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Perceived Al-Driven Virtual Reality Learning: Examining Immersive Engagement,

Gamified Motivation, and Knowledge Retention in Higher Education

Abstract

Purpose — This study examined how perceived immersive involvement, student engagement,
gamified motivation, and knowledge retention are influenced within Al-enabled virtual reality
(VR) learning in higher education. Rather than evaluating a functional Al-VR system, the study
investigates learners’ reported experiences and expectations of Al-supported immersive
environments. Guided by the Immersive Engagement and Motivation Framework, which
integrates Experiential Learning Theory and Self-Determination Theory, the research explored
direct, indirect, and serial mediation relationships among these psychological and experiential
constructs, with accessibility inclusion included as a control factor.
Design/methodology/approach — A cross-sectional survey design was adopted to capture
perceptions of Al-enabled VR learning. Primary data were collected from 278 lecturers and
students across higher education institutions in the United Kingdom using a structured
questionnaire distributed through digital platforms such as WhatsApp. Principal Component
Analysis and reliability testing confirmed acceptable psychometric properties of the instrument (o
= .815).

Findings — Mediation analysis using Hayes’ PROCESS Macro (Model 6) revealed that perceived
immersive involvement was associated (both directly and indirectly) with perceived knowledge
retention through gamified motivation and the serial pathway involving engagement and
motivation. Engagement alone did not significantly predict retention. The findings highlight how
learners perceive Al-supported immersive environments as enhancing motivation and contributing
to meaningful learning experiences. The study provides theoretical and practical insights for the
design of inclusive, motivating, and pedagogically aligned VR learning environments in higher

education.

Keywords: Artificial Intelligence, Virtual Reality Learning, Student Engagement, Gamified

Motivation, Knowledge Retention



Introduction

Acrtificial intelligence and virtual reality are transforming the learning landscape of higher
education by offering interactive and adaptive environments that extend beyond the limits of
traditional classrooms. In current practice, artificial intelligence is often integrated conceptually
within virtual reality platforms to provide guidance, adaptive prompts, and responsive feedback
that many learners perceive as enriching their learning experiences (Lin et al., 2023; Hamilton et
al., 2022). Although fully developed artificial intelligence driven virtual reality systems are still
emerging, students and educators routinely engage with immersive simulations and virtual
laboratories that support exploration, manipulation of digital objects, and reflection on complex
concepts (Christou, 2020; Hussein and Natterdal, 2018). These developments have generated
increasing interest, yet questions remain about how such immersive experiences relate to longer

term learning outcomes such as knowledge retention.

The educational value of immersive environments is closely linked to the extent they stimulate
engagement and motivation, which are widely recognised as central to meaningful learning (Zhao
et al., 2021; Shin et al., 2022). Immersion produces a strong sense of presence that captures
attention and reduces distraction, while engagement directs that attention toward purposeful
academic activity (Christou, 2020; Lin et al., 2023). Research also suggests that engagement may
not translate into deeper learning unless supported by intrinsic motivation that sustains mental
effort beyond the immediate experience (Tan et al., 2025; Li et al., 2025). Gamified elements that
are enabled or informed by artificial intelligence, such as adaptive challenges and responsive
feedback, can strengthen motivation and encourage persistence in virtual learning environments
(Marougkas et al., 2023; Raja and Priya, 2021). These features are consistent with the principles
of Self Determination Theory, which emphasises the importance of autonomy and competence in

sustaining motivation (Deci and Ryan, 2000).

A growing body of evidence indicates that immersive environments shaped by artificial
intelligence features, whether actual or perceived by learners, are associated with greater attention,
exploratory behaviour, and self-regulation when compared with conventional instruction
(Hamilton et al., 2022; Young et al., 2021). Learners often interpret adaptive feedback and
calibrated task difficulty as supportive and competence enhancing, which strengthens motivation

and encourages repeated practice (Lin et al., 2023; Tan et al., 2025). Studies also report that



students who regard immersive environments as intelligent or adaptive demonstrate stronger
mastery of concepts and improved recall (Llanos Ruiz et al., 2025; Gabr et al., 2025). These
findings suggest that motivational processes may influence how learners interpret and benefit from
immersive experiences. However, limited research has examined the sequence through which
immersive involvement, engagement, and motivation relate to perceived knowledge retention

within a single coherent framework.

