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From experience to engagement:
a mixed methods exploration of
learning environments using
artificial intelligence and
extended reality

Mohammad Hmoud*, Wajeeh Daher and Abedalkarim Ayyoub

Faculty of Educational Sciences, An-Najah National University, Nablus, Palestine

Student engagement significantly influences academic success, motivating
educators to explore innovative technologies to enhance learning environments.
This mixed-methods study systematically investigates the impact of Artificial
Intelligence, Extended Reality, and their combined usage, compared with
traditional learning environments, on high school students’ cognitive, emotional,
behavioral, and social engagement. Utilizing Kolb's Experiential Learning Theory,
this research used a convergent parallel design, combining quantitative
data from 888 students who took part in rigorous non-parametric analyses
and semi-structured interviews with 40 students sampled for qualitative
descriptive thematic analysis. Results indicated that the AI-XR environment
outperformed all other environments across all four engagement categories.
Findings reinforce the synergistic opportunities for learning with Al and XR
when applied in educational environments. The XR environment conceptually
yielded higher levels of emotional and cognitive engagement through the
immersive visualization, while the Al-environment yielded high levels of
personalized adaptive learning pathways for students. Meanwhile, traditional
learning environments led to the lowest engagement levels, due to their passive
and non-interactive teaching nature. These findings reveal the transformative
power of combining Al and XR technologies, offering essential implications
for teachers, policymakers, and instructional designers committed to fostering
deeper and broader student engagement in the context of digitally enriched
educational systems.

KEYWORDS

student engagement, experiential learning, artificial intelligence, extended reality,
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1 Introduction

Student engagement is an essential element to obtain academic achievement and
effective learning experiences. Engagement includes cognitive, emotional, behavioral, and
social dimensions, and is a predictive factor of academic performance, motivation, efforts,
and persistence (Kahu, 2013; Fredricks et al., 2016; Lei et al., 2018). Conventional teaching
strategies can lack an inclusive engagement model, specifically for those learners who
can best engage in digital formats. In this regard, educational researchers have begun to
investigate new technologies, specifically, Artificial Intelligence (AI) and Extended Reality
(XR), to support the development of more friendly, customized, and stimulating learning
environments (Merchant et al., 2014; Chen et al., 2020).
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AT technologies, which include adaptive learning systems
and intelligent tutors, provide adaptive instructional pathways
predicated on learner data, and possibility increasing motivation
and deep engagement (Roll and Wylie, 2016; Zawacki-Richter
et al,, 2019; Chiu et al,, 2023). In contrast XR technologies such
as Virtual Reality (VR) and Augmented Reality (AR) provide
immersive, and powerful experience-based learning opportunities
to enhance emotional and cognitive engagement by placing learners
in realistic, interactive scenarios (Radianti et al., 2020; Hamilton
et al., 2021; Hmoud et al., 2023). While both AI and XR have
demonstrated promise overall in promoting engagement, there
remains limited empirical evidence investigating their comparative
and combined engagement effects across the multidimensional
construct of engagement.

Based on Kolb's Experiential Learning Theory (LTE) (1984),
this research explores how AI and XR environments support
learner engagement by following the experiential learning
cycle: concrete experience, reflective observation, abstract
conceptualization, and active experimentation. Kolbs theory
indicates that engaging learning can happen in contexts where
learners experience, reflect, and use their knowledge. These
principles indicate that immersive and adaptive technologies may
fit with and enhance experiential learning methods (Kolb and
Kolb, 2017).

To fill this gap, the current study utilized a mixed-methods
design to analyze engagement that reflected cognitive, emotional,
behavioral, and social engagement for high school students in
four instructional settings (traditional, AI, XR, and AI-XR).
The quantitative strand was to compare the engagement of
the four different groups in these four instructional settings,
while the qualitative strand sought to determine students’
perceptions and lived experiences in the technology-mediated
learning environments. The findings of this study will enhance
knowledge of how advanced educational technology can support
multidimensional engagement. This study will also systematically
compare the specific learning environments and afford student
voice(s) to advance teacher, designer, and policy-maker decisions,
in order to enhance engagement in digitally rich classrooms.

Despite the increasing interest surrounding AI and XR
technologies in education, research comparing their individual
and combined effects on multidimensional components of student
engagement in secondary level settings, remains limited. To address
this gap, the present study adopts a mixed methods approach and
is guided by the following research questions:

1.1 Overall research question:

How do different learning environments (Traditional, AI, XR,
and AI-XR) influence high school students’ engagement?

1.2 Quantitative sub-question (RQ1la):
Are there statistically significant differences in cognitive,

emotional, behavioral, and social engagement among students
exposed to Traditional, AI, XR, and AI-XR environments?
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1.3 Qualitative sub-question (RQ1b):

How do students describe their engagement experiences within
AJ, XR, and AI-XR learning environments?

2 Literature review and theoretical
framework

2.1 Experiential learning theory

Kolb’s Experiential Learning Theory (ELT) describes a holistic
process of learning we engage in and reflects on our experiences.
Kolb (1984) described learning as a dynamic cycle, reclaimed
in four stages: concrete experience (CE), reflective observation
(RO), abstract conceptualization (AC), and active experimentation
(AE). Learning happens effectively when learners are able to
engage in all four learning stages and alternate between action
and reflection, through concrete and abstract thinking. Learning
through experiences is cyclical in nature and learners create
knowledge when experiencing and purposely critically reflecting on
those experiences (Kolb, 1984; Kolb and Kolb, 2005, 2017).

Within the field of educational technology, ELT provides a
particularly fruitful theoretical framework for understanding how
digital tools can deepen engagement. Technologies such as Al
and XR are naturally suited for Kolb’s stages. For instance, XR
environments offer realistic simulations that can be immersive
(CE) and prompt students to reflect on relevant situations (RO),
infer what to learn, and abstract principles (AC) before applying
what they learn through real-world (AE) or interactive experiences
(Radianti et al., 2020; Hmoud et al., 2023; Crogman et al., 2025).
Likewise, AT will foster active experimentation by adapting tasks to
learners’ responses and providing feedback in a personalized way
that creates iterative learning cycles (Roll and Wylie, 2016; Feijoo-
Garcia et al,, 2025). These affordances suggest ELT will be a viable
lens for analyzing AI and XR while providing a rich view of the
multidimensional aspects of engagement (Hamilton et al., 2021).

In addition, ELT informs the present study’s inquiry into
the role different learning contexts play in cognitive, emotional,
behavioral, and social engagement. Cognitive engagement
is informed by opportunities for abstract conceptualization,
emotional engagement by experiences that are meaningful
and immersive, behavioral engagement by students actively
participating in learning activity, and social engagement by
engaging in collaborative reflection and experimenting together
(Fredricks et al., 2016; Cardenas-Sainz et al., 2023). While this study
is situated in Kolbs theory, we ensure that student engagement
is examined as one psychological or behavioral outcome of
learning and also considered as a component of experiential
learning processes provided by the innovative educational
technologies employed.

