hybrid
convolutional neural networks. Education and Information Technologies, 25(2), 1387–1415. [CrossRef]

Beaver, I., & Mueen, A. (2022). On the care and feeding of virtual assistants: Automating conversation review with AI. AI Magazine,
42(4), 29–42. [CrossRef]

Behera, A., Matthew, P., Keidel, A., Vangorp, P., Fang, H., & Canning, S. (2020). Associating facial expressions and upper-body gestures
with learning tasks for enhancing intelligent tutoring systems. International Journal of Artificial Intelligence in Education, 30(2),
236–270. [CrossRef]

Bell, J. (1999). Doing your research project: A guide for first-time researchers in education and social science (3rd ed.). Open University Press.
Castro, M. D. B., & Tumibay, G. M. (2021). A literature review: Efficacy of online learning courses for higher education institution using

meta-analysis. Education and Information Technologies, 26, 1367–1385. [CrossRef]
Cents-Boonstra, M., Lichtwarck-Aschoff, A., Lara, M. M., & Denessen, E. (2021). Patterns of motivating teaching behaviour and student

engagement: A microanalytic approach. European Journal of Psychology of Education, 37, 227–255. [CrossRef]
Chiu, T. K. F. (2021). Applying the self-determination theory (SDT) to explain student engagement in online learning during the

COVID-19 pandemic. Journal of Research on Technology in Education, 54(Suppl. S1), S14–S30. [CrossRef]
De Silva, D., Kaynak, O., El-Ayoubi, M., Mills, N., Alahakoon, D., & Manic, M. (2024). Opportunities and challenges of Generative

artificial intelligence: Research, education, industry engagement, and social impact. IEEE Industrial Electronics Magazine, 2–17.
[CrossRef]

Dhawan, S. (2020). Online learning: A panacea in the time of COVID-19 crisis. Journal of Educational Technology Systems, 49(1), 5–22.
[CrossRef]

Giang, T. T. T., Andre, J., & Lan, H. H. (2022). Student engagement: Validating a model to unify in-class and out-of-class contexts.
Journal of Education and Learning, 8(4), 1–14. [CrossRef]

Gillett-Swan, J. (2017). The challenges of online learning: Supporting and engaging the isolated learner. Journal of Learning Design, 10(1),
20–30. [CrossRef]

Harry, A., & Sayudin, S. (2023). Role of AI in education. Interdiciplinary Journal and Humanity (Injurity), 2(3), 260–268. [CrossRef]
Heale, R., & Twycross, A. (2018). What is a case study? Evidence-Based Nursing, 21(1), 7–8. [CrossRef]
Heeg, D. M., & Avraamidou, L. (2023). The use of Artificial intelligence in school science: A systematic literature review. Educational

Media International, 60(2), 125–150. [CrossRef]
Hew, K. F. (2016). Promoting engagement in online courses: What strategies can we learn from three highly rated MOOCS. British

Journal of Educational Technology, 47(2), 320–341. [CrossRef]
Huang, A. Y. Q., Lu, O. H. T., & Yang, S. J. H. (2023). Effects of artificial Intelligence–Enabled personalised recommendations on

learners’ learning engagement, motivation, and outcomes in a flipped classroom. Computers & Education, 194, 104684. [CrossRef]
Kvale, S. (1996). Interview views: An Introduction to qualitative research interviewing. Sage Publications.
Lee, J., Song, H., & Hong, A. J. (2019). Exploring factors, and indicators for measuring students’ sustainable engagement in e-Learning.

Sustainability, 11(4), 985. [CrossRef]
Li, J., Lin, F., Yang, L., & Huang, D. (2023). AI service placement for Multi-Access Edge Intelligence systems in 6G. IEEE Transactions on

Network Science and Engineering, 10(3), 1405–1416. [CrossRef]
Liang, R., & Chen, D. T. V. (2012). Online learning: Trends, potential and challenges. Creative Education, 3(8), 1332. [CrossRef]
Limna, P., Jakwatanatham, S., Siripipattanakul, S., Kaewpuang, P., & Sriboonruang, P. (2022). A review of artificial intelligence (AI) in

education during the digital era. Advance Knowledge for Executives, 1(1), 1–9. Available online: https://ssrn.com/abstract=4160798
(accessed on 5 January 2024).

Ma, J., Han, X., Yang, J., & Cheng, J. (2015). Examining the necessary condition for engagement in an online learning environment
based on learning analytics approach: The role of the instructor. The Internet and Higher Education, 24, 26–34. [CrossRef]

Ma, X., Xu, M., Dong, Y., & Sun, Z. (2021). Automatic student engagement in online learning environment based on Neural Turing
Machine. International Journal of Information and Education Technology, 11(3), 107–111. [CrossRef]

Murtaza, M., Ahmed, Y., Shamsi, J. A., Sherwani, F., & Usman, M. (2022). AI-Based personalised E-Learning systems: Issues, challenges,
and solutions. IEEE Access, 10, 81323–81342. [CrossRef]

Nguyen, N. D. (2023). Exploring the role of AI in education. London Journal of Social Sciences, 6, 84–95. [CrossRef]

97



Educ. Sci. 2025, 15, 403

Nikoloutsopoulos, S., Koutsopoulos, I., & Titsias, M. K. (2024, May 5–8). Kullback-Leibler reservoir sampling for fairness in continual
learning. 2024 IEEE International Conference on Machine Learning for Communication and Networking (ICMLCN) (pp. 460–466),
Stockholm, Sweden. [CrossRef]

Ocaña, M. G., & Opdahl, A. L. (2023). A software reference architecture for journalistic knowledge platforms. Knowledge-Based Systems,
276, 110750. [CrossRef]

Pianykh, O. S., Langs, G., Dewey, M., Enzmann, D. R., Herold, C. J., Schoenberg, S. O., & Brink, J. A. (2020). Continuous Learning AI in
radiology: Implementation principles and early applications. Radiology, 297(1), 6–14. [CrossRef]

Pingenot, A., & Shanteau, J. (2009). Expert opinion. In M. W. Kattan (Ed.), Encyclopedia of medical decision making. Sage Publications, Inc.
Available online: https://www.researchgate.net/publication/263471207_Expert_Opinion (accessed on 2 January 2024).

Roshanaei, M., Khan, M. R., & Sylvester, N. N. (2024). Enhancing Cybersecurity through AI and ML: Strategies, challenges, and future
directions. Journal of Information Security, 15(3), 320–339. [CrossRef]

Sandelowski, M. (2000). Combining qualitative and quantitative sampling, data collection, and analysis techniques. Research in Nursing
& Health, 23(3), 246–255. [CrossRef]

Shaikh, A. A., Kumar, A., Jani, K., Mitra, S., García-Tadeo, D. A., & Devarajan, A. (2022). The role of Machine Learning and Artificial
Intelligence for making a digital classroom and its sustainable impact on education during COVID-19. Materials Today Proceedings,
56, 3211–3215. [CrossRef] [PubMed]

Shekhar, P., Prince, M. J., Finelli, C. J., DeMonbrun, M., & Waters, C. (2018). Integrating quantitative and qualitative research methods
to examine student resistance to active learning. European Journal of Engineering Education, 44(1–2), 6–18. [CrossRef]

Tahiru, F. (2021). AI in education. Journal of Cases on Information Technology, 23(1), 1–20. [CrossRef]
Tinoca, L., Piedade, J., Santos, S., Pedro, A., & Gomes, S. (2022). Design-Based research in the educational field: A systematic literature

review. Education Sciences, 12(6), 410. [CrossRef]
Turner, D. J. (2010). Qualitative interview design: A practical guide for novice investigators. The Qualitative Report, 15(3), 754–760.

[CrossRef]
Verma, N., Getenet, S., Dann, C., & Shaik, T. (2023a). Characteristics of engaging teaching videos in higher education: A systematic

literature review of teachers’ behaviours and movements in video conferencing. Research and Practice in Technology Enhanced
Learning, 18, 040. [CrossRef]

Verma, N., Getenet, S., Dann, C., & Shaik, T. (2023b). Designing an artificial intelligence tool to understand student engagement based
on teacher’s behaviours and movements in video conferencing. Computers & Education: Artificial Intelligence, 5, 100187. [CrossRef]

Wang, C., Yang, Z., Li, Z. S., Damian, D., & Lo, D. (2024). Quality assurance for Artificial intelligence: A study of industrial concerns,
challenges and best practices. arXiv, arXiv:2402.16391. [CrossRef]

Wang, X., & Yin, M. (2023, April 23–28). Watch out for updates: Understanding the effects of model explanation updates in ai-assisted decision
making. 2023 CHI Conference on Human Factors in Computing Systems (pp. 1–19), Hamburg, Germany. [CrossRef]

Weng, X., Ng, O.-L., & Chiu, T. K. F. (2023). Competency development of pre-service teachers during video-based learning: A systematic
literature review and meta-analysis. Computers & Education, 199, 104790. [CrossRef]

Xie, J., A, G., Rice, M. F., & Griswold, D. E. (2021). Instructional designers’ shifting thinking about supporting teaching during and
post-COVID-19. Distance Education, 42, 1–21. [CrossRef]

Žliobaite, I., Budka, M., & Stahl, F. (2015). Towards cost-sensitive adaptation: When is it worth updating your predictive model?
Neurocomputing, 150, 240–249. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

98



Article

Subject-Specialized Chatbot in Higher Education as a Tutor for
Autonomous Exam Preparation: Analysis of the Impact on
Academic Performance and Students’ Perception of
Its Usefulness

Fulgencio Sánchez-Vera

Department of Didactics and Educational Research, University of La Laguna, 38200 San Cristóbal de La Laguna,
Spain; fsanchev@ull.edu.es

Abstract: This study evaluates the impact of an AI chatbot as a support tool for second-year
students in the Bachelor’s Degree in Early Childhood Education program during final
exam preparation. Over 1-month, 42 students used the chatbot, generating 704 interactions
across 186 conversations. The study aimed to assess the chatbot’s effectiveness in resolving
specific questions, enhancing concept comprehension, and preparing for exams. Methods
included surveys, in-depth interviews, and analysis of chatbot interactions. Results showed
that the chatbot was highly effective in clarifying doubts (91.4%) and aiding concept
understanding (95.7%), although its perceived usefulness was lower in content review
(42.9%) and exam simulations (45.4%). Students with moderate chatbot use achieved better
academic outcomes, while excessive use did not lead to further improvements. The study
also identified challenges in students’ ability to formulate effective questions, limiting
the chatbot’s potential in some areas. Overall, the chatbot was valued for fostering study
autonomy, though improvements are needed in features supporting motivation and study
organization. These findings highlight the potential of chatbots as complementary learning
tools but underscore the need for better user training in “prompt engineering” to maximize
their effectiveness.

Keywords: educational technology; educational chatbot; artificial intelligence; higher
education; prompt engineering

1. Introduction

In recent years, the integration of digital technologies in higher education has grown
exponentially. The COVID-19 health crisis accelerated the adoption of technological so-
lutions in teaching and learning processes, highlighting the potential of online learning
to facilitate self-directed and flexible environments. As a result, universities have been
forced to develop the ability to quickly adapt to unforeseen circumstances (Cramarenco
et al., 2023). Furthermore, the Fourth Industrial Revolution has driven a profound digital
transformation in higher education institutions, linked to the need to align with labor
market demands (Schwab, 2017).

The digitalization of educational institutions has promoted the expansion of online
courses and hybrid or blended-learning teaching, allowing greater accessibility and educa-
tional flexibility (Alenezi, 2023). However, digital technologies have also been integrated
into face-to-face teaching through virtual classrooms and learning platforms, comple-
menting traditional education, and tailoring learning experiences to students’ individual
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needs. Among the benefits of this process, we can highlight more equitable access to
education by making learning more flexible, personalized, and accessible (Dhawan, 2022;
Valverde-Berrocoso et al., 2022).

One of the most recent advances in the use of digital technologies in higher education
has been the integration of artificial intelligence (AI) in educational processes. In particular,
AI-based chatbots have gained popularity due to their ability to interact dynamically with
students, providing real-time feedback and fostering personalized learning. These systems
allow students to access immediate answers to specific questions, which not only reduces
exam-related anxiety but also enhances their ability to self-regulate the learning process (Ng
& Leung, 2024; Su & Yang, 2023). Moreover, LLMs have demonstrated significant potential
to enhance innovative teaching methods, such as the flipped classroom. By enabling the
creation of interactive materials for students to review before face-to-face lessons, they
promote active and personalized learning at home, fostering deeper engagement during
class (Tan, 2023). In addition, automated quiz-generation tools powered by LLMs allow
educators to provide personalized assessments aligned with individual learning progress
(Hang et al., 2024).

The emergence of tools like ChatGPT, launched in 2022, along with other systems
like Gemini, Perplexity, Claude, and others, has revolutionized the way we interact with
information. These platforms automate complex cognitive tasks and encourage creativity,
presenting new opportunities and challenges in education and research. Their widespread
adoption among higher education students has been facilitated by the numerous ad-
vantages they offer, such as immediate and efficient access to knowledge and increased
productivity in academic tasks. However, these tools are not always used appropriately,
transparently, and ethically (Dabis & Csáki, 2024; Chen et al., 2024; Mironova et al., 2024).

The educational potential of chatbots is considerable. One of the most notable ben-
efits is the personalization of learning (Abas et al., 2023; Agbong-Coates, 2024). Unlike
traditional forms of teaching, which are often more static and generalized, chatbots enable
direct and adaptive interaction with students, adjusting both the content and the pace of
teaching to each individual’s specific needs. This personalization has been shown to have a
positive impact on student motivation, as it provides a less stressful study environment
more focused on their interests and learning pace (Holmes et al., 2019). Additionally, by
offering immediate responses and allowing for content repetition, chatbots help students
delve deeper into topics of greater interest or those they find more challenging, thereby
improving knowledge retention (Deng & Yu, 2023).

Personalization also has significant implications for self-directed learning. By allowing
students to manage their own study pace, chatbots reduce the pressure associated with
traditional academic deadlines, fostering greater flexibility in the learning process. This
not only contributes to improved academic performance but also strengthens autonomy
and self-management, key skills in today’s educational environment. Recent studies
indicate that students using chatbots tend to show greater satisfaction with their learning
experiences and achieve better academic outcomes compared to those without access to
these tools (Zhang et al., 2024; Guttierrez-Aguilar et al., 2024).