The present study addresses this gap by examining the Immersive Engagement and Motivation
Framework. Rather than evaluating a functional system, the study investigates how learners
perceive immersive virtual reality experiences that incorporate or reflect artificial intelligence
supported features. The framework draws on Experiential Learning Theory, which describes
learning as a cycle of concrete experience, reflection, conceptualisation, and experimentation
(Kolb, 1984). Virtual reality environments readily support these processes by allowing learners to
act within simulated contexts and observe immediate consequences (Christou, 2020; Shin et al.,
2022). Self Determination Theory provides an additional foundation for understanding how
intrinsic motivation develops when learning experiences foster autonomy, competence, and
relatedness (Hamilton et al., 2022; Radanliev, 2023). Together, these theories suggest that
immersive involvement encourages engagement, engagement strengthens motivation, and
motivation supports knowledge retention. On this basis, the study tests nine hypotheses linking
immersive involvement, engagement, motivation, and perceived retention, while controlling for
accessibility inclusion which captures differences in comfort and usability (Hussein and Natterdal,
2018).

Organizational scholars have increasingly emphasized that technology mediated learning is a core
component of capability development in contemporary institutions. Virtual reality and artificial
intelligence are now embedded in organisational training, knowledge transfer, and skills
development, and these technologies influence how individuals interact with digital systems and
how organizations cultivate expertise (Argote and Miron-Spektor, 2011; Schein, 2010). Learner
engagement and motivation within immersive environments are therefore not only pedagogical
concerns but also behavioural dynamics that shape how employees and students adapt to
technologically intensive work settings. The Technology Acceptance Model and other

organisational behaviour frameworks similarly acknowledge that perceived usefulness,



engagement, and motivational readiness influence adoption, sustained use, and learning outcomes
in digital environments (Davis, 1989; Venkatesh and Davis, 2000). Examining how immersive
involvement and motivation relate to perceived learning outcomes, this study contributes to a
broader understanding of how artificial intelligence supported virtual environments may support

capability building in knowledge oriented organisations.

The paper proceeds with a review of the literature that establishes theoretical and empirical
foundations for the framework. This is followed by a description of the research design,
participants, measures, and analytical procedures. The results section presents findings from the
mediation analysis. The discussion interprets these findings in light of existing research and theory,
and the conclusion outlines implications for practice and directions for future research on artificial

intelligence enabled immersive learning.

Literature review

Immersive Involvement and Student Engagement in Al Driven Virtual Learning

Immersive involvement functions as a core mechanism that supports student engagement in virtual
learning environments. The sensory depth, spatial realism, and interactive responsiveness of
virtual reality generate a strong sense of presence that anchors attention and reduces peripheral
distraction. Research shows that three-dimensional simulation, motion responsive input, and
multisensory feedback create conditions in which perceptual intensity evolves into deliberate
behavioral involvement (Christou 2020; Hussein and Natterdal 2018; Zhao et al. 2021). Acrtificial
intelligence can strengthen this process by interpreting learner actions and adjusting stimuli,
pacing, and task support in real time. These adjustments help keep learners within a zone of
manageable challenge where engagement is most likely to deepen (Farris et al. 2019; Lin et al.
2023). This aligns with flow-based accounts of learning, which show that clear goals, immediate

feedback, and balanced challenge encourage sustained participation (Akman and Cakir 2019).

Studies in higher education provide evidence that virtual environments supported by artificial
intelligence promote behavioral, emotional, and cognitive engagement. Systems that register gaze,
gesture, and action patterns can reconfigure instructional tasks to maintain interest and reduce
cognitive fatigue (Hamilton et al. 2022; Young et al. 2021). Engagement is not simply a reaction

to novelty but arises from a dynamic relationship between learner signals and the environment.



When objects behave consistently and feedback is immediate, students engage in cycles of testing,
observing, and refining ideas that reflect active learning rather than passive exposure (Christou
2020; Zhao et al. 2021). This resonates with organizational learning theory, which views iterative
action and reflection as the basis for developing knowledge and skill within technology mediated
contexts (Argote and Miron-Spektor 2011).

Constructivist and embodied cognition perspectives help explain the progression from immersive
involvement to sustained engagement. Constructivist views emphasize the value of manipulable
contexts that support exploration and collaboration. Artificial intelligence contributes by
sequencing tasks, providing timely hints, and scaffolding exploration while allowing learners to
retain a sense of agency (Shin et al. 2022; Marougkas et al. 2023). Embodied cognition suggests
that learning improves when perceptual and motor systems operate together. Gesture based control
and spatial feedback integrate movement and conceptual reasoning in ways that increase
situational interest and resilience during complex tasks (Mills et al. 2022; Shin et al. 2022).
Artificial intelligence enriches these opportunities by interpreting movement patterns and refining
interaction fidelity to accommodate novices and challenge more advanced learners (Farris et al.
2019).