2.2 The role of Al and XR in education

A complete revolution in education practice has been provided
by Artificial Intelligence through personalized and adaptive
learning experiences that reflect the unique cognitive abilities and
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learning preferences of individual students. Learning systems based
on artificial intelligence can analyze extremely large datasets to
improve and adjust educational material and teaching practices
to optimize levels of engagement and students’ learning outcomes
(Hmoud et al., 2024; Wang et al., 2024; Feijéo-Garcia et al., 2025).
Al-based learning systems can also provide time-sensitive feedback,
tailored remediation, and purposeful and engaging experiences that
enhance the effectiveness of the learning process (Shaik et al., 2022).
AT further facilitates next-generation data analytics in education.
Educators can quickly and precisely identify learners who are at
risk for not being successful and support their learning by providing
interventions to improve their learning outcomes (Zawacki-Richter
etal., 2019).

Extended Reality, which includes the spectrum of Virtual,
Augmented, and Mixed Reality, enhances AI to provide deep
immersive interactive environments for students that reach
them through experiential learning. XR provides students the
opportunity to investigate scenarios and concepts that would be
difficult or impossible to realize in the traditional classroom setting
and promotes comprehension, critical thinking, and retention
(Radianti et al., 2020; Cardenas-Sainz et al., 2023). For instance,
VR simulations enable students to interact with historical events,
and/or complex scientific phenomena, to integrate theoretical
concepts with past experience (Crogman et al., 2025).

An important benefit of XR is its ability to enhance student
engagement in cognitive, emotional, social, and behavioral aspects.
Students in XR environments will typically experience an increased
amount of curiosity and motivation, which enhances cognitive
processing and retention of educational material (Percuku and
Minkovska, 2022). XR technologies also foster collaborative
learning, i.e., students are able to interact and solve problems
together in a virtual environment while working on their social
skills and teamwork (Merchant et al., 2014; Chung et al., 2021).

The integration of AT and XR multiplies educational advantages
through interactive and individualized immersive learning
experiences. Al can enhance the XR environment with Intelligence
support systems, permitting adaptive guidance based on student
interaction and performance in virtual environments (Reiners
etal., 2021). The opportunities this partnership opens permit rapid,
personalized feedback, and adaptive learning trajectories, thus
increasing students’ engagement and satisfaction. As an instance,
Al-powered environments with virtual tutors can interact with
students in an easy manner within XR environments, guiding
students through complex tasks, adjusting the difficulty as students
engage, and providing contextualized interactive feedback (Divekar
etal., 2021).

While the use of AI and XR has great potential to
disrupt traditional modes of education, effective forms of
specialists are often more nuanced and challenging in educational
contexts. For example, the high costs and technical difficulties
of technologies are issues. In addition, educators and institutions
must articulate any valuable educational benefit while considering
the risks of reliance on technology to promote pedagogy.
Finally, data privacy and ethical considerations around the
use of some student data are perennial considerations in the
application of technology in education (Akgun and Greenhow,
2021; UNESCO, 2021). The successful resolution of these
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challenges is essential for the successful equitable access to
and deployment of AI and XR technologies in diverse settings
within education.

2.3 Dimensions of student engagement

Student engagement is a measure of how much motivation
students have to be fully involved in the learning process, which
is demonstrated through participating and collaboration with
each other as well as their professors (Fredricks et al., 2016).
Engagement is most frequently defined as the quality of effort
that students cognitive commit to learning in the course of
participating in their academic activities and in pursuit of the
desired educational outcomes (Lewis et al., 2011; Groccia and
Buskist, 2018). Christenson et al. (2012) describe engagement as
the involvement of the learner in tasks and activities that fosters
learning while not engaging in behaviors that inhibit sustained
academic learning effort.

Skinner et al. (2009) categorized engagement into three
distinct dimensions: behavioral engagement, including consistent
learning, focused effort, and attention; emotional engagement,
which represents interest and excitement about learning; and
cognitive engagement, which includes challenge, autonomy, and
actively working on the task. Appleton et al. (2006) also refer
to emotional and psychological (cognitive) engagement as similar
concepts that can be considered together. These definitions reveal
that engagement moves from observable aspects of behavior
to cognitive and emotional depths. Engagement also spans all
curricular learning activities, such as time on task, effort exerted,
and learning strategies, to extracurricular experiences such as
community service and attendance at non-academic experiences
(Lee et al., 2019).

According to Marks (2000), behavioral engagement consists
of observable traits such as effort put into learning and
achievement academically. Emotional engagement refers to the
emotional reactions of learners toward learning activities such
as enjoyment, boredom, or interest. Finn (1989) described
a two-factor engagement model with behavioral factors (e.g.,
participation) and affective factors (e.g., identification) that
describe behavioral engagement as action as a participant in
learning, such as asking questions and turning in work, and
emotional engagement as an individual’s belonging and sense
of self or identity within the academic environment (Lee et al,
2019).

Moreover, cognitive engagement pertains to the efforts of
students to think and implement mental strategies as they
become acquainted with, and subsequently learn, a task or
academic task (Lewis et al, 2011). Cognitive engagement is
associated with academic performance and is typically measured
through, for example, confidence in learning and assessment
scores (Handelsman et al, 2005). This multifaceted view of
engagement distinguishes this component as a critical piece of
inquiry into the ways in which students engage with and learn
from innovative and emerging learning environments involving AI
and XR.
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2.4 The effects of Al and XR on student
engagement

In recent years, the research community has begun to identify
AT and XR as important facilitators of student engagement in
education. They are changing the way instruction is delivered and
impacting students’ experience in terms of cognitive, emotional,
behavioral, and social engagement during their respective learning
processes. Al innovations such as adaptive learning systems,
chatbots, and predictive analytics facilitate personalized and
responsive learning paths that promote learners’ perceptions
of relevance, autonomy, and competence (Wang et al., 2024;
Feijoo-Garcia et al, 2025). Similarly, XR technologies create
emotionally meaningful and physically engaging experiences
in immersive simulations and interactive visual worlds that
can capture and sustain learners attention, curiosity, and
intrinsic motivation (Radianti et al, 2020; Crogman et al,
2025).

Research shows that AI and XR have the opportunity to
promote multiple dimensions of engagement with students.
For example, Al-enhanced immersive learning environments
have positively influenced behavioral engagement when
technology increased the learners’ persistence and attention
levels through intelligent feedback, anecdotes, and game-
based elements (Almufarreh, 2024; Hmoud et al, 2024).
Additionally, XR technologies emotional and

social

influence

engagement dimensions through immersiveness,

keeping learners engaged with the dynamic experience

while also encouraging collaborative empathy, excitement,
and peer exchanges (Hamilton et al., 2021; Hmoud et al,
2023). Immersive environments allow learners to participate
that

challenges, promoting a deeper reflection and a more authentic

in simulations or experiences embody real-world
learning experience.