Self-regulation of learning is another aspect that chatbots can enhance. Students’
ability to plan, monitor, and adjust their own learning process is essential for academic
success, especially in self-directed learning environments. Chatbots offer real-time feedback,
allowing students to modify their study strategies as needed. This continuous and adaptive
feedback fosters more efficient and self-directed learning, reducing dependence on teacher
intervention and enabling students to take control of their own educational process (Ng &
Leung, 2024; Labadze et al., 2023).
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The adoption of chatbots in higher education largely depends on students’ perception
of their usefulness and ease of use. Davis’ Technology Acceptance Model (TAM) (Davis,
1989) provides a theoretical foundation to evaluate these perceptions, emphasizing that
the adoption of new technologies is driven by two main factors: perceived usefulness (the
extent to which a tool enhances performance) and perceived ease of use (the effort required
to use the tool). In the case of chatbots, research has shown that students find them intuitive
and accessible, facilitating their adoption (Schei et al., 2024).

Despite the aforementioned benefits, the use of educational chatbots raises several
important ethical challenges, particularly regarding student privacy. Chatbots collect large
amounts of data on students’ study habits and academic performance, raising concerns
about how such data is managed and protected (Kasneci et al., 2023). Therefore, educa-
tional institutions must develop clear and transparent policies to ensure the ethical and
responsible use of student data, respecting their privacy rights (Holmes & Tuomi, 2022).
This is crucial in a context of increasing AI use in educational settings, where the risk of
data misuse is growing.

Another important concern is access to technology. Although chatbots can offer signif-
icant benefits for personalized learning, it is essential to ensure that all students, regardless
of their socioeconomic status, have access to these tools. The digital divide remains a
problem in many regions, and unequal access to advanced technologies can exacerbate
existing inequalities in the education system (Holmes & Tuomi, 2022; Rahman & Watanobe,
2023). To mitigate this risk, universities must develop strategies to promote equitable
access to technology and provide resources for students who may be at a technological
disadvantage (Mat Dangi & Mohamed Saat, 2021).

The impact of chatbots on learning outcomes has been extensively researched in recent
years. Studies have shown that students using these technologies experience significant
improvements in academic performance, both in content comprehension and information
retention, as well as in learning self-regulation (Ng & Leung, 2024; Deng & Yu, 2023; Mungai
et al., 2024; Martins et al., 2024; Yigci et al., 2024). These improvements are primarily due to
the personalization of learning and the constant feedback that chatbots provide, allowing
students to adjust their study strategies more effectively and resolve doubts immediately
(Chang et al., 2023). Nonetheless, we are still in the early stages of integrating these
technologies, and further studies are needed to support these apparent advantages.

In any case, to maximize the potential of chatbots, their implementation must be
supported by a solid pedagogical framework. Educators must strategically integrate these
tools into their teaching methodologies, promoting not only self-directed learning but also
active learning and critical engagement (Deng & Yu, 2023; Halaweh, 2023; Chukwuere,
2024). A well-structured pedagogical approach that combines the use of chatbots with other
teaching strategies can improve not only academic outcomes but also student motivation
and engagement with their learning process (Lin & Chang, 2023).

This study evaluates the educational impact of a subject-specialized chatbot imple-
mented as a support tool for second-year students enrolled in the course “The School of
Early Childhood Education” in the Bachelor’s Degree in Early Childhood Education pro-
gram at the University of La Laguna (Spain) during the 2023–2024 academic year. Through
this implementation, the aim is to provide an accessible and effective resource for resolving
specific doubts, contributing to more autonomous learning during the exam preparation
period.

Research Questions:

• RQ1: How effective is the specialized chatbot in resolving students’ doubts and
delivering clear and precise explanations to support exam preparation?
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• RQ2: What is the frequency and patterns of chatbot use among students, and what
types of questions do they typically ask?

• RQ3: How do students and teachers perceive the effectiveness and usefulness of the
chatbot as a complementary learning tool?

2. Materials and Methods

This study evaluated the impact of using a specialized chatbot in the course “The
School of Early Childhood Education” as a personal tutor during the study process and final
exam preparation for second-year students in the Bachelor’s Degree in Early Childhood
Education program during the June 2024 exam period. The research was conducted using
a combination of surveys, in-depth interviews, and an analysis of the students’ interactions
with the chatbot.

2.1. Participants

Participation in the use of the chatbot was entirely voluntary. All students enrolled
in the course (92 in total) were invited to participate in the study, and the final sample
consisted of the 42 students who agreed to take part. For 1 month, participants used the
chatbot as a support tool for their final exam preparation. The course was led by a single
instructor, who was also directly involved in the design and implementation of the research.

2.2. Research Procedure
2.2.1. Pre-Intervention Phase

The first step involved selecting and designing a chatbot. The Chatbase platform
(https://chatbase.co, accessed on 17 October 2024) was chosen as the tool for creating and
managing the educational conversational assistant. This selection was based on several key
features that made Chatbase an appropriate choice for the study’s objectives:

• Ease of use: Chatbase provides an intuitive interface, allowing chatbot creation without
advanced programming knowledge. This facilitated the quick setup and customization
of the chatbot for the educational context.

• Compatibility with advanced AI: The tool uses natural language processing (NLP)
technologies based on advanced models, such as GPT, which enabled the chatbot to
answer complex questions coherently and accurately.

• Integration with knowledge bases: Chatbase allows the chatbot to be trained with
specific course files and documents.

• Interaction recording: The platform logs and analyzes all user interactions with the
chatbot, which proved valuable for subsequent data analysis.

The chatbot was designed and programmed to answer questions related to the course
content, including definitions, detailed explanations, and practical examples. It also fea-
tured closed and open questions, using a knowledge base built from course materials
and previous exams. To ensure pedagogical alignment, the chatbot design incorporated
principles of active and self-directed learning. Specifically, it was programmed to guide
students through incremental problem-solving tasks, encouraging independent inquiry
through targeted questions to improve critical thinking skills. These pedagogical principles
were further reinforced during training sessions, where students were taught strategies to
maximize the chatbot’s educational potential. An evaluation framework was developed to
assess the chatbot, focusing on key constructs such as accuracy, consistency, fluency, and
perceived usefulness, all aligned with the goal of supporting self-directed learning. These
constructs were assessed through tests conducted by the authors, including predefined
questions to assess the chatbot’s ability to deliver correct answers, maintain consistent
responses across similar queries, and demonstrate fluency across interactions. Findings
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from these evaluations informed iterative adjustments to the chatbot design, ensuring align-
ment with intended educational goals. Under these conditions, the chatbot’s performance
was implemented and tested following a systematic procedure until optimal results were
achieved before offering it to students (Sánchez-Vera, 2024). At the same time, an initial
survey was conducted among participating students to collect demographic data, assess
their familiarity with digital tools, and gather their expectations regarding the chatbot and
its educational usefulness.

2.2.2. Intervention Phase

A training session was conducted to familiarize students with the use of the chatbot.
During this session, the tool’s purpose, main features, and basic prompting techniques were
explained, teaching students how to interact effectively with the chatbot to obtain useful
responses (Knoth et al., 2024). Three prompting strategies were introduced: zero-shot
prompting, few-shot prompting, and chain-of-thought prompting. Zero-shot prompting
involved the chatbot responding to queries without prior examples, focusing on retrieving
general knowledge effectively. Few-shot prompting included providing the chatbot with a
small number of examples to guide its responses, enhancing its ability to address context-
specific questions. Chain-of-thought prompting encouraged the chatbot to articulate its
reasoning process step by step, making it particularly useful for solving complex or multi-
step problems.

These strategies were illustrated through practical examples and live demonstrations,
ensuring students could understand and apply them effectively. Additional guidance was
offered to refine their ability to formulate clear, well-structured questions, maximizing the
chatbot’s potential to provide relevant and useful responses.

For 1 month, students used the chatbot as a support tool for their final exam prepa-
ration. All interactions were recorded for later analysis to assess the tool’s impact on the
learning process.

2.2.3. Post-Intervention Phase

Once the intervention period ended, several actions were taken to measure the results
obtained. First, a final survey replicating the initial survey’s items was administered to
identify changes in students’ perceptions. This survey also included specific questions to
evaluate their experience with the chatbot. Additionally, six in-depth qualitative interviews
were conducted with selected students to gain a more detailed understanding of their
experiences. These interviews focused on exploring the chatbot’s perceived strengths and
weaknesses and its usefulness as a study aid.

In terms of analysis, both quantitative and qualitative approaches were applied. Data
from the pre- and post-intervention surveys were analyzed statistically to detect significant
variations in students’ perceptions and skills. Additionally, a qualitative analysis of the
interview responses and chatbot interactions was conducted, identifying key themes and
patterns that provided a more comprehensive understanding of the chatbot’s impact on
the learning process.

2.3. Data Collection Instruments
2.3.1. Instruments for Evaluating the Chatbot’s Quality

The chatbot’s performance was evaluated through an iterative process of testing and
refinement. Adjustments were made to the chatbot’s prompts and knowledge base to
ensure optimal performance in terms of accuracy, consistency, fluency, problem-solving
ability, exam preparation effectiveness, and reliability. These constructs were selected for
their relevance to both the pedagogical and technical goals of the chatbot. The selected
indicators for evaluation reflect realistic standards suitable for a university environment.
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The evaluation was conducted through systematic tests in a controlled environment. While
a 100% performance would be ideal, current technological limitations prevent such perfec-
tion. Therefore, the proposed values seek to balance pedagogical utility with the chatbot’s
technical capabilities. These limits were established by consensus between the researchers
and chatbot designers, representing conventional ranges designed to ensure that the chatbot
is robust enough to meet educational needs without demanding impossible performance
for current technology:

• Response Accuracy (≥90%): The chatbot must provide correct answers 90% of the
time, ensuring that responses are largely accurate and contribute to quality learning.

• Response Consistency (≥95%): A 95% consistency rate ensures that responses are
aligned with repeated concepts in different contexts, avoiding student confusion.

• Interaction Fluency (≥85%): Fluent conversation is critical for a positive experience,
with 85% representing a comprehensible and natural interaction in most cases.

• Problem-Solving Ability (≥90%): The chatbot should effectively resolve complex
questions at least 90% of the time, ensuring it can guide students in understanding
difficult concepts.

• Exam Preparation Effectiveness (≥85%): To be perceived as useful, the chatbot must
effectively help students prepare for exams, achieving an 85% user satisfaction rate.

• Reliability (100%): The chatbot is expected to have 100% availability, ensuring uninter-
rupted operation throughout the usage period.

The evaluation process included two sets of tests. The first set consisted of 60 questions
taken from real exams, divided into six categories: concept definitions, true/false, multiple
choice, concept association, short answer, and short essay. The second set evaluated the
chatbot’s ability to adapt to open-ended and unstructured conversations, simulating more
fluid and spontaneous interactions to measure its adaptability.

The chatbot was subjected to multiple rounds of these tests, and its responses were
evaluated according to the criteria defined above. After each round of testing, adjustments
were made to both the prompts and the chatbot’s knowledge base to improve the accuracy
and adaptability of the responses. This continuous refinement cycle was maintained until
the chatbot reached optimal performance levels according to the proposed indicators,
ensuring its ability to meet pedagogical and technological expectations.

2.3.2. Pre- and Post-Intervention Surveys

Two surveys were designed and administered to assess the impact of the intervention.
The constructs measured in the questionnaires were developed specifically for this study
(ad hoc) to capture perceived usefulness, ease of use, interaction frequency, and overall
satisfaction with the chatbot. These constructs were chosen to align with the study’s
objectives of evaluating the chatbot’s role in supporting exam preparation and self-directed
learning. The questions were created by the research team based on the specific context
of the course and the chatbot’s intended functionalities. While the ad hoc nature of
the survey limits the possibility of external validation, the questions were reviewed by
three educational technology experts to ensure clarity, relevance, and alignment with the
study’s goals. The first survey, conducted before the intervention, consisted of nine Likert-
type questions addressing demographic data (age and gender), frequency of technology
use, perceived technological proficiency, expectations regarding the chatbot, and prior
experience with chatbots or AI in educational contexts. This set of questions provided
baseline data on the participants.

The second survey, conducted after the intervention, included a total of 16 questions.
Nine of these replicated items from the initial survey, allowing for direct comparisons
between pre- and post-intervention results. The seven additional items focused on evaluat-
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ing the chatbot experience, including interaction frequency, overall satisfaction, perceived
usefulness in exam preparation, ease of use, areas where the chatbot was most helpful,
interaction naturalness, and willingness to recommend the chatbot to other students.

The survey design, based on Likert scales, allowed for descriptive analysis of fre-
quencies and percentages to identify changes in students’ perceptions and evaluate the
intervention’s effectiveness, following validated methodologies in previous studies on
educational interventions (Boone & Boone, 2012; Joshi et al., 2015).

2.3.3. In-Depth Interviews

In-depth interviews were conducted with six students after the intervention. These
interviews provided a qualitative understanding of students’ experiences with the chatbot.
This type of interview is particularly useful when seeking information about complex
or subjective processes that cannot be captured by traditional quantitative methods. In-
depth interviews are a valuable tool for exploring participants’ perceptions, experiences,
and attitudes in detail, generating a richer, more contextualized understanding of the
phenomenon under study (Kvale, 2007; Patton, 2015). The interviews focused on the
perceived effectiveness of the chatbot, areas for improvement, and perceived challenges.

The six students were selected based on their level of interaction with the chatbot,
determined by analyzing the number of conversations they had during the intervention
phase. Participants were categorized into three groups: low interaction (1–10 interactions),
moderate interaction (11–20 interactions), and high interaction (more than 20 interactions).
Two students were chosen from each category to ensure a balanced representation of chatbot
usage patterns. This selection strategy aimed to capture a diverse range of experiences,
from minimal to intensive use of the chatbot. By including students from all interaction
levels, the interviews offered a comprehensive understanding of how varying degrees of
engagement influenced their perceptions of the chatbot’s usefulness, ease of use, and its
impact on exam preparation.