Motivational features embedded within virtual environments also shape engagement. Adaptive
challenges, competence focused feedback, and narrative goals act as regulators of persistence
rather than decorative game elements. While static gamification can diminish motivation when
difficulty is poorly calibrated, adaptive systems sustain effort by supporting competence and
autonomy across varied skill levels (Lin et al. 2023; Deterding et al. 2011). Conversational
interfaces provide additional opportunities for engagement by enabling learners to question digital
tutors, receive personalized explanations, and access immediate clarification that extends
exploratory behavior (Radanliev 2023). These mechanisms are consistent with evidence from
organizational behavior research showing that users engage more deeply with technologies that
provide meaningful feedback and support perceived effectiveness (Davis 1989; Venkatesh and
Davis 2000).

The literature also identifies contextual factors that influence the strength of the relationship
between immersion and engagement. Technical challenges such as device comfort and reliability

can weaken presence and reduce participation. Educators often recognize the value of virtual



reality but encounter institutional and logistical constraints that limit widespread implementation
(Hamilton et al. 2022). Curricular alignment is important because immersive experiences produce
the strongest gains when they are integrated with assessment, reflection, and disciplinary practice
rather than isolated as stand alone activities (Azevedo and Carvalho 2023; Young et al. 2021).
Accessibility remains another determinant. Virtual reality can support learners who benefit from
visual and spatial representation, yet issues related to motion sensitivity, hardware access, and
inclusive interaction modes shape whether engagement is distributed equitably (Christou 2020;
Hussein and Natterdal 2018). Recent work on virtual reality accessibility demonstrates that
thoughtful design and adaptive support can expand participation for learners with diverse needs
(Chitu et al. 2023).

Taken together, the reviewed evidence outlines a mechanism in which immersive involvement
enhanced by artificial intelligence supports student engagement through optimal challenge,
immediate feedback, and embodied exploration. These processes reflect broader insights from
organizational learning and technology acceptance research, which show that user engagement
intensifies when technologies provide meaningful guidance, reinforce competence, and align with
user goals (Argote and Miron-Spektor 2011; Davis 1989; Venkatesh and Davis 2000). The model
adopted in this study builds on these insights by proposing that immersive involvement initiates
the engagement process which subsequently energizes motivation and contributes to perceived

learning outcomes.

Gamified Motivation and Knowledge Retention in AI Driven VR Learning

Motivation increases when learners encounter meaningful challenge, clear goals, and responsive
feedback that supports progress. Immersive virtual reality creates these conditions by placing
learners in realistic environments where objects behave predictably and where sensory engagement
strengthens attention and interest (Christou 2020; Hussein and Natterdal 2018; Yuan 2023).
Presence contributes to effort by reducing distraction, while manipulable objects and immediate
feedback promote active inquiry and refinement of understanding (Zhao et al. 2021). These
mechanisms encourage repeated interaction with core ideas and support the formation of durable

memories rather than brief exposure.

Gamified design within artificial intelligence supported virtual environments extends these

motivational processes. Game inspired structures operationalize challenge and feedback not as



static incentives but as sequences that reinforce competence and autonomy. Research shows that
when tasks adapt to learner ability, scaffold progression, and provide competence signals, students
report higher persistence and stronger self regulation than in conventional instruction (Marougkas
et al. 2023; Raja and Priya 2021). Artificial intelligence contributes by monitoring behavioral cues
and adjusting task difficulty to maintain a balance between effort and skill. This adaptive loop
converts momentary interest into sustained engagement and generates iterative practice that
supports encoding and retention (Lin et al. 2023; Tan et al. 2025). Empirical work demonstrates
that models combining artificial intelligence and virtual reality strengthen both motivation and

achievement by personalizing feedback and pacing (Li et al. 2025; Daza et al. 2025).