When AI and XR are united, they present a synergy of
instructional innovation that enhances the engagement in all
domains. The use of adaptive intelligence paired with experiential
immersion allows for a learning experience that is personalized
and deeply engaging. Research shows hybrid environments support
higher-order thinking skills, motivation, and collaboration. For
instance, in AI-XR environments, students are given personalized
prompts or adaptive scaffolding while engaged in immersive tasks
that enhance strategic learning and affective involvement. This
dual mechanism fosters a profound learning encounter and helps
make abstract content more tangible and learning outcomes more
meaningful (Reiners et al., 2021; Hirzle et al., 2023; Prada, 2023;
Rocca, 2024).

As advanced technology continues to permeate education,
understanding how engagement is influenced within AI and
XR environments will become ever more essential. This study
aims to add to this conversation by examining how AI, XR,
and AI-XR learning environments predict engagement in the
cognitive, emotional, behavioral, and social dimensions of high
school students. Findings offer evidence-based lessons about how
technology-enhanced instruction may support deeper engagement
in learning and better students’ academic experience overall.
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3 Methods

3.1 Research design

This study employed a convergent parallel mixed-methods
design to explore the effects of four learning environments—
Traditional, AI, XR, and AI-XR—on high school students’
engagement across cognitive, emotional, behavioral, and social
dimensions. The quantitative component utilized an experimental
design with cluster random sampling to support the generalizability
of results and reduce selection bias. Simultaneously, the qualitative
component incorporated semi-structured interviews to provide
contextual depth and insight into students’ experiences. This
methodological triangulation allowed for the integration of
numerical trends and narrative meaning, strengthening the study’s
overall validity (Teddlie and Tashakkori, 2009; Creswell and Clark,
2017).

This mixed-methods approach was particularly suitable
for addressing the multidimensional nature of engagement
and capturing both the measurable outcomes and subjective
experiences related to AI and XR technologies. The two data
strands were collected, analyzed separately, and then merged
during interpretation to cross-validate and enrich the findings.
Figure 1 illustrates the convergent parallel mixed-methods
design employed in this study, showing the separate collection
and analysis of quantitative and qualitative data, followed by
integration during interpretation.

3.2 Participants and sampling

The quantitative sample consisted of 888 students from four
high schools in Jerusalem, each randomly assigned to one of the
four learning environments. The sample was distributed as follows:
traditional (n = 234), Al (n = 225), XR (n = 218), and AI-XR
(n = 211). A multistage cluster sampling approach was applied,
randomly selecting schools and assigning intact classrooms to one
of the four experimental conditions. While randomization was
prioritized, care was taken to include a range of schools from
different districts and school types to promote diversity across
gender, academic performance levels, and geographic locations
(Lohr, 2021).

For the qualitative phase, 40 students were selected through
purposive sampling, ensuring maximum variation across the
four instructional environments, school type, and gender. Ten
participants were chosen from each group (n = 10 x 4), and
interviews continued until data saturation was reached. This
sample size is consistent with qualitative research standards for
thematic analysis and ensures sufficient depth without sacrificing
manageability (Creswell and Creswell, 2017).

3.3 Intervention design

All participants in this study engaged with the same
curricular content in science and humanities subjects; however,
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FIGURE 1
Convergent parallel mixed methods design.

the mode of instructional delivery differed across the four
experimental groups. The Traditional group received instructor-
led lessons using conventional tools such as printed textbooks,
whiteboards, and PowerPoint presentations. The AI group
learned through intelligent tutoring systems that offered adaptive
learning pathways, real-time feedback, and analytics powered
by machine learning to personalize instruction. Students in the
XR group engaged with content in immersive environments
using virtual and augmented reality headsets, allowing them to
interact with problem-based scenarios relevant to the curriculum.
The AI-XR group experienced a hybrid model that combined
adaptive Al features with XR’s immersive simulations. This
integrated approach followed Kolb’s experiential learning cycle by
facilitating real-time feedback, reflective engagement, and hands-
on learning. The intervention spanned 6 weeks, comprising 18
instructional sessions, with approximately three 45-min weekly
lessons. To ensure consistent implementation across conditions, all
participating teachers underwent specialized training aligned with
the requirements of their respective instructional modality.

3.4 Data collection

3.4.1 Quantitative data collection
Student
multidimensional scale developed and validated by Hmoud

engagement was measured using a 12-item
et al. (2023), targeting cognitive (4 items), emotional (3 items),
behavioral (2 items), and social (3 items) engagement. The Full
instrument is provided in Appendix A. Responses were collected
on a 5-point Likert scale ranging from 1 (strongly disagree) to
5 (strongly agree). A pilot test with 60 students yielded strong
reliability (Cronbach’s alpha = 0.88 overall; subscales ranged from

0.76 t0 0.82).

3.4.2 Qualitative data collection

Semi-structured interviews, lasting 25-40 min each, explored
students’ perspectives on engagement in their respective
environments. Interview guides included open-ended questions
aligned with the engagement dimensions (see Appendix B).
Interviews were conducted in Arabic, recorded, and transcribed
verbatim. A professional translator reviewed English translations

for accuracy (Behling and Law, 2000).
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3.5 Data analysis

3.5.1 Quantitative data analysis

The statistical analysis began with a preliminary check for
outliers and assumption testing. Normality and homogeneity
of variance assumptions were violated, rendering traditional
MANOVA unsuitable. Instead, PERMANOVA (Permutational
Multivariate Analysis of Variance) was selected for its robustness
in handling non-parametric multivariate data. It used 9,999
permutations to test group-level differences in overall engagement
2001).
PERMANOVA was followed by pairwise comparisons to

across the four learning environments (Anderson,
determine where specific differences occurred. In addition,
Kruskal-Wallis tests were conducted for each engagement
dimension individually—cognitive, emotional, behavioral, and
social—supplemented by Dunn’s post-hoc tests with Bonferroni
adjustment to control for Type I error (Conover, 2006; Elliott and
Hynan, 2011). Descriptive statistics and box plots were also used to
illustrate the distribution of engagement scores among the groups.
All statistical analyses were performed using SPSS v26 and R
v4.4.2, ensuring cross-platform validation of findings. Effect sizes
(eta-squared for Kruskal-Wallis and F-values for PERMANOVA)
were reported to indicate the practical significance of the results.

3.5.2 Qualitative data analysis

The qualitative strand was analyzed through thematic analysis
following Braun and Clarke’s (2006) six-phase approach: (1) data
familiarization, (2) initial coding, (3) theme generation, (4) theme
review, (5) theme definition, and (6) report production. Transcripts
were initially coded using an inductive approach, allowing natural
patterns and themes to emerge, followed by deductive coding
guided by the four predefined engagement dimensions (Hmoud
etal., 2023). A codebook was constructed during the initial coding
phase to systematically capture emergent codes, their definitions,
and representative excerpts. It was refined iteratively through
ongoing thematic analysis and collaborative discussions among the
research team. Table 1 below summarizes the finalized codes and
their alignment with the engagement dimensions.

MAXQDA 2020 supported data coding through its structure,
allowing the researcher to recognize the categories and quantify
the frequency of emerging concepts. Therefore, the initial
coding phase involved assigning codes to emerging concepts

frontiersin.org
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TABLE 1 Coding book.