Furthermore, during the analysis of the interviews, data saturation was achieved, as
no new themes or insights emerged after conducting the six interviews. This suggests
that the selected participants provided a sufficiently comprehensive representation of the
experiences and perceptions within the study cohort.

2.3.4. Chatbot Interaction Analysis

The conversations between students and the chatbot were analyzed to identify the
most frequent types of questions. The conversations were categorized thematically, allow-
ing for an analysis of the main types of interaction and, consequently, how students used
the chatbot. This approach provided a clear understanding of their tutoring needs and
identified areas where gaps or deficiencies were observed. This method corresponds to
what the literature calls human-machine interaction analysis, a technique that studies inter-
actions between humans and automated systems, evaluating both the content of questions
and usage patterns (Følstad et al., 2018; Diederich et al., 2021). This type of analysis is
common in research on chatbots in educational settings, where conversations are examined
to reflect user understanding and identify areas where technological interventions can
improve the educational experience (Winkler & Söllner, 2018).

2.4. Ethical Considerations

This study was conducted in compliance with current regulations on data protection
and ethics in educational research. Specifically, the principles established by the General
Data Protection Regulation (GDPR) (Regulation EU 2016/679) (Winkler & Söllner, 2018)
and the Spanish Organic Law 3/2018, of December 5, on Personal Data Protection and
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Guarantee of Digital Rights (LOPDGDD) (España, 2018), were followed to ensure the
appropriate handling of participants’ personal information.

Informed Consent: All participants were fully informed about the study’s objectives,
procedures, and scope before participating. They were told about the voluntary nature
of the study and their right to withdraw at any time without consequences. Participants
signed an informed consent form, which guaranteed their understanding and acceptance
of the study’s terms.

Confidentiality and Anonymity: Participants’ personal and academic data were treated
with strict confidentiality. Anonymization measures were applied by assigning unique
codes to avoid the direct identification of participants. Data handling complied with
GDPR and LOPDGDD provisions, ensuring that only the research team had access to the
information, which was stored on secure, encrypted servers. It was also established that
the data would be deleted after the study’s completion and the publication of the results.

Transparency and Results: It was ensured that the study’s results would be reported
in aggregate form, without including information that could identify participants. Addi-
tionally, students were offered the option to receive a summary of the results, promoting
transparency and the return of information to the participants.

In conclusion, the research rigorously adhered to data protection and digital rights
regulations, ensuring the ethical and secure handling of participants’ personal information
and respecting their privacy at all times.

3. Results

3.1. Overall Chatbot Performance

The research team conducted an iterative testing process in a controlled environment
to evaluate and refine the chatbot’s performance before releasing it to students. These lab
tests were based on predefined methodological indicators: accuracy, consistency, fluency,
problem-solving ability, exam preparation effectiveness, and reliability.

Below are the results obtained in each category after successive adjustment cycles:

1. Response Accuracy: The chatbot achieved 98% accuracy, surpassing the methodologi-
cal threshold of ≥90%. This indicator assessed the system’s ability to provide correct
answers to simple questions such as true/false or concept definitions. Zero-shot
prompting was used for these types of questions, a technique where the chatbot
generated answers without prior examples. This approach was effective for direct
inquiries and required no additional adjustments to improve accuracy in this context.

2. Response Consistency: Response consistency was measured based on the uniformity
of responses in different contexts, especially for repeated questions or those involving
related concepts. The chatbot achieved 96% consistency, exceeding the minimum
standard of ≥95%. This result was attained through the application of few-shot
prompting, where specific examples were provided to guide responses. This technique
significantly improved response alignment in multiple-choice scenarios and questions
that required concept matching.

3. Interaction Fluency: The chatbot scored 89% in interaction fluency, meeting the
methodological threshold of ≥85%. This metric was assessed based on the chatbot’s
ability to maintain understandable and natural interactions, particularly in open-
ended or unstructured conversations. Chain-of-thought prompting (CoT) was used
in the evaluation, allowing the chatbot to break down its reasoning into clear steps,
improving the structure and clarity of responses in essay-type or more complex
questions.

4. Problem-Solving Ability: The chatbot’s problem-solving ability, assessed in terms of
its skill in answering complex questions and guiding the understanding of difficult
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concepts, reached 92%, surpassing the threshold of ≥90%. This result was achieved
through a combination of few-shot prompting and CoT prompting, techniques that
enabled the chatbot to provide more detailed and explanatory answers. These iterative
adjustments to the chatbot’s configuration enhanced its ability to address deeper
conceptual issues, aligning with the established pedagogical goals.

5. Exam-Preparation Effectiveness: The research team also evaluated the chatbot’s effec-
tiveness in exam preparation, achieving an 88% satisfaction rate, exceeding the ≥85%
standard. This indicator measured the perceived usefulness of the chatbot in content
review and exam simulations. Few-shot prompting and CoT prompting techniques
were essential to ensure the chatbot provided precise and relevant feedback, helping
students better prepare for their academic assessments.

6. Reliability: The chatbot demonstrated 100% reliability during the lab testing period,
meeting the proposed standard of full availability. This metric evaluated the system’s
ability to remain operational without interruptions, even under high-demand condi-
tions. The absence of failures or downtime during testing ensured that the system
could respond continuously and stably, solidifying its technical robustness.

Under these conditions, the chatbot was deemed well-prepared for implementation
in a real educational environment, meeting the minimum requirements established in the
methodological framework.

3.2. Analysis of Chatbot Interactions: Most Consulted Content Types and Relationship with
Learning Outcomes

During the exam preparation period, students interacted with the chatbot through
186 conversations, generating a total of 704 interactions. The average usage was 3.7
interactions per conversation and 16 interactions per student, although there was a high
standard deviation of 11.35, indicating considerable variability in usage patterns. This
suggests that some students made few inquiries, while others engaged more intensively,
using the tool in various ways.

The interactions with the chatbot were categorized into six main types, reflecting the
range of topics explored by students during their exam preparation. These categories
closely align with the course content. For example, the Regulations and Legislation cate-
gory includes inquiries related to educational laws, a component of the course that focuses
on understanding regulatory frameworks governing various aspects of education. Ta-
ble 1 below presents a detailed breakdown of these categories, their frequency, and the
corresponding percentage of total interactions:

The table shows that students primarily used the tool to clarify basic concepts and
delve into theories, with the categories of Definitions (34.66%) and Detailed Explanations
(22.30%) accounting for more than half of the total interactions. This was confirmed by
several students in interviews, who indicated they turned to the chatbot when they needed
to better understand a concept or theory, as “the chatbot explained things clearly and
quickly, without needing to search through notes”.

The categories of Practical Applications (14.91%) and Comparisons and Differences
(12.36%) were less frequent. These types of questions were relevant for connecting theory
with practice and contrasting pedagogical approaches. However, students mentioned in
interviews that they used the chatbot less for these topics because “they did not know
how to formulate questions that would generate more applied or comparative responses.”
Queries about Regulations and Legislation (8.66%) were limited, reflecting a lower interest
in this area among students.
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Table 1. Most consulted content types and distribution of the interactions.

Category Description
Number of
Interactions

Percentage (%)

Definitions Queries to clarify key terms
and concepts 244 34.66%

Detailed Explanations Requests for in-depth information on
theories and frameworks 157 22.30%

Practical Applications Questions about applying pedagogical
theories in real contexts 105 14.91%

Comparisons and
Differences

Queries to contrast concepts or
methodologies 87 12.36%

Regulations and
Legislation

Questions about educational laws
and regulations 61 8.66%

Other Queries Technical questions or requests for
additional resources 50 7.10%

To analyze the relationship between chatbot usage and academic outcomes, students
were grouped into four categories based on the number of interactions they conducted. This
categorization was guided by pedagogical principles rather than statistical distribution,
aiming to capture meaningful differences in how students engaged with the chatbot as a
learning tool. The interaction ranges—” Low”, “Moderate”, “High”, and “Very High”—
were defined based on observed patterns of usage, reflecting varying levels of engagement.
For instance: The Low (1–10 interactions) category captures sporadic or minimal use,
typical of students who relied on the chatbot occasionally as a supplementary resource.
The Moderate (11–20 interactions) category represents balanced usage, where the chat-
bot complemented other study methods without dominating the learning process. The
High (21–30 interactions) and Very High (>31 interactions) categories reflect increasingly
intensive usage, with the latter potentially indicative of over-reliance on the tool (Table 2).

Table 2. Relationship Between Chatbot Usage and Academic Performance.

Usage (Interaction Range) Number of Students Average Interactions
Final Exam Average Score

(Range 1 to 10)

Low (1–10) 12 9.83 4.92

Moderate (11–20) 26 13.15 6.58

High (21–30) 2 22.00 8.00

Very High (>31) 4 50.00 6.00

This pedagogical framework prioritizes practical relevance, providing a nuanced
understanding of how varying levels of engagement influence academic outcomes. Each
group’s average final exam score was then compared to evaluate the potential impact of
chatbot usage on academic performance.

Students who made moderate use of the chatbot (11–20 interactions) achieved an
average score of 6.58, which was significantly higher than those with low use (1–10 interac-
tions), whose average score was 4.92. Students with high use (21–30 interactions) reached
the highest average score (8.00), although this group was small, making the results less
generalizable. The group with very high use (>31 interactions) obtained an average score
of 6.00, suggesting that excessive chatbot use does not guarantee better academic outcomes.
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This pattern indicates that moderate and strategic use of the chatbot aligns with optimal
learning outcomes, while over-reliance may hinder independent study efforts.

Qualitative interviews provided deeper insights. Some students in the very high use
group acknowledged that they relied too heavily on the chatbot for preparation, neglecting
other forms of study and deeper engagement with materials. One student noted: “I think I
relied too much on the chatbot to prepare, and in the end, I neglected other study methods,
like reviewing my notes or digging deeper into the materials, which may have affected my
results.” This excessive dependence on the chatbot seems to have limited their academic
performance, as they failed to integrate it as a complement to more traditional study
strategies.

The Pearson correlation coefficient analysis yielded a value of r = 0.186, p = 0.05,
indicating a weak positive relationship between the number of interactions and exam
scores. This analysis used continuous data for both variables (number of interactions and
exam scores), which aligns with the assumptions of the Pearson correlation. Given the
data’s normality and continuous nature, Pearson was deemed appropriate. Future studies
with ordinal or non-normal data may consider the Spearman correlation as an alternative.

These findings suggest that while the chatbot can enhance learning when used strate-
gically, its effectiveness diminishes with excessive reliance. Qualitative interviews reinforce
this interpretation, as many students noted that although the chatbot was useful as a
complementary tool, “it couldn’t replace reviewing notes or more in-depth study”. These
insights emphasize the importance of integrating AI tools strategically to support rather
than replace traditional study methods.

In summary, the quantitative and qualitative data show that the chatbot was mostly
used to consolidate theoretical knowledge, particularly in the categories of definitions and
detailed explanations. Moderate and balanced use of the tool appears to be associated with
better academic outcomes, while excessive use offers no additional advantages and may
reflect a reliance on the chatbot that limits other study methods. Overall, the chatbot is
valuable as a complementary resource, but it cannot replace other study strategies.

3.3. Perceptions of the Chatbot’s Effectiveness and Usefulness

A key finding from the initial survey revealed that 51.2% of students had no prior
experience using this technology in an educational setting. Therefore, it was crucial to
analyze students’ perceptions after using the chatbot in light of their initial expectations.
The expectations of a significant portion of users were based on a lack of familiarity, which
may influence their final perception. This analysis helps identify possible discrepancies
between what was expected and what was experienced, which in turn affects overall
satisfaction with the tool. If expectations are met or exceeded, students are more likely to
continue using it. On the other hand, a disconnect between expectations and perceived
usefulness can lead to frustration, negatively impacting their evaluation.

Thus, we will first address the students’ initial expectations before the intervention
and the perceived usefulness after using the chatbot. “Expectation” refers to students’
anticipated usefulness of the chatbot before the intervention phase, as measured through
a pre-intervention survey. This included their thoughts on how the tool could support
their learning and exam preparation. “Perceived usefulness”, in contrast, represents their
evaluation of the chatbot’s effectiveness after the intervention, as captured in a post-
intervention survey.

The impact of the chatbot on critical learning areas such as concept comprehension,
content review, and exam preparation was analyzed. The following Table 3 summarizes
the results of student opinions gathered before and after the intervention:
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Table 3. Comparison of students’ expectations and perceived usefulness of the chatbot.

Chatbot Usefulness Aspect Expectations (%) Perceived Usefulness (%)

Specific Question Resolution 84.2 91.4

Concept Comprehension 100 95.7

Practical Examples 42.1 61.4

Exam Training 52.6 45.4

Content Review 73.7 42.9

Motivation and Study Tips 10.5 0

The area of specific question resolution received the highest ratings, with a perceived
usefulness of 91.4%, surpassing initial expectations by 7.2%. This indicates that the chatbot
was particularly effective when students asked clear and precise questions, allowing for
direct and satisfactory responses. Comments such as “the chatbot provided the explanation
I needed to understand a question and keep studying” highlight its ability to resolve
specific issues and facilitate the study process.

In terms of concept comprehension, although there was a slight decrease from 100%
to 95.7%, the chatbot still maintained a positive rating. Students praised the clarity of the
responses, stating that the tool was helpful in defining key concepts. However, the slight
drop suggests that some users expected a higher level of depth in the responses, likely
influenced by the lack of precision in the questions asked, which impacted the interaction
and the quality of the responses received.

The area of practical examples experienced a significant increase in perceived use-
fulness, rising from 42.1% to 61.4%. This increase reflects that when students formulated
their questions correctly, the chatbot provided practical examples that helped consolidate
learning. As one student explained: “The good thing about the chatbot is that if you have
doubts about a concept, you can ask for examples, and it becomes much clearer.”

On the other hand, in exam simulation, the perceived usefulness decreased from 52.6%
to 45.4%. This result contrasts with the technical tests, which showed an 88% effectiveness
in exam simulations. Upon reviewing interactions, it was found that the issue lay in the low
quality of the questions asked and the ineffective use of interaction strategies. The lack of
precision in the queries prevented the chatbot from generating effective exam simulations,
limiting its potential in this area. This highlights the importance of students’ proficiency in
prompt engineering to maximize the chatbot’s performance.