Motivational gains observed in higher education contexts further support this pattern. Reviews
show that adaptive challenges, competence-based feedback, and exploratory interaction contribute
to mastery of complex concepts and improved application skills (Llanos Ruiz et al. 2025; Hamilton
et al. 2022; Young et al. 2021). Embodied interaction plays an important role, as gesture-based
control and spatial feedback integrate motor and cognitive processes in ways that increase
persistence and support meaningful encoding (Mills et al. 2022; Shin et al. 2022). Evidence from
immersive VR programs confirms that students taught through these environments display
stronger long-term recall and higher order thinking skills than those taught through lecture based
instruction (Gabr et al. 2025). These findings align with work in educational psychology showing
that emotionally engaging immersive experiences predict perceived learning and memory
(Makransky and Lilleholt 2018).

The effectiveness of gamified motivation depends on feedback that is timely and informative.
When responses arrive while attention is high, learners correct misconceptions and refine
procedures without losing momentum (Farris et al. 2019; Young et al. 2021). Artificial intelligence
enhances this effect by calibrating feedback to learner performance, helping students experience
competence without premature task completion that could reduce effort (Lin et al. 2023). At the
same time, several boundary conditions influence whether motivational gains translate into
retention. Technical disruptions can interrupt flow, and institutional capacity influences whether
virtual reality can be deployed at scale (Hamilton et al. 2022; Marks and Thomas 2022).
Accessibility features, including alternative input modes and stabilization for motion sensitive

users, remain essential for sustaining motivation across diverse groups (Hussein and Natterdal



2018; Chitu et al. 2023). Transparency in adaptive decisions and data use also supports learner
trust, which is recognised in organizational behavior research as a driver of technology
engagement (Davis 1989; Venkatesh and Davis 2000; Radanliev 2023).

The reviewed evidence suggests that gamified motivation in artificial intelligence supported virtual
reality environments arises from adaptive challenge, embodied exploration, and intelligent
feedback rather than superficial reward structures. These mechanisms support autonomy and
competence and allow immersive engagement to develop into durable knowledge retention. This
pattern aligns with broader principles of organizational learning, which emphasize iterative
practice, meaningful feedback, and reflective action as pathways to persistent knowledge (Argote
and Miron-Spektor 2011). The literature therefore provides strong justification for modeling
motivation as a mediator between immersive involvement and learning outcomes in the present

study.

Theoretical Framework

This study draws on Experiential Learning Theory (Kolb, 1984) and Self Determination Theory
(Deci and Ryan, 2000) to explain how learners interpret immersive virtual environments that
incorporate or suggest artificial intelligence supported features. The framework does not evaluate
an operational Al driven system. Rather, it examines how participants perceive the ways in which

immersive environments can facilitate engagement, motivation, and learning.

Experiential Learning Theory proposes that learning develops through a cycle of concrete
experience, reflection, conceptualisation, and experimentation. Immersive virtual environments
offer sensory rich contexts where learners can interact with digital elements, observe outcomes,
and reflect on their actions (Christou, 2020; Shin et al., 2022). Perceived adaptive guidance, which
in many systems is associated with artificial intelligence, may assist learners as they navigate tasks,
interpret feedback, and adjust their behaviour (Farris et al., 2019; Lin et al., 2023). These features
are conceptual rather than system validated in this study, and they represent the affordances that

learners often associate with Al supported immersive environments.

Self Determination Theory provides insight into the motivational processes that learners report
during immersive experiences. Environments that are perceived to support autonomy, competence,
and relatedness tend to foster intrinsic motivation (Deci and Ryan, 2000). Gamified elements such
as progressive challenges, perceived adaptivity, and responsive feedback can reinforce



competence and sustain engagement when learners believe the system is supporting their progress
(Sharma et al., 2021). These mechanisms help explain the pathways linking immersion,

engagement, and motivation in virtual contexts.

These theories, together, offer a conceptual foundation for understanding how immersive
involvement may influence perceived motivation and perceived learning outcomes. The
framework does not propose the existence of a verified Al algorithm within the learning
environment, but instead models the psychological processes associated with learners

interpretations of Al enhanced or Al informed features in virtual reality settings.

Conceptual Model Development

The Immersive Engagement and Motivation Framework (IEMF see Figure 1) integrate
Experiential Learning Theory (Kolb, 1984) and Self Determination Theory (Deci & Ryan, 2000)
to explain how immersive, Al enabled virtual environments enhance student engagement,
motivation, and knowledge retention. IEMF as presented in this study is not introduced as a new
theory but as a conceptual integration of two established perspectives: Experiential Learning
Theory (Kolb, 1984) and Self Determination Theory (Deci and Ryan, 2000). The purpose of the
framework is to organise and connect insights from these theories in order to examine how learners
interpret immersive virtual reality environments that incorporate or reflect artificial intelligence
supported features. The framework therefore serves as an analytical structure for the empirical

investigation rather than a theoretical innovation.