Theme

Cognitive engagement

Definition
The degree to which
students focus, process

information, and apply
knowledge.

Illustrative quote

“Using this technology, I
can think critically and
find solutions
independently.”

Behavioral engagement

Students’ visible effort,
task completion, and
persistence in learning
activities.

“It makes me more
engaged in class and
encourages me to
complete tasks actively.”

Social engagement

The extent of student
participation,
collaboration, and peer
interaction.

“We had to
communicate and think
as a team.”

Emotional engagement

Students’ positive
emotional responses to

the learning experience.

“This learning
experience was exciting
and enjoyable.”

TABLE 2 Themes, categories, and codes used.

Theme Category Codes
Cognitive Cognitive Deeper understanding, 3D visualization,
engagement processing Al tracking progress, enhanced memory
retention
Cognitive Overwhelming at first, too much
overload information, adaptation required, steep
learning curve
Emotional Enjoyment Interactive learning, excitement,
engagement adventure-like learning, fun experience,
curiosity boost
Motivation Confidence boost, fear reduction,
motivation increase, self-driven learning,
goal achievement
Engagement Excitement fades over time and long-term
decline over sustainability concerns.
time
Social Collaboration Team-based problem-solving, VR
engagement collaboration
Reduced peer Al replaces peer interaction and reduces
interaction social engagement.
Behavioral Persistence Exploring beyond class, AI-driven
engagement and challenges
exploration
Limited access No access to XR tools at home, limited
outside school engagement

that gave shape to categories. Nine engagement categories
were established and subsequently structured according to the
proposed frameworks. These categories were then reviewed by
the researchers’ consensus to check for their correspondence
with theoretical structures. Following Saldana’s method, data
analysis was done in two coding cycles (Saldana, 2021).
The first cycle included transcribing the interviews, in vivo
coding, line-by-line coding, and incident-by-incident coding
to provide a thorough data-driven analysis. In the second
cycle, theoretical coding included association, categorization, and
classification, were creating meaningful relationships between
codes. The unit of analysis in this study is the “theme,
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meaning the analysis of information took place at the phrase or
sentence level.

Table 2 outlines this
codes. The engagement themes were defined and categorized

study’s themes, categories, and
following Hmoud et al. (2023), the codes and categories were
generated through constant comparative analysis, which involved
continuously reading and re-reading the interview transcripts to
maintain consistency and rigor in the data interpretation.

Findings from the quantitative and qualitative strands were
merged during interpretation using joint display tables, which
allowed for direct comparison and integration of results across
both methods. This process enhanced the explanatory power of
the findings and offered a nuanced understanding of how students
engaged with different instructional environments (Creswell and
Creswell, 2017).

3.6 Trustworthiness

To ensure the rigor and reliability of the qualitative findings,
this study followed Lincoln and Guba (1985) four criteria:
credibility, transferability, dependability, and confirmability.
addressed through
quantitative and qualitative data, peer debriefing, and independent

Credibility was triangulation between
coding by two researchers. Thick descriptions of the study
context, participant characteristics, and instructional settings
supported Transferability. Dependability was maintained
through a clear audit trail of decisions, use of analytic software,
and consistent coding protocols, while confirmability was
strengthened through reflexive journaling and external auditing.
These procedures collectively reinforced the authenticity and
trustworthiness of the qualitative data, ensuring that the findings
are grounded in participant experiences and can contribute
meaningfully to research on engagement in technology-enhanced
learning environments.

4 Results

4.1 Quantitative results

To address RQla “Are there statistically significant differences
in cognitive, emotional, behavioral, and social engagement
among students exposed to Traditional, AI, XR, and AI-XR
environments?” a series of quantitative analyses were conducted,
beginning with descriptive statistics, followed by PERMANOVA
and non-parametric post-hoc tests.

Descriptive analyses revealed that students in the AI-XR group
consistently scored higher across all four engagement dimensions,
followed by XR, Al and Traditional groups. Table 3 presents the
means and standard deviations for each group.

A one-way PERMANOVA was conducted to examine
differences in student engagement dimensions across the four
learning environments: traditional, AI, XR, and AI-XR. Results
indicated significant differences in overall engagement among the
learning environments, F3 g15) = 78.39, R* = 0.22, p < 0.001. The
model explained ~22.4% of the total variance in the data, while the
residual variance accounted for 77.6%.
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TABLE 3 Mean students engagement scores by group and dimension.

Engagement Traditional Al

dimension

Cognitive 3.12(0.62) 3.45(0.58) | 3.67(0.61) | 3.88(0.57)
engagement

Emotional 3.08 (0.65) 3.42(0.63) | 3.81(0.59) | 3.96(0.52)
engagement

Social 3.17(0.67) 3.51(0.60) | 3.72(0.63) | 3.90(0.55)
engagement

Behavioral 3.04 (0.69) 3.48(0.65) | 3.79(0.66) | 3.91(0.60)
engagement

TABLE 4 Student's engagement PERMANOVA and pairwise comparison
results by learning environment types.

Analysis Test. Df  p-value  Effect
statistic size

Overall PERMANOVA ‘ F=7839 ‘ 3,815 ‘ <0.001* ‘ R*=0.22
Pairwise comparisons

1vs.2 F=57.81 - 0.006* R>=0.12
1vs.3 F=28895 - 0.006* R>=0.17
1vs.4 F=188.34 - 0.006* R®=0.32
2vs.3 F=9.87 - 0.012* R>=0.02
2vs. 4 F=67.90 - 0.006* R*=0.15
3vs. 4 F =26.19 - 0.006* R*=10.06

*Permutations = 999. Learning Environment: 1 = Traditional, 2 = Al, 3 = XR, 4 = AI-XR.
p<0.0L

Pairwise comparisons with Bonferroni correction revealed
significant differences between all environment pairs (p < 0.05).
As shown in Table 4, the most significant effect was observed
between Traditional and AI-XR environments (F = 188.34, R? =
0.32, p < 0.001), suggesting substantial differences in engagement
between these environments. The smallest, though still significant,
difference was found between Al and XR environments (F = 9.87,
R*>=10.02, p = 0.012).

The non-metric multidimensional scaling (NMDS) plot
(Figure 2) visualizes the multivariate differences in student
engagement across the four experimental groups by projecting their
positions in a two-dimensional space. NMDS is a robust ordination
technique that simplifies high-dimensional data by preserving the
ranked dissimilarities between data points, thereby offering an
intuitive visual representation of group relationships (Kruskal,
1964). The plot revealed a clear and meaningful spatial separation
among the four learning environments, further supporting the
PERMANOVA findings. The AI-XR cluster was positioned furthest
from the Traditional cluster, reflecting a substantial divergence
in overall engagement profiles. This suggests that students in
the AI-XR condition experienced a uniquely high level of
multidimensional engagement compared to those in conventional
settings. Notably, the AI and XR clusters were closer together,
indicating that their effects on engagement, while distinct, were
relatively similar and less pronounced than those produced by
the integrated AI-XR approach. These spatial patterns underscore
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the synergistic impact of combining adaptive Al features with
immersive XR elements, providing a richer and more effective
learning experience than either technology alone.