In content review, perceived usefulness also saw a significant drop, from 73.7% to
42.9%. One student commented: “I expected the chatbot to help me review more, but the
responses weren’t as useful.” Analyzing the interactions confirmed that the main obstacle
was the inability to formulate questions that delved deeply into the topics, which affected
the quality of the responses. Additionally, some students did not understand that the
chatbot was a complementary tool to be used alongside more traditional study strategies.
This lack of understanding may have limited the chatbot’s effectiveness in the review
process.

Perceptions of motivation and study tips fell from an already low initial expectation
of 10.5% to 0% after using the chatbot. This result shows that the tool did not meet
expectations in this area, though it is important to note that the chatbot was not specifically
designed to provide motivation or advice on study habits. This gap represents an area
for improvement in educational chatbots. Incorporating features aimed at motivating
and supporting study organization could significantly improve student engagement. By
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providing more comprehensive support, including both emotional and strategic guidance,
chatbots could become even more valuable learning tools.

Overall, the results show that the chatbot was most effective in areas such as solving
specific questions, understanding concepts, and exemplifications, as long as the questions
were clear and well-structured. However, declines in areas such as content review and exam
simulation reveal that a lack of precision in the questions negatively affected perceived
usefulness. Furthermore, the lack of functionality related to motivation and study tips
showed that the chatbot did not meet these important needs for some students, which
could be improved in future versions.

In conclusion, the results highlight that students’ perceptions of the chatbot’s useful-
ness are heavily influenced by their ability to formulate effective questions, meaning their
mastery of prompt engineering. Although students received a preparatory session, it was
not enough to fully maximize the chatbot’s potential. The analysis of interactions reveals a
high number of poorly formulated questions, which negatively impacted the quality of
responses received and limited the tool’s effectiveness in several key areas.

Overall Perception of the Chatbot’s Usefulness

When asked whether they considered the chatbot to be an advantage for course
preparation, the majority of students expressed a positive perception. Using a Likert scale
(1 = not useful at all, 5 = extremely useful), 42.9% gave a score of 4, indicating that the
chatbot was seen as a valuable, though not indispensable, resource. Another 35.7% rated
the tool with the maximum score (5), suggesting that a considerable portion of the students
found the chatbot very useful for their learning. However, 21.4% gave it an intermediate
score (3), and 14.2% gave low scores (1 or 2), indicating that a minority did not find the
chatbot particularly useful.

Interviews support these results. Some students highlighted the quick response
time as one of the tool’s main strengths. One student noted: “It’s a very useful tool for
resolving doubts quickly.” Another positive aspect mentioned was the autonomy the
chatbot provided, allowing them to resolve doubts without relying directly on teachers.
One student remarked: “The chatbot allows me to organize my study on my own without
depending so much on the teachers and tutoring.” Additionally, several students said the
chatbot enabled them to ask questions they wouldn’t feel comfortable asking in class due
to embarrassment. One said: “Sometimes I don’t dare ask questions in class, but with the
chatbot, I can ask anything without feeling bad”, indicating that the tool reduced emotional
barriers in the learning process.

Another important finding is that both teachers and students observed a reduction
in the need for personal tutoring and email queries. This highlights the chatbot’s role
in fostering student autonomy, allowing them to manage their own learning and seek
immediate answers to their questions without constant teacher intervention. This greater
independence contributed to students feeling more confident in their exam preparation,
allowing teachers to focus their tutoring on more complex topics or students who needed
more personalized support.

However, some students pointed out limitations, such as the depth of responses on
more complex topics. As one student stated: “The chatbot isn’t very useful for more
difficult questions, where I need a deeper explanation.” This type of feedback reflects that
while the chatbot was seen as a valuable tool, its usefulness was limited when it came to
questions that required more detailed explanations or a more personalized pedagogical
approach.
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4. Discussion and Conclusions

This study evaluated the impact of a subject-specialized educational chatbot on exam
preparation for second-year students in the Bachelor’s Degree in Early Childhood Educa-
tion program. The results reveal that the chatbot was highly effective in resolving specific
questions and improving concept comprehension, exceeding initial expectations in these
areas. These findings align with previous studies that highlight the usefulness of chatbots
in personalizing learning and providing immediate feedback, which reduces anxiety and
improves academic performance (Ng & Leung, 2024; Holmes et al., 2019; Deng & Yu, 2023).

However, areas for improvement were identified, particularly in exam simulation and
content review, where initial expectations were not met. The perceived usefulness in these
areas was lower (42.9% for content review and 45.4% for exam simulation), suggesting
a disconnect between what students expected and what the chatbot could offer. This
limitation appears to be related to a lack of proficiency in prompt engineering, as students
were unable to formulate questions effectively to obtain deeper and more applied responses.
As Knoth et al. (2024) point out, success in interacting with AI systems like chatbots depends
significantly on the user’s ability to generate clear and precise queries. In this educational
intervention, the initial training in these skills was not sufficient to maximize the chatbot’s
use. Future studies should provide more comprehensive training in prompting techniques
and evaluate its impact on chatbot interactions.

Another important aspect is the relationship between chatbot use and academic
performance. Students who made moderate use of the tool achieved better exam results
(average score of 6.58) than those with low use (4.92). However, excessive use of the chatbot
(> 31 interactions) did not lead to additional improvements, suggesting an over-reliance
on the tool without a complementary focus on more traditional study strategies. These
findings are consistent with research by Zhang et al. (2024), which shows that intensive use
of educational technology does not always lead to better outcomes if not combined with
traditional learning methods.

Additionally, the study highlighted the chatbot’s ability to foster study autonomy.
Students valued the tool’s immediacy and accessibility, which reduced their dependence
on tutoring and email queries. This increase in autonomy aligns with the principles of self-
directed learning, as observed in previous studies on the use of chatbots in higher education
(Labadze et al., 2023). However, the lack of functionalities that support motivation and
study organization was noted as a significant limitation by students, suggesting that
educational chatbots still have room for improvement in providing more comprehensive
support.

The Technology Acceptance Model (TAM) serves as an insightful framework for
analyzing these findings. According to TAM, the adoption of new technologies hinges on
two key factors: perceived usefulness and perceived ease of use (Davis, 1989). In this study,
students demonstrated a high level of satisfaction with the chatbot’s ability to address
specific queries and enhance their understanding of concepts. However, the identified
limitations highlight areas for enhancing perceived ease of use. Addressing this challenge
could involve two complementary strategies: first, refining large language models (LLMs)
to better interpret and respond to student requests with higher accuracy; and second,
equipping users with improved skills in “prompt engineering” to effectively interact with
the chatbot. These efforts can jointly contribute to a more effective and productive user
experience.

5. Limitations and Future Research

While this study provides valuable insights into the impact of specialized educational
chatbots, certain limitations should be acknowledged. The relatively small sample size,
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confined to a single academic context, may limit the generalizability of the findings to
other courses, institutions, or educational levels. Furthermore, the students’ proficiency in
question formulation (prompt engineering) significantly influenced the chatbot’s effective-
ness, underscoring the need to explore more comprehensive training strategies in this area.
Future research could focus on evaluating the impact of more extensive training programs
in AI interaction, as well as developing chatbots with enhanced capabilities for interpreting
less structured queries. Additionally, exploring the integration of features that support
motivation, study organization, and students’ emotional well-being would be relevant.
Finally, expanding the analysis to multicultural contexts and more diverse cohorts could
provide a broader understanding of the educational applications of chatbots.
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Abstract: Background: To understand the state of the art of how artificial intelligence (AI)
and cybersecurity are taught together, this paper conducts a systematic literature review on
integrating AI into the cybersecurity curriculum in higher education. Methods: The peer-
reviewed works were screened from major databases published between 2020 and 2025.
Integrating AI and cybersecurity typically requires new learning designs. To address this
gap in higher education, this review is organized by three categories of research questions:
(1) who we teach (audiences and delivery modes), (2) what we teach (related AI topics
and cybersecurity topics and how they are integrated), and (3) how we teach (instructional
activities and tools used in teaching). Results: The course delivery is mostly face-to-face.
The course curricula focus mostly on perception AI. Teaching methods are active and
practical, with hands-on labs, interactive tasks, and game-based activities, supported by
hardware, programming notebooks, and interactive visualizations. Conclusion: This paper
provides the state of the art of integrating AI into the cybersecurity curriculum in higher
education, actionable recommendations, and implications for further research. Therefore,
it is relevant and transferable for instructors in the field of artificial intelligence education
and cybersecurity education.

Keywords: artificial intelligence education; cybersecurity education; systematic literature
review

1. Introduction

Cybersecurity education must evolve alongside the rapid evolution of artificial intelli-
gence (AI) in a practice-oriented curriculum that develops both AI expertise and security
expertise (Beuran et al., 2022; Cusak, 2023; Jimenez & O’Neill, 2023). In industrial deploy-
ments, professionals need competencies in machine learning and secure AI deployment,
not only to defend AI-enabled systems but also to leverage AI for threat detection (Bhuiyan
& Park, 2025; Zivanovic et al., 2024). This has increased the gap between university out-
comes and workplace expectations, particularly in hands-on skills and cross-disciplinary
knowledge (Bendler & Felderer, 2023; Tian, 2025). To close this gap, an integration is needed
to embed AI into the cybersecurity curriculum.

There are three major types of AI techniques, including perception AI, generative AI,
and agentic AI, each of which has distinct capabilities and risk profiles that require different
mitigation. Perception AI analyzes sensor data in critical systems such as autonomous
driving. It recognizes road context (e.g., traffic signs, road conditions, and obstacles) in
real time and triggers actions such as proceeding or urgent braking. These models are
particularly vulnerable to adversarial examples deliberately crafted to induce misclassifica-
tion (Afolabi & Adewale Akinola, 2024). Generative AI produces new content in response
to user prompts (e.g., an e-commerce chatbot that handles customer inquiries). It faces
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unique threats such as jailbreaks, which elicit harmful outputs, and prompt injection, which
triggers intended behavior and instructions (Das et al., 2025). Agentic AI orchestrates end-
to-end workflows through collaborating agents that sense, reason, and act. In enterprise
settings, such systems may manage orders, make purchases, and coordinate supply chains.
Their attack surface and failure modes differ fundamentally from those of perceptive and
generative systems, introducing new cybersecurity challenges around tool use, autonomy,
and authorization (Deng et al., 2025).

The differences across various AI paradigms motivate a tighter integration of AI
and cybersecurity in higher education. There are two complementary strategies: security
for AI and AI for security. Lessons learned from securing AI systems inform how we
responsibly embed models into security operations. In turn, operational use in defense
surfaces new attacks and governance needs, tightening the feedback loop between security
for AI and AI for security. Security for AI emphasizes safeguarding AI systems through
governance, policy, and technical controls that mitigate risks and manage threats across
data, model development, deployment, and operations (Jaffal et al., 2025). AI for security
applies machine learning and deep learning methods to strengthen protective technologies
(e.g., network defense, endpoint protection, and email filtering), accelerating detection and
response and augmenting analyst capacity (Okdem & Okdem, 2024).

Effective course delivery relies on instructional methods and digital tooling (Ali et al.,
2024; Lozano & Blanco Fontao, 2023; Michel-Villarreal et al., 2023). Integrating AI and
cybersecurity typically requires new learning designs, especially hands-on activities, and
appropriate tools such as programming environments, curated datasets, sandboxes or
simulation platforms, and visualization utilities that make model behavior and security
mechanisms transparent.

To address the above-identified gaps in higher education, this paper conducts a
systematic literature review on integrating AI into the curriculum of cybersecurity. The
review is organized around three groups of research questions focusing on course context,
course curriculum design, and the course’s instructional activities and tools. This paper
makes two key contributions to the literature on AI education and cybersecurity education.

• First, it systematically synthesizes studies from multiple major databases (Scopus,
IEEE Xplore, and Web of Science), offering a broader and more representative view
than prior reviews that were limited to specific sources or course formats. Furthermore,
it provides the most up-to-date perspective on the field by covering the period from
2020 to 2025.

• Second, it adopts an integrated lens that examines three categories of six research ques-
tions, covering course context, course curriculum, and course instructional activities
and tools.

The rest of this paper is organized as follows. Section 2 introduces the relevant research
works and highlights the difference between them and this paper. Then, Section 3 presents
the three categories of six research questions covered in this study, including course context,
course curriculum, and course instruction. It also presents the systematic literature search
process using a PRISMA framework (Page et al., 2021). The research findings are presented
in Section 4, followed by discussions on the key observations, recommendations, and
limitations of this study in Section 5. Finally, Section 6 provides the conclusion of this
paper.

2. Related Works

This section briefly describes relevant review studies on AI and cybersecurity and
then highlights the difference between them and this paper. Laato et al. (2020) investigate
how cybersecurity has been taught in online courses by conducting a systematic review of
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prior works on massive open online courses (MOOCs). They find only a limited number of
peer-reviewed evaluations of individual cybersecurity MOOCs and highlight the absence
of focused treatment of AI applications in cybersecurity education. The article by Dewi et al.
(2024) provides a bibliometric analysis of 637 articles; it maps the research landscape on
AI, cybersecurity, and education. It identifies thematic clusters and concludes that the use
of AI in cybersecurity education and awareness programs remains underdeveloped. The
study by Svabensky et al. (2020) synthesizes a decade of cybersecurity education research
presented at major computing education conferences. It shows that while many technical
and human-centric topics are addressed, few studies provide reusable materials or datasets.
The study by Aris et al. (2022) addresses the challenge of updating curricula by proposing
a structured method for integrating AI into cybersecurity education. By analyzing around
300 papers from major cybersecurity-related conferences, it demonstrates the growing
efforts of AI in security research and argues for its inclusion in teaching. The article by
Lasisi et al. (2022) reviews undergraduate cybersecurity programs to assess the presence of
AI-related content. It reports that despite the increasing role of AI in enabling advanced
cyberattacks, AI courses are lacking, revealing a gap in preparing working professionals
for this emerging skill gap. The study by Weitl-Harms et al. (2023) provides a review
of 74 papers applying a gamification strategy in cybersecurity operations education in
undergraduate coursework.