Experiential Learning Theory proposes that learning develops through cycles of concrete
experience, reflection, conceptualisation, and experimentation. Immersive involvement aligns
with the concrete experience stage by offering sensory rich and emotionally engaging contexts
where learners can interact with digital elements and observe immediate consequences (Christou,
2020; Shin et al., 2022). Adaptive prompts and guidance available in artificial intelligence
supported environments may further support reflective observation and active experimentation by
helping learners navigate tasks and interpret feedback (Farris et al., 2019; Lin et al., 2023). These
processes provide a basis for understanding why immersive experiences are often associated with

engagement and perceived learning.
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Linking Immersive Involvement to Knowledge Retention.

Source: Author (2025)

Self Determination Theory clarifies the motivational dynamics that accompany these experiential
processes. When immersive environments support autonomy, competence, and relatedness,
learners are more likely to experience sustained motivation and curiosity (Deci and Ryan, 2000).
In the framework, engagement represents the behavioural and emotional investment that emerges
when learners perceive that these needs are being met (Hamilton et al., 2022). Gamified elements
such as adaptive challenges, responsive feedback, and progressive goals may further reinforce

competence and sustain motivational energy (Sharma et al., 2021).

The IEMF therefore combines experiential and motivational processes to examine how immersive
involvement, engagement, and motivation relate to perceived knowledge retention. The framework

does not claim theoretical novelty but structures the pathways through which these established



constructs may operate in virtual reality settings. Hypotheses H1 through H8 reflect these expected
relationships, and accessibility inclusion (H9) is incorporated as a contextual factor that can
support engagement and cognitive outcomes for diverse learners (Hussein and Natterdal, 2018).
The contribution of the study lies in empirically testing these interconnected pathways within a

virtual learning context rather than proposing a new explanatory theory.

Hypotheses
H1: Immersive involvement positively predicts knowledge retention among students in Al-driven

virtual reality learning environments.

H2: Immersive involvement positively predicts student engagement in Al-driven virtual reality

learning environments.

H3: Student engagement positively predicts gamified motivation in Al-driven virtual reality

learning environments.

H4: Student engagement positively predicts knowledge retention in Al-driven virtual reality

learning environments.

H5: Gamified motivation positively predicts knowledge retention in Al-driven virtual reality

learning environments.

H6: Student engagement mediates the relationship between immersive involvement and

knowledge retention.

H7: Gamified motivation mediates the relationship between immersive involvement and

knowledge retention.

H8: There is a significant serial mediation effect such that immersive involvement enhances
student engagement, which in turn increases gamified motivation, leading to improved knowledge

retention.

H9 (Control Hypothesis): Accessibility inclusion positively predicts student engagement and

knowledge retention, controlling for immersive involvement.

Methodology



Research Design

The study adopted a quantitative cross sectional research design using primary data collected
through a structured questionnaire. This design was appropriate because it allowed the examination
of relationships among psychological and experiential constructs that represent the Immersive
Engagement and Motivation Framework (IEMF), including immersive involvement, student
engagement, gamified motivation, perceived knowledge retention, and accessibility inclusion. The
study therefore examines perceptions of Al-supported immersive learning rather than verified
technical implementations of Al systems. Survey based approaches are widely recognised as
suitable for investigating learner perceptions in virtual learning research, particularly when the
focus is on internal cognitive and motivational states that cannot be directly observed (Creswell
and Creswell, 2018; Hair et al., 2019). Prior studies in virtual reality learning frequently rely on
perception-based measures to understand engagement, presence, immersion, and motivational
processes since these constructs describe subjective interpretations rather than observable

behaviours

A perception-based design was therefore appropriate for the present study because the aim was
not to evaluate a functional artificial intelligence enabled virtual reality system but to capture how
learners interpret immersive environments that incorporate or reflect artificial intelligence
supported features. These perceptions shape how learners engage with virtual reality and how they
judge its educational value, and they have been shown to predict later learning behaviour in similar

research contexts.