The non-parametric Kruskal-Wallis test was conducted
to understand how each engagement dimension (cognitive,
emotional, social, and behavioral) differed across learning
environments. Kruskal-Wallis is appropriate when data are non-
normally distributed or heteroscedastic, making it a suitable choice
for further analysis (Field, 2018). The results confirm that different
learning environments significantly impact all four engagement
dimensions (see Table 5).

Since Kruskal-Wallis is based on ranked data rather than raw
scores, traditional parametric post-hoc tests like Tukey’s HSD or
Bonferroni t-tests are unsuitable. Instead, Dunn’s test is specifically
designed for multiple pairwise comparisons following a Kruskal-
Wallis test while controlling for Type I errors using Bonferroni
corrections (Dunn, 1964; Elliott and Hynan, 2011).

4.1.1 Cognitive engagement

Dunn’s post-hoc comparisons with Bonferroni correction
indicated that students in the AI-XR environment (M = 4.27, SD
= 0.57) reported significantly higher cognitive engagement than
those in the XR (M = 3.79, SD = 0.74), AI (M = 3.81, SD = 0.19),
and Traditional (M = 3.40, SD = 0.69) environments. Additionally,
the AI and XR environments significantly outperformed the
Traditional environment, while no significant difference was
observed between Al and XR (p = 0.572).

4.1.2 Emotional engagement

Post-hoc Dunn’s test revealed that students in the AI-XR
environment (M = 4.32, SD = 0.58) reported significantly higher
emotional engagement than those in the XR (M = 4.12, SD =
0.64), Al (M = 3.85, SD = 0.62), and Traditional (M = 3.09,
SD = 0.87) environments. XR and Al environments significantly
outperformed the Traditional environment, with XR significantly
exceeding Al (p = 0.001). The slightest difference, though still
significant, was between XR and AI-XR (p = 0.08).

4.1.3 Social engagement

Dunn’s post-hoc test showed that students in the AI-XR
environment (M = 4.27, SD = 0.65) exhibited significantly higher
social engagement than those in the XR (M = 3.98, SD = 0.67),
Al (M = 3.72, SD = 0.64), and Traditional (M = 3.45, SD =
0.76) environments. Furthermore, both AI and XR environments
significantly outperformed Traditional, while XR also showed
significantly higher social engagement than AI (p = 0.001).

4.1.4 Behavioral engagement

Dunn’s test indicated that students in the AI-XR environment
(M = 4.20, SD = 0.62) exhibited significantly higher behavioral
engagement compared to XR (M = 3.87, SD = 0.79), Al (M = 3.74,
SD = 0.62), and Traditional (M = 3.22, SD = 0.91) environments.
Additionally, AT and XR significantly outperformed the Traditional
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NMDS Plot of Engagement Variables by Tool Used
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NMDS1

NMDS visualization of student’'s engagement differences across learning environments. Greater distance between clusters reflects greater
dissimilarity in engagement profiles. The Al-XR (4) group is most distinct from Traditional (1), while Al (2), and XR (3) show partial overlap.
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TABLE 5 Kruskal-Wallis test results for student’s engagement dimensions.

Engagement dimension X2 Df p

Cognitive engagement 166.56 3 <0.001"*
Emotional engagement 241.96 3 <0.001**
Social engagement 141.08 3 <0.001**
Behavioral engagement 135.44 3 <0.001**

**All tests used Bonferroni correction.
p < 0.001.

environment, while XR showed significantly greater behavioral
engagement than AI (p = 0.016).

Figure 3 illustrates the Estimated Marginal Means (EMM:s)
plots for Cognitive, Emotional, Social, and Behavioral Engagement
across different learning environments. To enhance clarity, 95%
confidence intervals and standard error bars have been added.
These allow for a more precise comparison of engagement levels
across groups and highlight significant differences. Across all four
engagement types, students in the AI-XR learning environment
consistently outperformed those in XR, AI, and Traditional
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learning environments, reinforcing the value of combining
immersive and adaptive technologies.

The estimated marginal means for the AI-XR environment
were the largest in four groups and consistently remained
significant during analysis. Emotional and behavioral engagement
scores were the lowest in all cases, and the Traditional environment
group (1) scored consistently. Both the AI (2) and XR (3)
environments achieved moderate scores, sometimes outscoring the
Traditional environment, yet comparable statistically to each other
at the same dimension. Error bars in all plots denote confidence
intervals and reflect that AI-XR results are more stable and steadily
more significant regarding engagement scores.

4.2 Qualitative results

To answer RQ1b “How do students describe their engagement
experiences within A, XR, and AI-XR learning environments?”
semi-structured interview data were analyzed thematically. The
emerging themes are organized under the four dimensions of
engagement. Thematic analysis revealed four significant themes
consistent with the engagement framework: cognitive, emotional,
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behavioral, and social engagement. The word cloud in Figure 4
shows the codes with more frequency in the interviews coding for
students’ engagement.

4.2.1 Theme 1: cognitive engagement
Cognitive engagement refers to students’ ability to focus,
process information, and apply knowledge effectively.

4.2.1.1 Cognitive processing

Students in the XR environment reported a greater
comprehension of abstract concepts, attributing it to the
technology’s immersive and interactive features. “I could see
the heart and its chambers in 3D, instead of only viewing flat
diagrams in textbooks. This enhanced my ability to remember and
explain it later” (Participant 7, XR group) Students mentioned
that AI adaptive learning systems enabled them to monitor
their progress, rectify mistakes, and manage their learning more
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efficiently. “With AI, I received immediate feedback on my
mistakes and the reasons behind them. I had the opportunity to
retry questions until I fully grasped the concepts” (Participant 10,
Al group). While XR enhances comprehension via visualization
and interactivity, Al fosters self-regulated learning by providing
timely, tailored feedback.

4.2.1.2 Cognitive overload

Ensure students do not face cognitive overload when exploring
Al and XR environments. The sheer volume of new information
and interactive elements created a challenging learning curve. “At
first, it felt overwhelming—so much information at once. But after
a few lessons, I got used to it” (Participant 2, AI-XR group).
Conversely, traditional learners demonstrated reduced cognitive
involvement, perceiving their educational experience as passive
and lacking interactivity. “It was memorizing facts and attending
lectures. It did not feel like I was critically thinking or interacting
with the material” (Participant 3, Traditional group). This shows
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the balance between interactive and passive learning styles. While
AT and XR may present initial cognitive challenges, they foster
deeper engagement and critical thinking over time. Traditional
methods, though more comfortable, can limit active participation,
impacting long-term retention, and satisfaction.

4.2.2 Theme 2: emotional engagement
Emotional engagement is defined by students’ enthusiasm,
motivation, and feelings of connection to the learning material.

4.2.2.1 Enjoyment

Interviewees often credited this to these tools’ engaging and
hands-on characteristics. “It felt more like an adventure than a
lesson. I looked forward to learning every day” (Participant 3, Al-
XR group). Students reported that XR-based learning felt more
like an adventure than a lesson, making the learning experience
enjoyable. “Using XR was like an adventure—it felt like I was inside
the body, not just reading about it” (Participant 5, XR group).
This shows how XR and AI-XR provide a compelling learning
environment to keep learners engaged, encouraging a level of
engagement sufficient to ensure motivation for deep participation.