Unlike these existing works, this paper conducts a literature review with a focus on the
integration of AI and cybersecurity in education. Its fundamental difference with existing
works is summarized in Table 1. Firstly, while earlier studies typically limited themselves
to a single type of data source, such as selected computer science conferences, this paper
systematically studies three databases (Scopus, IEEE Xplore, and Web of Science). Secondly,
previous reviews often covered past decades or a narrower duration. By spanning 2020
to 2025, this paper captures the most up-to-date research works, including the integration
of emerging AI technologies into cybersecurity education. Lastly, earlier works tended to
emphasize specific focus, such as MOOC evaluations, bibliometric mapping, or curriculum
design. In contrast, this paper provides a comprehensive study on how AI and cybersecurity
are taught together, including the course curriculum designs, instructional activities, and
the use of digital tools in teaching.

Table 1. A comparison between relevant works and this review paper.

Reference Year Source
Number of

Studies
Coverage

(Year)
Remark

Laato et al. (2020) 2020 ACM, IEEE Xplore, 15 2003–2019 MOOC course only
Springer, DBLP

Svabensky et al. (2020) 2020 Selected computer 71 2010–2019 General cybersecurity
science conferences education
SIGCSE and ITiCSE

Aris et al. (2022) 2022 Selected cybersecurity 300 2016–2021 Curriculum only
conferences only

Lasisi et al. (2022) 2022 Undergraduate 24 2020 Curriculum only
courses in USA

Weitl-Harms et al. (2023) 2023 ACM, Taylor & Francis, 74 2007–2022 Gamification only
Scopus, IEEE Xplore

Dewi et al. (2024) 2024 Scopus 637 2019–2024 A bibliometric analysis

Ours Scopus, IEEE Xplore, 16 2020–2025 A study on course
Web of Science context, curriculum,

instruction, and tools
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3. Methodology

3.1. Literature Search Process

We conducted a systematic literature search following the PRISMA (Preferred Report-
ing Items for Systematic Reviews and Meta-Analyses) framework (Page et al., 2021). The
search targeted relevant research in the field of integrated AI and cybersecurity teaching
and was performed across three major academic databases: Scopus, IEEE Xplore, and Web
of Science. These databases were selected for their comprehensive coverage and relevance
to this study.

Due to differing search syntax across databases, customized queries were crafted
for each database. To ensure relevance and quality, we applied the following inclusion
criteria: articles had to be (i) published between 2020 and 2025, (ii) written in English,
and (iii) published in peer-reviewed journals or conference proceedings. We selected the
2020–2025 period to capture studies published during the period of fastest methodological
and curricular change in AI-enabled cybersecurity. Table 2 provides a detailed breakdown
of the search strings used for each database.

Table 2. A list of search syntax used in various databases.

Database Search Syntax

Scopus ABS ((Cybersecurity) AND (AI OR “artificial intelligence” OR
“machine learning”) AND (teaching OR education))

IEEE Xplore
(“Abstract”:Cybersecurity) AND (“Abstract”:AI OR “Ab-
stract”:“artificial intelligence” OR “Abstract”:“machine learning”)
AND (“Abstract”:teaching OR “Abstract”:education)

Web of science AB = (cybersecurity AND (AI OR “artificial intelligence” OR “ma-
chine learning”) AND (teaching OR education))

The initial search in August 2025 returned a total of 263 records after removing
duplicates. We employed a multi-phase screening process to determine the final selection
of studies, as illustrated in Figure 1. This involved (i) scope review (e.g., relevance to
teaching and education) and (ii) manual abstract screening and full-text screening (e.g.,
focus on the integration of AI and cybersecurity). In the manual abstract screening process,
we excluded 184 papers that were not teaching studies, 36 papers that were teaching papers
but not related to cybersecurity, and 26 papers that were traditional cybersecurity teaching
papers without the integration of AI. Then, in the manual full-text screening process, we
excluded 5 review papers and 4 studies focusing on K-12 education. On the other hand,
with the additional web search, we managed to find 6 papers. We further complemented
database searching with citation chasing (snowballing) to find 5 papers. Then, we excluded
3 review papers from them. In summary, 16 papers that met all inclusion criteria were
selected for in-depth analysis in this study. The annual distribution of these 16 papers is
presented in Table 3, and their brief description is provided in Table 4.

Table 3. Annual distribution of papers (2020–2025) covered in this paper.

Year 2020 2021 2022 2023 2024 2025 Total

Journal papers 0 1 0 0 4 3 8
Conference papers 2 0 2 2 1 1 8
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Figure 1. The PRISMA flow diagram used in this paper.

Table 4. A brief overview of papers covered in this literature review.

Reference A Short Description

Alexander et al. (2024) It teaches vulnerabilities in AI systems via hands-on, inquiry-based labs.

Apruzzese et al. (2023) It provides teaching and practitioner guidance that is focused on threat models and
evaluation.

Arai et al. (2024) It teaches AI security concepts by leveraging game design and mechanics that embed
adversarial machine learning ideas into engaging play.

Brito et al. (2025) It provides a set of recommended topics, sequencing, and course structures that integrate
machine learning methods into security education.

Calhoun et al. (2022)
Focuses on teaching hardware-level threats and defenses affecting machine learning
systems. It provides a suite of hands-on lab modules that expose students to issues such as
accelerator vulnerabilities.

Debello et al. (2023) A practical way to integrate artificial intelligence into cybersecurity programs so students
encounter real, security-relevant AI problems.

Farahmand (2021)
It integrates AI cybersecurity research into engineering and computer science education by
structuring interdisciplinary courses and projects that connect students with active
research problems and security-relevant AI work.

Lo et al. (2022)
It provides a low-cost portable lab kit that can support authentic machine learning
workflows in cybersecurity contexts, where students collect data, train models, and
evaluate results on security-relevant problems.

Mathews et al. (2025)
It designs a course to equip students with a foundational understanding of Generative AI
and explore their applications in cybersecurity, by a combination of lectures, hands-on
projects, and industry guest lectures.

Okpala et al. (2025)
A practical lab platform is created to offer experiential learning for students outside
computing disciplines. Participants explore foundational AI ideas and how these can be
used to identify online harassment.

Payne and Glantz (2020) It shares how to teach adversarial machine learning to security professionals through a
course design with learning objectives and hands-on exercises.

Pusey et al. (2024)
It studies which prior knowledge indicators can assess student preparedness for modules
involving AI-supported malware investigation, aiding educators in shaping effective
teaching strategies.
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Table 4. Cont.

Reference A Short Description

Salman (2024)
A pedagogical framework for blending AI topics into cybersecurity education. It provides
a set of design principles and case studies that show how to implement the framework
across contexts, including learning outcomes and assessment choices.

Shahriar et al. (2020)
A portable machine learning for cybersecurity lab platform. It provides a set of realistic
cases and exercises that guide students from problem framing through model building
and reflection, enabling consistent, hands-on practice.

Wei-Kocsis et al. (2024)
A proactive, collaborative pedagogy that connects AI concepts with cybersecurity practice
via a learning model combining teamwork, community engagement, and early
risk awareness.

You et al. (2025)

An interactive visualization that reveals how tiny, structured perturbations can mislead
image classifiers. It provides a learning tool that helps students grasp adversarial
examples, decision boundaries, and feature sensitivity through direct manipulation and
immediate visual feedback.

3.2. Research Questions

This paper examines six research questions from three dimensions. The statements, moti-
vations, and pedagogical gaps and aims of these research questions are provided as follows.

• Course context-related research questions.

– RQ1. Who are the target audiences of courses?
Motivation: Identifying the intended learners clarifies the background knowledge,
skill gaps, and professional needs the curriculum is designed to address.
Pedagogical gap and aim: Calibrate learning objectives, scaffolding, and assess-
ment to learner readiness and context.

– RQ2. What delivery modes are adopted in teaching?
Motivation: Understanding whether courses are offered face-to-face, online, or in
hybrid formats provides insight into the accessibility and scalability of instruction.
Pedagogical gap and aim: Match the delivery modality to learning outcomes
(e.g., labs needing hands-on time vs. asynchronous theory), while considering
the resource constraints.

• Course curriculum-related research questions.

– RQ3. What AI topics are included in the curriculum?
Motivation: Mapping the range of AI content helps reveal the breadth of technical
coverage in current educational practice, particularly on the emerging AI technologies.
Pedagogical gap and aim: Ensure up-to-date topic sequences that build from
fundamentals to advanced methods aligned with current practice.

– RQ4. How are AI and cybersecurity concepts integrated in teaching?
Motivation: Exploring integration strategies shows whether courses treat AI and
cybersecurity separately or promote interdisciplinary learning.
Pedagogical gap and aim: Promote interdisciplinarity via aligned learning out-
comes and iterative tasks that connect AI methods to concrete security problems.

• Course instruction-related research questions.

– RQ5. What instructional activities and pedagogical approaches are used?
Motivation: Examining teaching activities (e.g., lectures, labs, and projects) high-
lights how learning objectives are implemented in practice.
Pedagogical gap and aim: Adopt evidence-informed designs (scaffolded labs and
project-based learning) that cultivate problem-solving and professional practices.
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– RQ6. What digital tools support the course delivery?
Motivation: Investigating the tools used (e.g., simulation environments and
security platforms) reveals how digital tools facilitate effective learning.
Pedagogical gap and aim: Select and integrate tools that are accessible and aligned
with tasks and simulate real-world workflows to enhance the learning outcome.

4. Results

This section presents the results synthesized from the sixteen selected papers in this
literature review. Each subsection corresponds to the three categories of research questions
outlined in Section 3.2.

4.1. Course Context-Related Research Questions

The first research question is as follows: RQ1. Who are the target audiences of courses? To
address this question, we examined the learner groups reported in the sixteen papers. This
question is important because identifying the intended audience helps to clarify the expected
prior knowledge and professional needs that the curriculum is designed to meet. As summa-
rized in Table 5, the most frequently mentioned target learner group is university students,
including both undergraduate and postgraduate learners, discussed in eleven studies. One
study emphasizes non-computing major students, while another study emphasizes the cyber-
security major. The remaining five papers did not provide explicit information on the target
audience. These patterns suggest that AI-based curricula should include various pathways,
such as foundational AI literacy for non-computing learners and deeper, practice-oriented
tracks for cybersecurity majors, so that prerequisites align with learners’ backgrounds.

Table 5. The summarized findings for RQ1 and RQ2. The symbol − indicates that no explicit information
was provided in the paper.

Reference
RQ1. Who Are the Target

Audiences of Courses?
RQ2. What Delivery Modes
Are Adopted in Teaching?

Farahmand (2021) University undergraduate Face-to-face
Calhoun et al. (2022) University undergraduate Face-to-face
Debello et al. (2023) University undergraduate Face-to-face
Lo et al. (2022) University postgraduate −
Payne and Glantz (2020) University undergraduate; Face-to-face

university postgraduate
Pusey et al. (2024) University undergraduate; Face-to-face

university postgraduate
Wei-Kocsis et al. (2024) University undergraduate; Face-to-face

university postgraduate
Brito et al. (2025) University undergraduate; Face-to-face

university postgraduate
You et al. (2025) University undergraduate; Face-to-face

university postgraduate
Mathews et al. (2025) University undergraduate; Face-to-face

university postgraduate
(cybersecurity major)

Okpala et al. (2025) University undergraduate; Face-to-face
university postgraduate
(non-computing major)

Arai et al. (2024) − Online
Shahriar et al. (2020) − −
Apruzzese et al. (2023) − −
Alexander et al. (2024) − −
Salman (2024) − −
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The second research question is as follows: RQ2. What delivery modes are adopted in
teaching? This question is equally significant, as the chosen delivery mode (face-to-face,
online, or hybrid) affects accessibility and scalability of instruction. Among the sixteen
papers reviewed and summarized in Table 5, eleven papers reported face-to-face teaching,
one paper described an online course, and the remaining four did not specify the delivery
modes. Given the findings that most courses are face-to-face offerings, AI-based curricula
should adopt modality-agnostic designs, such as cloud notebooks and virtual labs, to
preserve hands-on practice.

4.2. Course Curriculum-Related Research Questions

The third research question is as follows: RQ3. What AI topics are included in the curricu-
lum? We consider three major classes of AI, including perception, generative, and agentic,
each with distinct capabilities and risk profiles that call for different mitigation. Mapping
the range of AI technologies alongside their security implications reveals the breadth of
technical coverage in current practice and equips learners with risk-appropriate defenses
by design. Across the sixteen papers, the majority of them, fifteen papers, addressed
perception AI, while only one paper explicitly taught generative AI, as summarized in
Table 6. This imbalance suggests that curricula should be rebalanced beyond perception
systems by adding core modules on generative (e.g., prompt injection, jailbreaks, and data
leakage) and agentic systems (e.g., tool-use safety and human-in-the-loop).

The fourth research question is as follows: RQ4. How are AI and cybersecurity concepts
integrated into teaching? We examine two complementary integration strategies: cybersecurity
for AI and AI for cybersecurity. Among the sixteen papers, the coverage was fairly balanced:
five papers addressed cybersecurity for AI only, eight focused on AI for cybersecurity only,
and the remaining three covered both, as summarized in Table 6. Programs can run the two
modules in parallel with integrative capstones. For example, students harden a model and
then implement it in a real exercise to exercise both assurance competencies and applied
defensive effectiveness.

Table 6. The summarized findings for RQ3 and RQ4. The symbol − indicates that it was not covered
in the paper.

Reference
RQ3. What AI Topics

Are Included
in the Curriculum?

RQ4. How Are AI and Cybersecurity
Concepts Integrated into Teaching?