Population and Sampling Procedure

Inclusion criteria and sampling rationale. Participants were selected using judgmental sampling
to ensure the questionnaire reached individuals with direct, recent experience of immersive or
digital learning environments. The inclusion criteria were that respondents must: (1) be current
students or academic staff at a United Kingdom higher education institution; (2) have used a virtual
or immersive learning environment at least once in the preceding 12 months or have professional
responsibility for designing or delivering virtual learning activities; (3) be aged 18 years or older
and able to provide informed consent; and (4) be willing to respond based on their own experience
of such systems rather than second hand accounts. These criteria were adopted to capture informed

perceptions of Al related features in immersive learning. Judgmental sampling is appropriate for



exploratory perception-based research where the study aims to gather contextually rich evaluations
from users who can speak from direct experience (Etikan, Musa and Alkassim, 2016). A total of
278 questionnaires were distributed electronically, and 227 valid responses were retained after the
removal of incomplete cases. The sample size was adequate for multivariate analysis and

mediation modelling (Hair et al., 2019).

Instrumentation

The instrument consisted of five constructs measured with multi-item Likert scales ranging from
1 for strongly disagree to 5 for strongly agree. Items were adapted from validated sources in virtual
reality learning, motivation, and engagement research (Christou, 2020; Lin et al., 2023; Shin et al.,
2022). Immersive involvement captured perceptions of sensory richness, presence, and control.
Student engagement measured behavioural, emotional, and cognitive participation. Gamified
motivation reflected perceived autonomy, competence, and task value arising from adaptive or
game like learning elements. Knowledge retention was assessed through perceived understanding,
recall, and application of learning outcomes. Accessibility inclusion captured perceptions of
comfort, usability, and equitable access to immersive systems. The constructs therefore reflect
perceived rather than behavioural states. This approach is consistent with established research in
immersive learning where subjective evaluations of presence, engagement, and motivation are
used as valid indicators of internal learning processes (Slater and Wilbur, 1997; Jennett et al., 2008;
Radianti et al., 2020).

Data Analysis

All analyses were performed with IBM SPSS Statistics Version 27. Prior to inferential testing, data
were screened for missing values, linearity, and normality. Out of 278 returned questionnaires,
227 were retained for analysis. Although the questionnaire was administered to both students and
instructors, responses were analysed in aggregate because the study’s theoretical focus is on shared
perceptual mechanisms linking immersive experience, engagement, motivation, and perceived
learning rather than on role-specific differences in pedagogical authority. The unit of analysis is
therefore the individual respondent, consistent with methodological guidance that aggregation
decisions should be driven by theory and construct definition rather than respondent heterogeneity
alone (Bliese, 1998; Bliese, 2000; van Mierlo et al., 2009). Where constructs reflect individual

perceptions of a common phenomenon, pooling responses is appropriate for modelling individual-



level relationships, even in heterogeneous samples, provided the analytic focus remains at the
individual level (James et al., 1984). Moreover, reviews of aggregation practices emphasise that
the justification for aggregation rests on conceptual intent rather than mandatory statistical

demonstration when group-level constructs are not being inferred (Woehr et al., 2015).

Factor Structure and Reliability

Construct validity was examined through Principal Component Analysis using the Varimax
rotation method. The analysis yielded a dominant component with an eigenvalue of 2.945 that
explained 58.91 percent of the variance, which exceeds the recommended threshold of 50 percent
(Field, 2018; Hair et al., 2019). Communalities ranged from .456 to .746, and all loadings were
above .67. Internal consistency was confirmed through a Cronbach alpha of .815 with a
standardised alpha of .822, which indicates acceptable reliability for social science research
(Nunnally and Bernstein, 1994).

Analysis Procedure

Hypotheses H1 to H9 were assessed through Hayes PROCESS Macro Model 6 to evaluate direct,
indirect, and serial mediation effects among immersive involvement, student engagement,
gamified motivation, and perceived knowledge retention while controlling for accessibility
inclusion. The analysis applied bootstrapping with 5000 resamples to generate confidence intervals
for indirect effects (Hayes, 2022). Significance was established when the confidence interval

excluded zero.

The analytical approach aligns with the theoretical logic of Experiential Learning Theory and Self
Determination Theory, which explain how immersive experiences influence engagement and
intrinsic motivation that shape perceived learning outcomes. The use of self reported measures is
consistent with this framework since the constructs of presence, engagement, and motivation
represent internal states that are best accessed through participant reports. The analysis therefore
focused on perceived learning rather than objective performance, which is a recognised method in

immersive learning research.