4.2.2.2 Motivation

Students expressed greater confidence and motivation when
utilizing Al as it lowered their fear of failure by enabling them to
practice and enhance their skills at their own pace. “Al quizzes were
fun because I could keep trying until I got better. I was not afraid
of making mistakes” (Participant 8, AI group). It shows confidence
and motivation from the Al that develops an even less risky climate
for learning.

4.2.2.3 Engagement decline over time
However, although students showed initial excitement, some
expressed concerns about sustaining motivation in the long run.
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“At first, it was exciting, but I wonder if it will still feel this
way after months of use” (Participant 2, XR group). Traditional
learners, in contrast, expressed lower emotional engagement,
describing the learning experience as passive and monotonous.
“It was just listening to lectures and taking notes. There was not
much to get excited about” (Participant 1, Traditional group). This
indicates that although XR arouses initial enthusiasm, sustaining
it seems complicated, unlike traditional learning, where emotional
engagement does not exist.

4.2.3 Theme 3: social engagement
Social engagement involves collaborative learning and
peer interaction.

4.2.3.1 Collaboration

Students in an XR environment participated in collaborative
team problem-solving activities, enhancing communication and
teamwork. “In VR, we had to work together to solve problems.
We had to communicate and think as a team” (Participant
10, XR group). AI Chabot’s and Al-based discussion Forums
also facilitated a sense of community. “With AI Chabots and
discussion forums in magic school, I felt like I was part of a
learning community, not just studying alone” (Participant 9, Al
group). This highlights how XR and AI improve collaboration
and community, creating a more interactive and socially engaging
learning experience.

4.2.3.2 Reduced peer interaction

Some students indicated that Al tools occasionally substituted
peer interactions, resulting in unexpected social isolation.
“Sometimes I just asked Al instead of my friends, so I talked less
to my classmates” (Participant 5, AI group). In contrast, some
students in the Traditional group noted a lack of peer interaction,
as learning was often individualistic and lecture-based. “There
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TABLE 6 Integrated mixed methods results.

Quantitative findings

(PERMANOVA and
Kruskal-Wallis results)

Qualitative findings (Interview
themes)

10.3389/feduc.2025.1617132

Mixed methods interpretation

=4.12) and AI (M = 3.85); Traditional was
the lowest (M = 3.09).

Cognitive AI-XR yielded the highest cognitive Students reported that XR enhanced their Both methods suggest AIXR leads to the
engagement engagement (M = 4.27), followed by XR (M understanding of abstract concepts, while AT highest cognitive engagement; qualitative
= 3.79) and AI (M = 3.81); the traditional facilitated adaptive learning. Traditional data supports XRs effectiveness for
environment was the lowest (M = 3.40). learning was perceived as passive. conceptual understanding and AI for
self-paced learning.
Emotional AI-XR led to the highest emotional Students found XR immersive and Al adaptive, Both methods confirm that AIXR and XR
engagement engagement (M = 4.32), followed by XR (M but some expressed concerns over long-term foster emotional engagement, with

engagement sustainability. Traditional learning
was described as monotonous.

qualitative insights raising questions about
long-term motivation.

Social engagement AI-XR demonstrated the highest behavioral
engagement (M = 4.20), followed by XR (M
= 3.87) and Al (M = 3.74); traditional was

the lowest (M = 3.22).

XR promoted teamwork, and AI Chabot’s
facilitated discussions, but AI sometimes
reduced peer interaction. The traditional
environment lacked collaboration.

Both methods agree that AIXR and XR
encourage social engagement, while AT
showed mixed effects, enhancing individual
engagement but occasionally limiting peer
interaction.

Behavioral
engagement

AI-XR showed the highest behavioral
engagement (M = 4.04), followed by XR (M
=3.83) and Al (M = 3.77); traditional was
the lowest (M = 3.14).

XR encouraged exploration beyond class, and AI
adaptive tasks increased persistence; the
traditional environment led to passive learning.

Both methods indicate that AIXR and XR
promote behavioral engagement, while AI
fosters persistence.

was not much teamwork involved. It was mostly just listening
and writing” (Participant 2, Traditional group). This indicates
that, although AI boosts learning efficiency, it might lessen peer
interaction, akin to the solitary aspect of conventional learning.

4.2.4 Theme 4: behavioral engagement
Behavioral engagement refers to students’ participation levels,
task completion, and classroom interactions.

4.2.4.1 Persistence and exploration

Students utilizing XR tools exhibited greater self-directed
exploration. “I kept exploring different parts of the cell in XR,
even after class. It made me wants to learn more” (Participant 6,
XR group). Similarly, Al-driven challenges motivated students to
continue practicing beyond classroom hours. “Al challenges made
me want to keep practicing, even outside of class” (Participant 1,
Al group). This emphasizes how XR and Al promote self-directed
learning, nurturing curiosity, and prolonged involvement outside
the classroom.

4.2.4.2 Limited access outside school

A concern about equity arose regarding students’ access to
XR tools outside school, impacting their engagement beyond class
hours. “I do not have a VR headset at home, so I could not review
the lesson later” (Participant 8, XR group). Traditional learners,
in contrast, described lower persistence and engagement, often
attributing it to a lack of interactivity. “If I did not understand
something, I would move on rather than trying to figure it out”
(Participant 4, Traditional group). This shows how access barriers
can restrict the benefits of XR, whereas conventional learning may
hinder persistence because it lacks interactivity.
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4.2.5 Mixed-methods results

This was a convergent mixed-method design that used
quantitative methods, including PERMANOVA and Kruskal-
Wallis Results, and qualitative methods, such as Thematic
Analysis, to provide an overall understanding of how different
learning environments (Traditional, AL, XR, and AI-XR) influence
engagement among students. Combining statistical trends with rich
participant narratives enhances these findings’ validity, depth, and
context. Table 6 summarizes the results.

5 Discussions

Differences across the four learning environments regarding
engagement become apparent. In comparison, the traditional
classroom vyielded the least engagement, owing to the inertness
of teaching and low interactivity. In contrast, Al-based learning
enhanced engagement moderately through personalized feedback
and adaptive pathways, although it remained considerably more
limited than extended reality in providing complex social-
emotional interaction. In contrast, XR had an immense impact
on engagement because of immersive and active engagement of
students in an environment that could engage cognitively and
emotionally. Most significantly, the AI-XR combined condition
provided the most significant engagement as it merged AI with the
experiential immersion of XR. AI-XR is the balance of structured
guidance for AIE learning and its interactive process.

This research reveals that these engagement models correlate
with previous works on XR-based learning environments. These
are places for hands-on experimental learning: they make the
involvement of students 10 times higher with XR environments
(Radianti et al, 2020; Hmoud et al., 2023). Similarly, Al-based
adaptive learning may foster cognitive engagement, but it is still
far away from the engagement XR brings (Feijoo-Garcia et al,
2025). Furthermore, it was stated in the research that combined
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Al-based personalization and XR-based immersion contributes
most to engagement on various factors (Kluge et al., 2022).