Cybersecurity for AI AI for Cybersecurity

Payne and Glantz (2020) Perception AI � −
Calhoun et al. (2022) Perception AI � −
Apruzzese et al. (2023) Perception AI � −
Alexander et al. (2024) Perception AI � −
You et al. (2025) Perception AI � −
Shahriar et al. (2020) Perception AI − �
Lo et al. (2022) Perception AI − �
Debello et al. (2023) Perception AI − �
Pusey et al. (2024) Perception AI − �
Salman (2024) Perception AI − �
Brito et al. (2025) Perception AI − �
Okpala et al. (2025) Perception AI − �
Farahmand (2021) Perception AI � �
Arai et al. (2024) Perception AI � �
Wei-Kocsis et al. (2024) Perception AI � �
Mathews et al. (2025) Generative AI − �
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4.3. Course Instruction-Related Research Questions

The fifth research question is as follows: RQ5 What instructional activities and pedagogical
approaches are used? It is important to examine teaching activities (e.g., lectures, labs, and
projects) to understand how learning objectives are implemented in practice. Table 7
summarizes instructional activities used across the reviewed papers, which reveals a clear
emphasis on active, practice-oriented designs (e.g., hands-on, interactive, game-based, and
experiential) with selective use of case studies, scaffolding, and project experiences. Hands-
on and project-based learning is prominent, provided as either standalone lab or project
work in three studies (Calhoun et al., 2022; Mathews et al., 2025; Payne & Glantz, 2020)
and as a combined laboratory plus an independent project in one course (Debello et al.,
2023). These activities prioritize skill acquisition in integrative demonstrations. Interactive
activities are reported in two papers (Pusey et al., 2024; You et al., 2025), typically to sustain
engagement, surface misconceptions early, and support rapid feedback. Game-based
learning features both full-course game structures and targeted gamification elements (Arai
et al., 2024; Debello et al., 2023; Wei-Kocsis et al., 2024); these approaches aim to increase
motivation and provide safe environments for experimenting with offensive/defensive tactics
or AI model behaviors. Experiential learning is explicitly implemented in three papers
(Alexander et al., 2024; Okpala et al., 2025; Salman, 2024) to support learners’ progression
from guided exercises to open tasks. Case studies are used to integrate technical detail with
contextual judgment (Apruzzese et al., 2023; Shahriar et al., 2020). One course emphasizes
authentic learning (Lo et al., 2022), situating activities in realistic professional contexts to
bridge classroom and practice. Traditional elements are also effective; homework serves as
structured reinforcement (Farahmand, 2021), while a course that combines theoretical and
practical components (Brito et al., 2025) illustrates a blended model that pairs conceptual
grounding with implementation. Finally, an independent capstone project (Debello et al.,
2023) provides a culminating experience for synthesis and evaluation of learning outcomes.
These findings suggest that the curriculum should emphasize authentic practice and
interactive game/simulation tasks to expose misconceptions, while providing standardized
artifacts (reproducible notebooks and datasets) as assessable learning materials.

The sixth research question is as follows: RQ6. What digital tools support the course deliv-
ery? To effectively deliver the technical content, it is critical to select appropriate tools (e.g.,
simulation environments and security platforms) to facilitate effective learning. Table 7
summarizes the tools and platforms reported across the papers, spanning hardware setups,
programming environments with datasets, visualization, and game-oriented delivery. Sev-
eral papers offer anchor learning in physical systems to surface real-world constraints and
attack surfaces, such as circuit hardware in a very large-scale integration context (Calhoun
et al., 2022). A few papers rely on accessible software stacks that enable reproducible work.
One study combines a Python (version 3) programming tool with open-source datasets to
scaffold implementation and evaluation (Alexander et al., 2024; Debello et al., 2023; Okpala
et al., 2025). Open-source tools and online programming platforms are used in Lo et al.
(2022); Payne and Glantz (2020); Shahriar et al. (2020), facilitating convenient development
and simplified classroom logistics. AI tools, such as ChatGPT, are also studied in Math-
ews et al. (2025). To unlock the complicated topics, multiple courses adopt block-based
programming paired with online visualization webpages (You et al., 2025), which provide
interpretable outputs or interactive dashboards that support formative feedback. Game-
based or simulation-centric platforms appear as an online web game (Arai et al., 2024) and
as an immersive learning setup (Wei-Kocsis et al., 2024). These findings indicate that the
curricula should standardize on portable, reproducible stacks, such as cloud notebooks
and labs, so learners can practice end-to-end workflows with minimal setup friction.
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Table 7. The summarized findings for RQ5 and RQ6. The symbol − indicates that no explicit information
was provided in the paper.

Reference
RQ5. What Instructional Activities
and Pedagogical Approaches Are Used?

RQ6. What Digital Tools
Support the Course Delivery?

Alexander et al. (2024) Experiential learning Programming platform
(e.g., Colab, Anaconda)

Apruzzese et al. (2023) Case study Robot car
Arai et al. (2024) Game-based learning Python programming tool;

open-source dataset
Brito et al. (2025) Theoretical materials; Block-based programming;

practical materials online visualization webpage
Calhoun et al. (2022) Hands-on activity −
Debello et al. (2023) Hands-on gamified labs; Drones; Raspberry Pi

Capstone project
Farahmand (2021) Homeworks Circuit hardware
Lo et al. (2022) Authentic learning −
Mathews et al. (2025) Project-based learning AI tools (e.g., ChatGPT)
Okpala et al. (2025) Experiential learning Online programming platform
Payne and Glantz (2020) Hands-on activity Open-source tool
Pusey et al. (2024) Interactive workshop −
Salman (2024) Scaffolding; Visualization tool

experiential learning
Shahriar et al. (2020) Case study −
Wei-Kocsis et al. (2024) Game-based learning Online programming platform
You et al. (2025) Interactive activity Online web game

5. Discussion

This section summarizes the key observations and provides recommendations for
both research and practice.

5.1. Summary of the Key Observations and Actionable Recommendations

Three observations emerge from the three categories of research questions addressed
in this study.

5.1.1. Course Context-Related Findings

• Finding: Integrating AI and cybersecurity across learner populations is important, with
offerings targeting university students; this pattern reveals the current educational
landscape and underscores the need for audience-appropriate scaffolding.

• Educational framework: This finding supports the constructivist learning framework,
where learners build their understanding by connecting new information with their
existing knowledge and experiences. Intended learning outcomes and activities
should be aligned to distinct learner profiles. For example, a practical lab platform
is created to offer experiential learning for non-computing students (Okpala et al.,
2025), while cybersecurity students are equipped with a foundational understanding
of generative AI to further explore their applications (Mathews et al., 2025).

• Actionable recommendation: Instructors should consider extending constructive align-
ment to the AI–cybersecurity intersection, provide scaffolded prerequisites, and adopt
blended delivery so that varied learners can reach aligned outcomes.
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5.1.2. Course Curriculum-Related Findings

• Finding: Current studies exhibit a balanced emphasis on the two integration strategies,
security for AI and AI for security, highlighting cross-disciplinary integration rather
than independent treatment.

• Educational framework: Constructivist learning treats the two lenses, security for AI
and AI for security, as paired problems that support knowledge construction through
cognitive conflict and resolution (e.g., risk vs. mitigation and attack vs. defense). This
finding complements (Arai et al., 2024), where learners experience damage caused
by attacks and the advantages of their countermeasures. In addition, an immersive
learning environment is designed in Wei-Kocsis et al. (2024) to motivate the students
to explore AI development in the context of real-world cybersecurity scenarios, where
AI techniques can be manipulated and evaded, resulting in new security implications.

• Actionable recommendation: Instructors could design lab structures that bind security
for AI to AI for security. For each topic, we can design mirrored labs (e.g., prompt
injection vs. guardrail; data poisoning vs. governance) so that learners can experience
the impact of the AI technique and the inherent risk of the AI technique itself.

5.1.3. Course Instruction-Related Findings

• Finding: Active pedagogy is prevalent (e.g., hands-on labs/projects, experiential
and case-based activities, and visualization to unpack complex concepts), which
indicates a need for learning by doing with structured supports that build transferable
competencies for AI and cybersecurity practice.

• Educational framework: Our finding about active pedagogy aligns with the connec-
tivist learning framework, where learners build understanding through manipulation
of tools, datasets, and reflection on experience. This is consistent with immersive
and visualization-centric designs in Salman (2024); You et al. (2025), hands-on pro-
gramming design (Alexander et al., 2024), and even the hardware implementation
(Apruzzese et al., 2023; Debello et al., 2023).

• Actionable recommendation: Instructors should ground theory in practice. For example,
they can start each lecture with a brief real-world artifact (e.g., a prompt injection
transcript), state the intended learning outcomes, and then introduce the concepts
that explain the artifact. Furthermore, they can provide one-click, sandboxed environ-
ments (e.g., Docker/Colab) so learners can run paired attack–defend labs and safely
explore AI techniques. Lastly, they can conclude each hands-on activity with a guided
reflection, prompting students to articulate what worked, what failed, and how they
would improve their approach.

5.2. Limitations

There are a few limitations in this study. This review may be affected by search
bias arising from database coverage, indexing delays, English-language restrictions, and
the evolving terminology of AI and cybersecurity that could cause relevant studies to
be missed by our keywords. Moreover, this review is focused on peer-reviewed journal
and conference papers; consequently, it excludes course websites and practitioner reports
that may capture cutting-edge practice. This coverage limits generalizability to other
settings (e.g., professional training). Given the rapid pace of AI (especially generative AI
and emerging agentic AI systems), this paper might only provide insights for very recent
innovations and practices.
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5.3. Future Research

Through this literature review, we propose three actionable recommendations for
instructors in AI education and cybersecurity education. First, we need to align curriculum
activities with two lenses, including security for AI (e.g., threat modeling and red-teaming)
and AI for security (e.g., anomaly detection and phishing classifiers), and pair them in
hands-on exercises to ensure balanced coverage. Second, we need to standardize on
accessible and reproducible tooling, such as online programming notebooks, curated open
datasets, visualization dashboards, and one-click environments (e.g., Docker or Colab)
with starter kits so students focus on learning rather than setup. Last but not least, we
need to provide case studies that reflect real threat scenarios to connect technical work to
real-world decision-making in this fast-moving domain.

6. Conclusions

This paper presents a systematic literature review on a focused topic of integrating arti-
ficial intelligence into cybersecurity education. The findings show that the current practices
reach multiple learner groups (from university undergraduate to postgraduate). However,
online delivery and hybrid (online and face-to-face) delivery remain underused. The course
curricula currently emphasize perception AI only, while emerging areas, like generative
and agentic AI systems, are rarely addressed. To effectively integrate AI technology and
the cybersecurity content, hands-on activities (e.g., online programming notebooks) and
visual explanations are needed to make concepts interactive and explainable. This paper
offers a practical reference for instructors seeking to enhance their courses by embedding
AI content into the cybersecurity curriculum.
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Abstract: The increasing use of artificial intelligence (AI) in education has raised questions about the
implications of ChatGPT for teaching and learning. A systematic literature review was conducted
to answer these questions, analyzing 112 scholarly articles to identify the potential benefits and
challenges related to ChatGPT use in educational settings. The selection process was thorough
to ensure a comprehensive analysis of the current academic discourse on AI tools in education.
Our research sheds light on the significant impact of ChatGPT on improving student engagement
and accessibility and the critical issues that need to be considered, including concerns about the
quality and bias of generated responses, the risk of plagiarism, and the authenticity of educational
content. The study aims to summarize the utilizations of ChatGPT in teaching and learning by
addressing the identified benefits and challenges through targeted strategies. The authors outlined
some recommendations that will ensure that the integration of ChatGPT into educational frameworks
enhances learning outcomes while safeguarding academic standards.

Keywords: ChatGPT; education; student engagement; plagiarism; bias; academia

1. Introduction

ChatGPT is a generative artificial intelligence model developed by OpenAI. Since its
launch at the end of 2022, it has rapidly become a prominent technological phenomenon,
especially in education. Research by Lozano and Fontao, 2023 and Waltzer et al., 2023 has
demonstrated the ability of ChatGPT to engage in human-like conversations across various
topics, a feature that has revolutionized interactive learning [1,2]. As highlighted by Van
Slyke et al., 2023, ChatGPT’s capacity for interactive learning and practical applications
underscores its significant impact on educational methodologies [3]. Other studies have em-
phasized its expansive training dataset, which enables the model to provide comprehensive
and coherent responses, enhancing its utility in educational settings [4].

Beyond providing conventional educational assistance, ChatGPT has been the subject
of multiple studies focusing on its multifaceted applications in learning environments [3,4].
Its rapid adoption across various fields reflects its versatile application potential [3,5,6].
The model’s ability to process and generate human-like text responses makes it an inno-
vative tool for use in professional settings and diverse educational landscapes. In this
context, different authors pointed out that ChatGPT can facilitate teaching and learning by
generating quizzes, designing assessment, generating summaries, and translating complex
terminologies, illustrating its multifunctional nature and far-reaching impact [4–9].

The integration of ChatGPT into academic settings signifies a major shift in the ed-
ucational technology landscape [2]. Some studies have highlighted ChatGPT’s ability to
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redefine learning experiences through its advanced natural language processing capabili-
ties, fostering a level of student engagement that mimics that via human interaction [10,11].
Similarly, Lozano and Fontao, 2023 and Yan et al., 2023 emphasized ChatGPT’s ability to
enhance communication within educational environments [1,10].

Building on these foundational changes, ChatGPT’s academic applications are vast and
varied. Research by Yan et al., 2023 on technology-enhanced language learning showcased
ChatGPT as a powerful tool for language acquisition, providing interactive and responsive
support to learners [10]. Additionally, other authors investigated its ability to personalize
educational content, tailoring learning experiences to individual student needs [11–14].
ChatGPT facilitates automated grading and intelligent tutoring, aids educational content
creation, and improves accessibility to support diverse learning needs. This transformative
potential of ChatGPT in education can make learning more accessible, engaging, and
effective. Moreover, ChatGPT can also be used as a student virtual assistant [15,16]. In this
capacity, ChatGPT serves as a helpful tool, providing on-demand explanations, answering
questions, and offering guidance on various academic topics [2]. Looking towards the
future of education with ChatGPT, there is a landscape in which AI is not merely an
auxiliary tool but rather a fundamental component of the educational framework.

Some researchers pointed to a future where ChatGPT continually expands the bound-
aries of education [2,17,18]. E-learning and online self-learning, which have recently gained
popularity due to digital education platforms and the effects of the COVID-19 pandemic are
areas in which ChatGPT can provide significant support as noted by [7,19–21]. ChatGPT
acts as a virtual tutor, assisting learners in navigating online courses and offering insights
into course materials [1]. Other researchers have highlighted the importance of ChatGPT
in lifelong learning and digital literacy, illustrating how this technology is reshaping both
the content and methods of education [12].