Measurement

The study relied exclusively on self reported measures to assess learners interpretations of
immersive virtual reality experiences supported by artificial intelligence related features. No
behavioural or performance based learning indicators were collected. Perceived knowledge



retention therefore reflects learners subjective evaluations of their understanding rather than direct
evidence of cognitive performance. This approach is consistent with research in immersive
learning, where constructs such as presence, engagement, and perceived learning are understood
as internal experiential states best captured through self report (Slater, 2003; Makransky and
Lilleholt, 2018). Although this method is appropriate for exploring psychological pathways, it
limits the extent to which conclusions can be generalised to objective learning outcomes, and this
limitation is addressed in the final section of the paper.

Five constructs were measured using items adapted from established frameworks in virtual reality,
motivation, and technology enhanced learning research. Responses were recorded on a five point
scale ranging from 1 for strongly disagree to 5 for strongly agree. The items and associated

literature are listed below.

Immersive Involvement
Immersive involvement reflects the perceived sense of presence and interactive engagement within

the virtual environment. This construct was measured using two items:

o D17: “Heightened immersion in Al-driven Virtual Reality environments impact student
involvement in educational tasks.”

e D18: “Increased interaction opportunities in Al-driven Virtual Reality environment
impacts students engagement in learning activities.” This measurement aligns with Slater’s
(2003) conceptualisation of immersion and presence as subjective experiential states in

virtual environments.

Student Engagement
Student engagement refers to behavioural, emotional, and cognitive investment in learning
activities. It was assessed using:
o D16: “How do you perceive the impact of Al-driven Virtual Reality on student engagement
compared to conventional teaching approaches?” This reflects definitions provided by
Fredricks, Blumenfeld, and Paris (2004), who identify engagement as multifaceted learner

involvement.

Student engagement was measured using a single global item (D16) capturing respondents’ overall

perceived engagement within Al supported virtual learning environments. This choice aligns with



the exploratory and perceptual focus of the study, which sought to elicit holistic evaluative
judgements rather than disaggregated behavioural, emotional, or cognitive components.
Empirically, D16 loaded adequately on the dominant experiential factor in the exploratory factor
analysis and showed coherence with immersion and motivational constructs, supporting its use as

a global perceptual indicator.

Gamified Motivation
Gamified motivation captures the motivational response generated by game inspired features
within the virtual environment. It was measured with:

e D19: “The inclusion of gamification elements within Al-driven Virtual Reality
environments impacts students' motivation and engagement.” This follows research
showing that gamification can enhance perceived autonomy, competence, and motivational
drive (Deterding et al., 2011).

Perceived Knowledge Retention
Perceived knowledge retention captures learners subjective assessment of understanding and
recall. It was measured using:
e C12: “Al-driven Virtual Reality technology impacts on students knowledge retention
compared to conventional teaching approaches?” This aligns with Makransky and Lilleholt
(2018), who demonstrate that immersive virtual environments influence perceived learning

and retention.

Accessibility Inclusion
Accessibility inclusion refers to learners perceptions of usability and equitable access to the virtual
environment. It was measured through:
e E20: “There is accessibility of Al-driven Virtual Reality technology for students with
disabilities or varied learning challenges?”
o E21: “Availability of Al-driven Virtual Reality technology in my institution enhances their
education with personal and professional commitments.”
These items correspond with research on inclusive virtual reality design and accessibility

needs in immersive education (Chitu et al., 2023).



These measures capture psychological and experiential interpretations of immersive learning
within artificial intelligence supported virtual environments. The constructs form the basis of the

mediation model tested in the study.

Reliability

Reliability diagnostics were examined using item-level Cronbach’s alpha coefficients. The
analysis showed that deleting any single item produced alpha values ranging from 0.838 to 0.865,
indicating that all items contributed positively to the internal consistency of the scale (see table 1).
Specifically, immersion (D17), interactivity (D18), engagement (D16), gamified motivation
(D19), and perceived knowledge retention (C12) demonstrated stable reliability, with a-if-deleted
values between 0.838 and 0.865. The accessibility items (E20 and E21) also showed strong
contributions to internal consistency, with o-if-deleted values of 0.861 and 0.855, respectively.
These results suggest that the full set of items functions cohesively and that no item detracts from

the reliability of the overall measurement structure.

Exploratory Factor Analysis

An Exploratory Factor Analysis (EFA) was conducted to assess the dimensionality and construct
validity of the measurement items (See table 1 below). Principal axis factoring with varimax
rotation was applied. Sampling adequacy was confirmed by a Kaiser—Meyer—Olkin value of 0.863,
which exceeds the recommended threshold of .80, and Bartlett’s test of sphericity was significant,
¥?(21) = 740, p < .001, indicating that the correlation matrix was factorable. Two factors with
eigenvalues greater than one were extracted, explaining 58.8 percent of the total variance.