5.1 Cognitive engagement

Cognitive engagement was the strongest in AI-XR and XR
conditions; these students had longer attention spans, deep
information processing, and more efficient problem-solving when
compared to the other conditions. While Al-based learning did
provide some structure to cognitive engagement, as the latter
helped students stay focused and process information more
efficiently, it did not match up with XR conditions. On the other
hand, cognitive engagement was the least in the traditional lecture
style because passive instruction was usually not interesting enough
to catch students” interest in deep learning. Both the quantitative
and qualitative results demonstrated that these patterns existed.
Statistically, the students in AI-XR exhibited the most significant
cognitive engagement scores: Kolbs ELT states that learning occurs
best with active experimentation and concrete experience (Kolb,
1984).

Qualitatively, the AI-XR students talked about how they could
tinker with information and use it in real-life scenarios. This
enabled them to engage with and make sense of the information
they were learning interactively. On the other hand, some students
in the Al learning environment complained that the structured and
guided learning method was functional but limited the students’
opportunities to explore topics freely. That sentiment seems
consistent with Sweller’s Cognitive Load Theory. (Sweller, 2011),
which states that over-scaffolding the learners does not allow them
to explore freely, thus hindering deep learning as the cognitive load
goes beyond capacity.

5.2 Emotional engagement

Emotional engagement followed a similar pattern, peaking
in the XR and AI-XR environments and dropping to its lowest
in the traditional setting. Students in XR and AI-XR reported
significantly higher motivation, excitement, and curiosity, thanks
to the immersive and interactive nature of these experiences.
Al-based learning provided emotional engagement by offering
personalized feedback and adaptive learning paths that could spark
interest. However, it did not match the level of immersion and
excitement that XR offered. In the traditional environment, many
students felt disconnected from the material, resulting in the lowest
emotional engagement levels. Differences are discussed under Self-
Determination Theory, which explains that there are environments
where people tend to become more emotionally committed to
their learning because of how autonomous and meaningful the
learning becomes (Deci and Ryan, 1985). According to these lines,
previous studies indicate that XR plays an important motivating
and curious role by letting students engage in interactive learning
activities; that is, the emotional part of learning becomes more alive
(Kluge et al., 2022; Hmoud et al., 2023; Jayadurga and Rathika,
2023).
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Qualitative evidence served further to illustrate these trends.
XR-based classes saw students who said they were emotionally
connected to the subject matter because they had vividly and
interactively simulated real-world situations. On the other hand,
the AI-only settings were appreciated for the personalized attention
that they gave, yet in many instances, the students did find
themselves lacking in the excitement and emotional involvement
that one could feel during the actual classes. Hence, Al can,
to some extent, make learning enjoyable, although unless we
introduce more interactive and experiential components, it will not
evoke emotion in students. Cao and Jian (2024) noted that pure
AT learning enhances personalized instruction, yet such learning
never gives rise to the emotional engagement generated by rich
interactive environments.

5.3 Social engagement

Social engagement was also highest in the XR and AI-XR
conditions and lowest in the traditional setting. Students in the XR
and AI-XR learning environments spend enough time working in
collaboration, peer discussions, and group simulations. This helps
them feel more engaged and proactive in their learning process. In a
nutshell, AI-based learning promotes formal social interaction (like
online discussion forums or Al-driven peer feedback). Still, several
have commented on how the interaction here felt mechanically and
less spontaneous than the traditional XR collaboration. Traditional
settings, on the other hand, limit interaction only to lecturing and
student assignments. Students have no interaction with their peers
and feel ignored and unengaged.

This variation in social engagement aligns with the relatedness
component of Self-Determination Theory: learners engage more
deeply when they feel a sense of connection and belonging in
their learning environment (Deci and Ryan, 1985). Prior studies
have supported this notion that interactive, technology-enhanced
environments improve peer collaboration and knowledge co-
construction (Mayordomo et al., 2022). This variation in social
engagement aligns with the relatedness component of Self-
Determination Theory: learners engage more deeply when they feel
a sense of connection and belonging in their learning environment
(Deci and Ryan, 1985). Prior studies have supported this notion
that interactive, technology-enhanced environments improve
peer collaboration and knowledge co-construction (Mayordomo
et al, 2022). Thus, Al-driven virtuality can make virtual social
interactions more interactive (Feijoo-Garcia et al., 2025). The
qualitative data supported these observations. Students in the XR
and AI-XR groups often expressed that collaborative work in the
virtual simulations or joint assignments increased their engagement
because they got to discuss and solve real-time problems with
classmates. Students in an Al learning environment have realized
the benefits of Al conversation prompts that guide them to work
together online. Still, some of them regretted not being with friends
or working in person with a group that allows interaction in its
original form. A study by Tang (2024) noted that AI could support
teamwork in many respects but would still be less likely to simulate
real-life interactions or motivate a group to come together and
share ideas.
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5.4 Behavioral engagement

Behavioral engagement was most prevalent in XR and AI-XR,
but it was almost the opposite in the traditional way. XR and AI-
XR environments had high levels of behavioral engagement from
students: the students had high motivation. They were engaged
in activities, with a more significant time for persistence under
problems due to the interactive and exciting character of the
problem-solving process. Students were motivated by Al learning
as it generated problems adaptively and offered quick feedback on
results, so they were prompted to apply them. Nevertheless, it was
not as visible as it was in XR settings. On the other hand, the level
of engagement in a regular class tended to be low: most students
engaged in activities out of necessity rather than volition. This was
accompanied by a minimal likelihood of students taking initiative
or staying focused without such outside prompts.

The patterns of interactivity and gamification, introduced to
boost class participation, have been well-studied in recent years by
previous studies (Katyara et al., 2022). Kolb’s ELT says interactive
learning in a hands-on environment allows students to test,
improve, and apply what is learned; therefore, commitment and
persistence may rise. The behavior engagement trends among the
students, which were strengthened by their reflective statements,
were reflected in the findings. Students of the AI-XR group were
stimulated by deep engagement with the real-time feedback given
by AI plus immersive XR. As a result, students found themselves
capable of making choices, pushing through tasks, and not giving
up in challenging moments. Students instructed with traditional
teaching strategies would express disengagement or motivational
feelings; thus, their motivation did not extend beyond surface-level
participation. A few AI-XR members mentioned the frustration
since sometimes the tech could not respond quickly enough
or without smoothness and sometimes got stuck because of a
technology failure. Research results proved to highlight the warning
word of Hirzle et al. (2023), whereby a combination of AT and XR
could enhance behavioral engagement; any technical malfunctions,
e.g., lag from the systems or glitching could nullify such motivation
if it was not appropriately dealt with.