Additionally, ChatGPT’s adaptability caters to individual learning styles, making it a
valuable resource in self-paced online education. ChatGPT interprets complex questions,
generates relevant responses, and facilitates complex academic tasks, offering substan-
tial opportunities for personalized learning support in educational settings [22]. Some
researchers explored ChatGPT’s adaptability across various learning contexts, from tra-
ditional classrooms to digital platforms, also in addition to incorporating it for teach-
ing design, underscoring its value in creating versatile and dynamic educational expe-
riences [23,24]. Collectively, these perspectives paint a picture of an academic future in
which AI is seamlessly integrated into the fabric of education, enhancing learning ex-
periences while presenting new challenges and opportunities for educators, students,
and policymakers.

Despite these promising applications, the integration of ChatGPT in educational set-
tings is challenging. Some researchers have raised concerns about the quality of responses
and potential biases within AI-generated content [8,13,25–27]. These issues are crucial,
particularly in educational contexts, where the accuracy and reliability of information
are paramount. Others, like Deraga et al., 2023 and Strzelecki, 2023 have advocated for
a balanced approach to integrating technologies like ChatGPT in education [28,29]. It
is essential to leverage the benefits of ChatGPT while mitigating its potential risks and
ensuring that ethical standards are upheld. Most researchers have stressed the importance
of academic integrity and ethical considerations, especially considering the ease with which
students might rely excessively on AI for learning and problem-solving [9,30].

The incorporation of ChatGPT into educational settings has its detractors. Some
authors have explored the controversies surrounding the use of ChatGPT in education,
highlighting concerns about overreliance on technology and a potential loss of critical think-
ing skills among students (for example, [27–29,31]. Researchers like Farazouli et al., 2023
and Farrokhnia et al., 2023 have emphasized the potential downsides, such as the automa-
tion of academic tasks leading to a lack of deep learning [22,32]. These debates are not
only confined to the classroom but also extend to the ethical dimensions of using such
advanced technology.
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Schön et al., 2023 and Tam et al., 2023 highlighted the importance of maintaining
academic integrity and addressing the ethical implications of AI in education [26,32]. Many
researchers have contributed to this discussion, emphasizing the need for a balanced
approach in integrating AI tools like ChatGPT [22,26,33–37]. The central concern revolves
around the potential for these tools to facilitate plagiarism, undermine academic integrity,
and erode the traditional student–teacher dynamic [38].

There is an intense debate among scholars about using ChatGPT in educational set-
tings, with diverse and often conflicting viewpoints. This range of perspectives highlights
a significant gap in the literature: the need for a comprehensive study synthesizing these
varying opinions to provide a cohesive understanding of ChatGPT’s role in learning envi-
ronments (e.g., assignments and tutoring). First, a notable group of authors have focused
on the innovative potential of ChatGPT [10,30,39–42]. They have often discussed the advan-
tages of ChatGPT in personalizing learning experiences, automating routine educational
tasks, and facilitating interactive learning. However, their enthusiasm is not universally
shared. Other scholars have raised concerns about the potential pitfalls, including the
impact on students’ critical thinking skills, the risk of fostering dependency on AI for
academic tasks, and the implications for academic integrity (for example, [43–46]).

Second, the debate has been further intensified by authors highlighting the ethical and
pedagogical implications of integrating AI into learning environments [47–49]. They have
emphasized the need to carefully consider how ChatGPT is implemented, ensuring it is
used to complement rather than to replace traditional teaching methods. Meanwhile, some
authors have argued for a balanced approach, highlighting the importance of maintaining
academic integrity and an authentic learning experience in the face of rapidly advanc-
ing AI technologies [49–52]. Finally, the last set of authors have underscored the need
for a comprehensive study that considers the full spectrum of views on ChatGPT’s role
in education [53–56].

Several review papers focus on the impact of ChatGPT in education. For instance,
Castro [57] conducted a critical literature review using electronic databases such as news-
papers affiliated with Harvard University, Google Scholar, Springer, and Scopus. However,
the paper is quite short and includes only thirteen references, representing a limited sample
of the papers analyzed. Another literature review paper by Jameela [58] focused on the
impact of ChatGPT in educational and organizational contexts, utilizing twenty-two papers.
However, they did not mention the names of the databases from which they retrieved the
papers and simply summarized each one. Once again, their lack of a systematic approach
and the limited number of papers they included affected the robustness of their results. On
the other hand, Faisal conducted a systematic literature review on the benefits of ChatGPT
in higher education. He utilized the Web of Science, EBSCO, and ProQuest databases and
selected 52 papers. The results included papers published until 5 June 2023 and discussed
only the benefits of ChatGPT for higher education. This paper concluded with remarks on
the potential use of ChatGPT in higher education in Saudi Arabia.

Our work complements this latter body of literature by reconciling these diverse
perspectives and provides insights into best practices for integrating ChatGPT in education.
Thus, it contributes significantly to the academic discourse by providing a better under-
standing of how ChatGPT can enhance learning experiences while addressing legitimate
concerns about its potential drawbacks. Through its comprehensive analysis of 112 articles,
this study robustly covers the current state of research on ChatGPT in education, address-
ing both breadth and depth within the scope defined. The results of this comprehensive
review will be instrumental in guiding educators, policymakers, and researchers in making
informed decisions about the use of ChatGPT in educational settings.
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2. Methodology

2.1. Research Questions

The primary aim of this literature review is to investigate the benefits and limitations of
ChatGPT use in academia, with a specific focus on its application in teaching and learning.
Two research questions guided our inquiry:

1. What are the benefits of ChatGPT use in academia, particularly in teaching and
learning contexts?

This question seeks to uncover the positive aspects of ChatGPT in educational contexts.
It explores how ChatGPT enhances teaching and learning experiences, its role in engaging
students, and its potential to aid educators. By examining its benefits, this research aims
to identify how ChatGPT can be effectively integrated into academic practices to improve
outcomes and experiences for both teachers and students.

2. What are the limitations associated with the use of ChatGPT in educational settings?

The focus here is to understand the challenges and constraints associated with Chat-
GPT usage in academia. This includes potential issues like the accuracy of the information
provided, ethical concerns such as plagiarism, and the impact on students’ learning and
critical thinking skills. This question is crucial for identifying potential risks and developing
strategies to mitigate them, ensuring a balanced and responsible approach to incorporating
ChatGPT in educational environments.

2.2. Search Strategy

We utilized a comprehensive set of keywords to systematically search for the relevant
literature in three major databases: Academic Search Premier, Web of Science, and IEEE.
The keywords used in our search strategy are presented in Table 1.

Table 1. Search strings and keywords.

Search Strings

((ChatGPT OR Chat gpt) AND (Challenge OR pros OR cons OR benefit OR Advantage OR problem OR disadvantage OR harm OR
support))
(((ChatGPT OR Chat gpt) AND (future OR application OR possibility)))
(((ChatGPT OR Chat gpt) AND (opinion OR feeling OR attitude OR user OR professional OR evaluation OR evaluate OR
experience OR perception OR misconduct OR ethics OR integrity)))
(((ChatGPT OR Chat gpt) AND (teaching OR assignment OR homework OR education OR school OR student OR teacher OR
practice OR project)))

We selected the keywords for the literature search with precision, ensuring a thorough
and targeted approach to data collection across the three databases. To expand the scope
of our search, we incorporated a series of outcome-oriented keywords, ranging from eval-
uative terms like “challenge”, “benefit”, and “advantage” to forward-looking terms like
“future” and “possibility”. We refined this search further by incorporating terms related
to ethical dimensions, including “opinion”, “ethics”, and “integrity”, ensuring a compre-
hensive perspective on ChatGPT’s impact. We also employed educational keywords like
“teaching”, “assignment”, and “homework”, focusing the search on the practical educa-
tional applications and implications of ChatGPT, thus guaranteeing a rich and relevant
dataset for subsequent analysis.

2.3. Inclusion and Exclusion Criteria

Table 2 presents the inclusion and exclusion criteria that were applied in the selection
of articles in this study. We excluded conference articles, works that were not peer-reviewed,
summaries of other work, book chapters, articles from magazines, theses, and notes
to editors.
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Table 2. Inclusion and exclusion criteria.

Inclusion Criteria Exclusion Criteria

Peer-reviewed journal articles.
Availability of full texts.
Published in the English language.
Published any time after 30 November 2022 (the launch day
of ChatGPT).

Conference articles, non-peer-reviewed publications, review
articles, book chapters, magazine articles, theses, and notes
to editors.
Articles not directly related to the application of ChatGPT in
educational contexts.

2.4. Screening the Articles

To avoid bias, we applied the following process. In each round of screening, each
author coded the papers as either “0”: The paper should not be included, “1”: Not certain
about including the paper, or “2”: The paper is eligible for inclusion. It is worth mentioning
that the authors were not aware of the others’ decisions. Discrepancies were discussed and
addressed in a focus session with all authors present.

Figure 1 presents a PRISMA flow diagram of the search methodology. Initially, three
databases were searched, yielding 999 articles from Academic Search Premier, Web of
Science, and IEEE. From these, 133 articles were excluded due to duplication. The remain-
ing 866 articles’ abstracts were screened. Based on the inclusion and exclusion criteria,
678 articles were removed. Subsequently, 188 full-text articles were assessed for their rele-
vance in discussing the benefits and challenges of ChatGPT, leading to the further exclusion
of 76 articles. The process resulted in a final data set comprising 112 articles that met all
the criteria for the review. In this study, we utilized Web of Science, IEEE Xplore, and
Academic Search Premier based on the following considerations. Web of Science: We chose
Web of Science due to its comprehensive coverage of high-quality, peer-reviewed journals
and its strong emphasis on scientific citation indexing, which is crucial for the scope of our
analysis. IEEE Xplore: Given that our research intersects significantly with technology and
education, IEEE Xplore was selected for its extensive repository of technical literature and
proceedings, which are highly relevant and authoritative in the fields of engineering and
technology. Academic Search Premier: This database was included to broaden our research
scope to capture interdisciplinary perspectives that are not strictly covered by the more
specialized databases, thus ensuring a comprehensive exploration of the literature.

2.5. Research Profile

The top countries with the highest number of included articles related to our topic
were the United States (n = 22), the United Kingdom and Northern Ireland (n = 11), and
Australia (n = 11). The country of the published article was determined based on the first
author’s country of affiliation. Additionally, many other researchers from other countries
conducted research related to ChatGPT in education. This may be interpreted to mean that
the application of ChatGPT in teaching and learning has been attracting attention globally.
Figure 2 presents the heatmap for the number of papers per country.

Figure 3 displays the number of included articles per publication month in 2023
(hereafter, when we talk about our results in 2023, we mean the results we found up till
12 October 2023). The highest numbers of papers were published in July (n = 25) and
August (n = 18), while the lowest numbers of papers were published in February (n = 3)
and January (n = 1). This trend suggests a growing academic interest in the field, potentially
influenced by academic calendars, grant cycles, or conferences. The data also indicate that
the start and end of the year had less research output, which reflects the planning and
development phase of research activities. Furthermore, the database search was conducted
on 12 October 2023; therefore, no data were available for November or December.
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Figure 2. Number of articles published per country.
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Figure 3. Number of articles per publication month of 2023.

Figure 4 illustrates the distribution of published papers on ChatGPT across a spectrum
of academic journals in 2023. The Journal of Chemical Education (n = 4) had the most
publications, indicating a particular interest or focus on ChatGPT within the chemical
education community. This was closely followed by other journals, including Cureus
Journal of Medical Science, Sustainability, Education and Information Technologies, Scientific
Reports, and International Journal of Management Education (n = 3), each contributing three
papers to the discourse on ChatGPT. The diversity of journals—from medical sciences to
sustainability and information technology—reflects ChatGPT’s interdisciplinary impact
and the wide-ranging academic curiosity it has sparked. A single paper was found in
numerous other journals, highlighting the expansive influence of this AI technology, which
extends across various fields and specialties within the academic landscape.

Additionally, we created word clouds for abstracts, ChatGPT benefits, and limitations
(Figure 5, Figure 6, and Figure 7, respectively). Figure 5 presents the abstracts of papers
related to ChatGPT, highlighting the central themes and concepts emerging from academic
discussions. Dominant terms like “education”, “student”, “learning”, and “question”
highlight the focus on the educational applications of ChatGPT and its role in student
engagement and learning processes. The visibility of words like “study”, “research”,
and “artificial intelligence” reflects the scholarly examination of AI tools in academic
settings. Meanwhile, the presence of “tool” and “response” within the cloud suggests an
interest in the functional aspects of ChatGPT, such as its responsiveness and utility as a
supportive tool in educational practices. Together, these terms sketch a landscape in which
ChatGPT’s influence on education can be scrutinized from multiple angles, emphasizing its
integration into teaching methods, student interaction, and the broader implications of AI in
learning environments.

Figure 6 graphically represents the most frequently mentioned benefits of ChatGPT
as gleaned from the literature. Words like “learning”, “teaching”, “feedback”, “student”,
and “teacher” are prominent, highlighting ChatGPT’s significant role in educational en-
hancement. The repeated appearances of “generate” and “support” suggest ChatGPT’s
capability to produce content and assist in various tasks, indicating its utility as an ed-
ucational tool. Terms like “medical”, “language”, “code”, and “writing” emphasize the
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diverse applications of ChatGPT, from aiding in medical education to supporting language
learning and coding. The visual aggregation of these terms paints a picture of ChatGPT
as a versatile aid that can potentially transform how students learn and teachers instruct,
providing personalized assistance and enriching the learning experience across disciplines.
Moreover, many of our papers come from medical fields.

Figure 4. Number of articles published in each journal.
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Figure 5. Word cloud for article abstracts.

Figure 6. Word cloud for ChatGPT benefits.

Figure 7. Word cloud for ChatGPT limitations.