6 Implications, limitations,
recommendations, and conclusions

6.1 Implications of the study

The findings of this study carry important implications for
educational theory, instructional design, and policy development,
especially in integrating artificial intelligence and extended reality
in high school learning environments. The study supports and
extends Kolbs Experiential Learning Theory by showing how
AI-XR environments can stimulate all stages of experiential
learning—concrete experience, reflective observation, abstract
conceptualization, and active experimentation—through adaptive,
immersive, and personalized features. These results suggest that
Al can serve as scaffolding within XR-based experiential learning,
promoting reflection, and conceptual understanding through real-
time feedback and adaptive pathways.
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From a practical standpoint, the study highlights how pairing
adaptive AI systems with immersive XR can create engaging
and inclusive learning environments. Teachers can personalize
instruction through AI while enhancing experiential learning
through XR, promoting student-centered and active learning.
Educational leaders should prioritize investment in infrastructure,
training, and equitable access to ensure effective implementation.
Furthermore, the study recommends a user-centered design of
educational technologies, incorporating features such as adaptive
scaffolding, collaborative tools, and real-time feedback to enhance
cognitive and emotional engagement.

6.2 Limitations

While this study provides valuable insights into the potential
of AT and XR technologies to enhance student engagement, several
limitations must be acknowledged. First, the study was conducted
within a specific educational context involving high school students
in a single geographic region, which may limit the generalizability
of the findings. Other regions’ cultural, institutional, and
socioeconomic factors may vyield different outcomes when
implementing similar technologies. Second, engagement data were
collected shortly after the intervention, raising the possibility of
novelty effects, and the lack of a longitudinal follow-up limits
understanding of the long-term impact on learning retention
and academic performance. Additionally, the study relied on
self-reported data for several measures of engagement, which
may be subject to social desirability bias. Although qualitative
interviews provided rich insights, some participants may have
provided favorable responses due to their enthusiasm for the
new technology. Technological constraints such as occasional XR
hardware glitches and AI responsiveness issues due to network
variability also introduced variability in learner experience. Lastly,
the study focused on specific learner characteristics. It did
not explore other moderating factors such as prior knowledge,
subject matter differences, or teacher influence, which may affect
engagement outcomes.

6.3 Recommendations

Based on the study’s findings, several recommendations are
proposed for educators, policymakers, researchers, and technology
developers. Educators should adopt a blended approach that
leverages AD's adaptive capabilities alongside XR’s immersive
experiences to foster engagement. Teacher training programs
should include strategies for integrating these technologies
effectively while minimizing cognitive overload. Policymakers
should invest in educational infrastructure to support the adoption
of Al and XR, including access to hardware, high-speed internet,
and ongoing technical support. Ensuring equitable access for all
learners—regardless of socioeconomic background—is essential
for maximizing the benefits of these technologies. Researchers
should pursue longitudinal studies to examine the sustained impact
of Al and XR on student engagement and achievement. Future
studies should also explore how these technologies function across
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different subjects and educational levels and interact with other
learner characteristics and instructional strategies. Technology
developers are encouraged to design user-centered, inclusive, and
adaptable platforms that offer real-time feedback, personalization,
and collaborative features that support various engagement
dimensions. These efforts will help establish technology-enhanced
learning environments that are effective, accessible, and sustainable.

6.4 Conclusions

This mixed-methods research adds to the increasing research
into education technology and demonstrates that the use of Al and
XR, especially when combined, has a positive and considerable
influence on student engagement. This research has implications
for theory, practice, and methodology. Theoretically, our results
confirm Kolbs Experiential Learning Theory as a valid theoretical
framework for understanding different forms of engagement,
which advanced technologies can provide in a multidimensional
way. Practically, this work has relevance for practitioners and
policymakers looking to enhance learning environments using
immersive and adaptive technologies. Methodologically, the
convergent mixed methods permitted a detailed, triangulated
understanding of the engagement outcomes and learning
experiences. There are potential avenues for inclusive, interactive,
and authentic learning experiences using AI and XR, which
simply do not emerge when using traditional approaches alongside
revolutionary technology. Looking forward, subsequently research
might consider the sustainable, equitable, and scalable implications
of Al and XR initiatives, with a view to aiming for diverse
contexts implementing these technologies effectively. Recognizing
engagement as both an outcome and an experience living in
practice is a crucial aspect of the study which highlights the
potential Al and XR has to engage learners’ thinking and ultimately
shape the future of learning.
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Appendix A

TABLE A1 Survey instrument used in study.

Engagement Survey statement
dimension
Cognitive I can recall and apply information better after using [] tools
engagement in lessons.
[] technology helped me understand the objectives of the
lessons.
I find it easier to identify and correct mistakes when using
[] tools.
[] tools helped me become more independent in managing
my learning tasks.
Emotional I feel satisfied with the use of [] tools in my lessons.
engagement
Learning using [] technology is more enjoyable for me.
[] technology has increased my motivation to engage with
lessons.
Behavioral [] tools helped me complete lesson tasks more effectively.
engagement
Using [] technology helped reduce distractions and
improved focus during class.
Social [] technology improved my collaboration and discussions
engagement with classmates.
[] tools enhanced my interaction with my teacher during
lessons.
[] technology made it easier for me to ask questions and
share ideas in class.
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Appendix B

TABLE A2 Interview protocol.

Question Interview question Expected
category response
type
Opening Can you describe your overall Descriptive
question experience in the learning environment overview of the
you were assigned to? experience.
Cognitive Can you describe how the learning Descriptive, with
engagement environment (Traditional, AL XR, specific examples
AI-XR) affected your ability to focusand | of focus or
process information? distraction.
How did the learning environment help Example-based,
you understand complex concepts? Can focusing on a
you share a specific example? particular concept.
Did you experience any challenges in Problem-solution
processing information while using Al description.
or XR tools? How did you overcome
them? (For AI/XR users)
Emotional How did you feel about the learning Emotional
engagement experience in your assigned reflection with
environment? Was it enjoyable or reasoning.
motivating?
Were there moments when you felt Example-based,
particularly excited or engaged in the focusing on a
learning process? What caused that? specific moment.
Was the excitement of using these Comparative over
technologies sustained over time, or did time with
it fade? Why? (For AI/XR users) reasoning.
Behavioral How often did you voluntarily engage Frequency-based
engagement with the learning materials outside of with reasoning.
class time?
Did the learning environment Descriptive
encourage you to explore topics or examples of
participate more actively in learning engagement.
activities?
Did you face any challenges accessing Problem-impact
the AT or XR tools outside the description.
classroom? How did that affect your
engagement? (For AI/XR users)
Social How did the learning environment Descriptive of
engagement influence your interaction with peers or interaction
instructors? changes.
Did you feel more or less connected to Comparative with
your classmates in this environment reasoning.
than in traditional learning? Why?
How did AT or XR tools impact your Evaluative with
social interactions with classmates and examples.
instructors? (For AI/XR users)
Final Is there anything else about your Open-ended,
question learning experience that stood out to allowing for
you, either positive or negative, that we additional insights.
have not covered?
Closing Thank you for your time! Your insights Appreciation and
question are incredibly valuable to our research. conclusion of the
If you think of anything later, feel free to interview.
reach out.
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