Figure 7 captures the key concerns surrounding ChatGPT’s limitations within an
educational context. Central terms like “concern”, “plagiarism”, “bias”, and “information”
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suggest a focus on ethical and quality issues related to the use of ChatGPT in learning envi-
ronments. Meanwhile, the prominence of the terms “generated” and “content” alongside
“limitations” and “potential” implies a critical view of the reliability and originality of the
material produced by ChatGPT. “Data” and “bias” appear near one other, highlighting
worries about the originality of ChatGPT outputs, and the word “student” at the center re-
flects the centrality of the learner’s experience in these discussions. This collection of terms
illustrates the cautionary stance researchers and educators take regarding the adoption of
AI tools like ChatGPT, emphasizing the need to address these significant challenges for
responsible integration into academic settings.

3. Results and Discussion

The data suggest that while ChatGPT is appreciated for its ability to enhance per-
formance evaluation, natural language processing capabilities, and text generation, there
are significant concerns regarding the quality and bias of its responses as well as issues
related to plagiarism and content authenticity. The advantages and disadvantages indicate
a nuanced view of ChatGPT in higher education, where its potential is recognized but an
awareness of its limitations and challenges also exists. All the papers that were screened
for the advantages and disadvantages of ChatGPT are cited in Table 3.

Table 3. Included articles in each theme.

Advantages

Natural Language Processing [4,10,17,19,22,28,29,35,37,41,58–75]

Enhanced Communication [1,40,52,60,67,76–82]

Learning Engagement and Accessibility [1,4,10,11,15,17,18,20,21,26,27,32–34,45,53,58–61,67,69–73,75,77,79,83–96]

Performance Evaluation [10,19,20,43,51–53,58,67,70,72,79,88,97–102]

Text Generation [2,3,10,13,15,34,40,41,46,48,50,52,53,59,73,80,82,84,86,88,89,101–107]

Versatility—ability to adapt to many
different functions [4,6,23,31,36,39,43,50,53,54,56,74,89,90,103,108–110]

Other [10,15,25,47,54,61,76,90,111,112]

Disadvantages

Error recognition [2,18,30,46,52,60,61,84–86,89,92,95,99,101,111,113]

Plagiarism and Authenticity [1,3,4,10,26,33–35,37,47–49,53–55,59,60,62–64,67,69–
71,73,77,84,86,88,94,96,99,100,104,106,114–116]

Quality of Responses and Bias in AI [4,7,13,15,17,20–23,25,27,31,32,37,39–41,43–46,52,53,59,61,64,65,67,68,70,72–
74,76,78,80,81,85,86,89,92,95,98,104,106–108,110,117,118]

Other [4,6,7,10,15,18,28,46,53,66,67,70,90,106,119]

Dependency [11,15,29,36,53,59,62,78,82,86,87,103,105,107]

Privacy and Data Security [4,7,36,46,53,67,70,106,113,118]

3.1. Advantages of ChatGPT in Teaching and Learning

• Learning Engagement and Accessibility (45 occurrences): This category includes ar-
ticles that discuss the role of ChatGPT in engaging students and making learning
more accessible, which is the most frequently mentioned advantage in the included
articles. ChatGPT can make learning more engaging and accessible, especially for
students with disabilities. In their study, Hsu and Ching, 2023 categorized the appli-
cations of ChatGPT for learning, stating that teachers can use ChatGPT for support
in the following ways: (1) assistance with teaching; (2) help with student assessment;
(3) support for student learning; (4) suggestions for improving teaching; and (5) as-
sistance with teacher–student and teacher–parent communication [27]. For students,
the chatbot can provide support in the following areas: (1) personalized learning;
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(2) creative thinking; (3) assessment; and (4) reading and writing comprehension [27].
Rodrigues and Rodrigues, 2023 emphasized the potential of ChatGPT to facilitate
more personalized and adaptive learning due to its interactivity [11]. This enables
the execution of effective learning mechanisms, with feedback being a core feature
of learner support that is highly effective in supporting learning. In a special case,
Houston et al., 2023 showed that libraries can benefit from this solution by improv-
ing their reference practices, developing their collections, and transforming and
creating metadata [18].

• Natural Language Processing (NLP) (31 occurrences): ChatGPT’s ability to under-
stand and generate human-like text is a significant advantage. Students can practice
conversational skills in different languages with ChatGPT, enhancing their language
proficiency. Farrokhnia et al. 2023 reported that ChatGPT’s natural language model
is sophisticated and generates plausible, personalized, and real-time answers while
self-improving [22]. In another study, Clark, 2023 found that ChatGPT’s responses
demonstrate strong language processing abilities, performing better on questions that
require generalizable information rather than specific skills, particularly the skills
taught in lectures [60]. Masters, 2023 noted that ChatGPT can be helpful in the grading
process, especially for written assignments [66].

• Text Generation (29 occurrences): The capability of ChatGPT to generate text is high-
lighted in this category. ChatGPT can help students overcome writer’s block by
generating ideas or outlines for essays and research papers. NLP covers text gener-
ation; however, we created a separate category for text generation because it is an
essential aspect of education and has attracted significant attention from authors in
this field. It can also assist teachers in creating educational content, such as lesson
plans or example texts for class discussions. For example, generative-AI chatbots excel
at quickly generating plausible answers for any question [104]. Marquez et al., 2023
conducted a study focusing on biobased materials education, finding that it was possi-
ble to use AI-powered text generation to brainstorm biobased materials and products
and develop academic written text by applying a scientific method approach [106]. As
an AI-powered assistant, ChatGPT can answer questions, generate text, write code,
summarize papers, evaluate responses, and more. It offers a range of relevant topics
and ideas that can be included in a course’s curriculum [80].

• Performance Evaluation (19 occurrences): Teachers can use ChatGPT to provide instant
feedback on students’ assignments or essays. For example, Ruiz et al., 2023 found that
this virtual assistant tool allows teachers to provide real-time personalized support by
answering student queries and offering additional information [100]. Additionally,
Karabacak et al., 2023 highlighted opportunities to improve medical education through
the use of personalized feedback and evaluation methods [43]. Clark et al., 2023
emphasized the potential of chatbots to support student learning in an interactive way
by providing real-time feedback, thereby increasing student engagement [60].

• Versatility (20 occurrences): ChatGPT can be applied across various academic fields.
In science, it can be used to explain complex concepts, while in history, it can provide
historical context. When used in mathematics, ChatGPT can solve problems and
explain the steps in the process. Indeed, it can be used for a wide variety of tasks,
for example, to evaluate task performance, provide feedback, generate human-like
writing, offer expert solutions to complex tasks, and assist in solving mathemati-
cal problems [23]. Therefore, ChatGPT is likely to have a major impact on work
and education, as it provides quick and easily understandable answers to a variety
of questions [39].

• Enhanced Communication (12 occurrences): This category refers to the potential for
improved communication and interaction using ChatGPT. For example, Lozano and
Fontao, 2023 noted that ChatGPT has great potential for improving communication
between teachers and students. It can be used to generate innovative methodologies
to improve the teaching–learning process, thereby increasing student performance [1].
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AI assistants like ChatGPT can help by explaining complex concepts in simple lan-
guage. This modern approach can help medical students learn more efficiently and
provide better patient care [76]. Students can practice conversational skills in different
languages with ChatGPT, enhancing their language proficiency. Moreover, ChatGPT
can serve as an intermediary for students who may be shy or reluctant to ask questions
in class or for students with disabilities [13]. Integrating ChatGPT with speech-to-text
technology can support inclusive education for students with visual impairments
or dyslexia.

• Other (12 occurrences): This category includes responses that do not fit neatly into
the predefined themes. For example, Schen et al., 2023 focused on ChatGPT voice re-
sponse automation, which could overcome issues with response behavior or response
quality [30]. Other examples include thinking about the current instrumentalization
in education [47], debugging code [61], and clinical decision-making [76].

• Not Applicable (10 occurrences): This category includes papers that were fully re-
viewed but did not discuss any advantages related to the use of ChatGPT in teaching
and learning.

3.2. Disadvantages of ChatGPT in Teaching and Learning

• Quality of Responses and Bias in AI (51 occurrences): Concerns about the accuracy of
ChatGPT’s responses and potential biases in AI models are the most frequently cited
disadvantages. The accuracy of ChatGPT’s responses may not always be reliable, and
there can be biases in the AI model. This requires teachers to double-check information
and discuss these biases with students. Rawas, 2023 mentioned that the potential for
bias in AI implementation must be approached with caution and a clear understanding
of the opportunities and challenges involved [13]. Moreover, Iskender, 2023 argued
that ChatGPT could exacerbate existing biases in education, such as socio-economic
and racial disparities [7]. Tsang, 2023 expressed concerns about the reliability of
ChatGPT due to hallucinations and its training sources, which limit its use as a clinical
support resource and evidence-based research tool [74]. Naidu and Sevnaravan, 2023
emphasized that the quality of the responses provided by ChatGPT are contingent on
the quality of the input received, and it can generate better answers if the questions
and prompts are clear [31].

• Plagiarism and Authenticity (39 occurrences): It is challenging to ensure the originality
and authenticity of content generated by ChatGPT. Moreover, there is a risk that
students might submit ChatGPT-generated text as their own work. Educators need
to emphasize the importance of academic integrity and may need to use plagiarism
detection tools. Indeed, Dalalah and Dalalah, 2023 warned that plagiarism could be-
come commonplace and endanger scientific research, leading to the loss of uniqueness
and creativity in writing and art [63]. Furthermore, Wilby and Esson, 2023 highlighted
ethical concerns regarding academic misconduct, model bias, robustness, and toxic
output [96]. Thomas, 2023 reported that educators are concerned about cheating and
may resort to oral exams [73]. Many are warning students that the use of ChatGPT
will result in a failing grade.

• Error Recognition (17 occurrences): ChatGPT may not always recognize its own errors.
Teachers and students should be aware of this limitation and cross-verify information
with credible sources. For instance, Houston and Corrado, 2023 showed that Chat-
GPT’s proficiency in generating text is best in the language it has been extensively
trained on, namely, English [18]. Its ability to produce quality responses in other
languages may not be as good as its responses in English, and there might be incon-
sistencies or errors in its language generation. Further, the importance of continually
updating AI models with the latest medical knowledge has been emphasized to ensure
that they remain reliable and accurate in the rapidly evolving field of medicine [111].
Failure to do so could cause ChatGPT to provide inaccurate responses. In the context
of programming, Borger et al., 2023 noted that relying on ChatGPT-generated code
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requires users to have a fundamental understanding of programming concepts to
avoid erroneous outputs [84].

• Dependency (15 occurrences): There is a risk of overreliance on AI tools in learning
environments, which can hinder students’ ability to think critically and solve prob-
lems independently. Educators need to balance the use of AI with traditional teaching
methods. For example, Hosseini et al., 2023 warned that clinicians may become overly
reliant on ChatGPT-like systems, putting their clinical reasoning skills at risk [87]. Sim-
ilarly, Marzuki et al., 2023 reported that some educators are concerned that excessive
use of these AI tools for language refinement and idea generation may limit students’
creative thinking and originality [82]. Ratten and Jones [107] expressed concerns about
students relying too heavily on ChatGPT in completing their assignments, impeding
their development of intuitive skills and potentially altering assessment practices.

• Privacy and Data Security (11 occurrences): The use of ChatGPT in education raises
concerns about data privacy and security. Schools and educational institutions must
ensure that they are using AI tools in compliance with data protection laws and
regulations. For instance, Marquez et al., 2023 noted using ChatGPT in education raises
ethical concerns regarding privacy, data ownership, and algorithmic bias [106]. Michel-
Villarreal et al., 2023 argued that is crucial for universities to address data privacy,
algorithmic bias, and responsible use of AI-generated content to avoid skepticism
around the implementation of ChatGPT [67].

• Other (6 occurrences): This includes miscellaneous concerns that do not fit into the
predefined categories. For example, Dergaa et al., 2023 pointed out that this technology
has the potential to generate harmful outputs, such as spam and ransomware, which
is a cause for concern in modern societies [28]. Other examples include environmental
concerns, an inability to be used in highly specialized contexts, and a lack of contextual
and nuanced understanding [6,46,90].

• Not Applicable (14 occurrences): This category includes papers that were fully re-
viewed but did not discuss any disadvantages related to the use of ChatGPT in
teaching and learning.

4. Recommendations

Through this extensive analysis, the authors suggest that ChatGPT should be inte-
grated thoughtfully into curricula, complementing traditional teaching methods rather
than replacing them [24]. This integration should focus on enhancing student engagement
and providing supplementary learning support. To ensure effective integration, educators
should receive training on the technical use of ChatGPT as well as its limitations, including
potential biases and inaccuracies. Such awareness is crucial for guiding students effectively.
Additionally, institutions should establish guidelines for the ethical use of AI tools, em-
phasizing the importance of academic integrity and the prevention of plagiarism. Courses
should include components that teach students how to critically evaluate AI-generated
information, which is a vital skill in the modern digital age, where information is abundant
and varied in quality.

There are different avenues for future studies on the long-term effects of AI tools on
learning processes and outcomes. This research should include diverse educational settings
and consider different student demographics. Moreover, it is crucial to develop policies
within the educational institution that ensure equitable access to AI technologies like
ChatGPT so that all students have equal opportunities to benefit from these advancements.
It is important to balance the innovative potential of ChatGPT with caution and awareness
of its limitations and challenges to support educators and institutions in harnessing the
benefits of AI while mitigating its risks [120].

As an educator, it is important to understand the benefits and limitations of using
ChatGPT in teaching. While ChatGPT can enhance student engagement and provide di-
verse learning materials, it is essential to critically assess its output to avoid misinformation
and plagiarism [53,121]. For policymakers, developing policy guidelines for AI tools in
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education is crucial, including addressing content authenticity, bias in AI, and promoting
critical thinking skills in students who use these technologies [122]. Further empirical
research is needed to determine the impact of ChatGPT and other AI tools on learning
outcomes, student engagement, and the development of critical thinking skills.

5. Conclusions

The analysis of ChatGPT’s benefits and limitations in higher education reveals a
complex landscape. On one hand, ChatGPT’s capabilities in natural language processing,
text generation, and performance evaluation offer significant opportunities to enhance
the educational experience. These aspects align with the increasing interest in adaptive
learning technologies that can provide personalized education experiences. On the other
hand, concerns about the quality and bias of ChatGPT’s responses, plagiarism, and content
authenticity pose significant challenges. These findings resonate with ongoing debates
in educational technology regarding the ethical and practical implications of AI use in
learning environments.
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