Factor loadings ranged from 0.562 to 0.808 for the first factor and 0.725 to 0.726 for the second
factor. The first factor reflected an integrated immersive learning experience, with items capturing
immersion (D17), interactivity (D18), student engagement (D16), gamified motivation (D19), and
perceived knowledge retention (C12) all loading strongly onto a common experiential—
motivational dimension. The second factor consisted of the two accessibility inclusion items (E20
and E21), which loaded distinctly and demonstrated conceptual coherence. Uniqueness values
ranged from 0.264 to 0.568, indicating acceptable levels of shared variance across items. These
results provide evidence of convergent and discriminant validity for the accessibility inclusion

construct and indicate that the experiential items reflect a unified psychological dimension



consistent with prior research on immersion and motivation in virtual reality learning

environments.

Measurement Model

Item Code Construct Factor Loading Factor o if Item Deleted
D18 Immersive Interactivity 0.808 F1 0.840
D17 Immersion 0.658 F1 0.838
D19 Gamified Motivation 0.685 F1 0.842
Ci12 Perceived Knowledge Retention  0.639 F1 0.865
D16 Student Engagement 0.562 F1 0.847
E20 Accessibility Inclusion 0.726 F2 0.861
E21 Accessibility Inclusion 0.725 F2 0.855

Table 1: Measurement Model

Source: Jamovi version 2.7

Ethical Considerations

Ethical clearance was obtained from the institutional research ethics board. Participation was
voluntary, anonymity was maintained, and informed consent was obtained electronically. No
identifiable information was collected, and all data were stored securely in accordance with ethical
guidelines provided by the British Educational Research Association (2018).

Results

A serial mediation analysis was conducted using Hayes’ (2022) PROCESS macro (Model 6) to
examine whether the effect of immersive involvement on knowledge retention operates
sequentially through student engagement and gamified motivation, controlling for accessibility
inclusion. A bootstrap resampling procedure with 5,000 samples and 95% confidence intervals

(Cls) was employed to estimate the indirect effects and determine their statistical significance.

The first stage of the model examined the effect of immersive involvement on student engagement.
Results revealed that immersive involvement significantly predicted student engagement, b =
0.664, SE = 0.069, t = 9.61, p< .001, 95% CI [0.528, 0.800]. This indicates that higher levels of
immersive experiences substantially enhance student engagement. Accessibility inclusion also had
a significant positive effect on engagement, b = 0.136, SE = 0.057, t = 2.41, p = .017, suggesting

that inclusive technological environments contribute to sustaining learner engagement. The model



explained approximately 42.4% of the variance in student engagement (R2 = .424, F(2, 225) =
82.69, p< .001; see Table 2).

Model Summary for Regression Equations (PROCESS Model 6, N = 228)

Outcome Variable R Rz F(dfy, dfz) p

Student Engagement .65 .42 82.69 (2,225) <.001
Gamified Motivation .64 .42 53.00(3,224) <.001
Knowledge Retention .55 .30 23.72 (4, 223) <.001

Note.R? = coefficient of determination. All models were significant at p< .001.
Table 2: Model Summary for Regression Equations

Source: SPSS v27

Table 2 presents the overall model fit for each regression equation within the serial mediation
analysis. Immersive involvement, student engagement, and gamified motivation collectively
accounted for 42% of the variance in engagement (R’ = .42), 41.5% in gamified motivation (R’ =
42), and nearly 30% in knowledge retention (R?=.30). The significant F-values (p<.001) indicate

that each regression model explained a meaningful portion of variance in the dependent variables.

Effects of Immersive Involvement, Engagement, and Motivation on Learning Outcomes

In the second stage, both immersive involvement and student engagement were used to predict
gamified motivation. The analysis showed that immersive involvement significantly increased
gamified motivation, b = 0.424, SE = 0.070, t = 6.02, p< .001, 95% CI [0.285, 0.563]. Student
engagement also had a significant positive influence, b = 0.185, SE = 0.057, t = 3.24, p = .001,
95% C1[0.072, 0.298]. This result suggests that students who are more engaged tend to experience
greater motivation when learning tasks are gamified. Accessibility inclusion was not a significant
predictor in this model (p = .118), although the overall model accounted for 41.5% of the variance
in gamified motivation (R2 = .415, F(3, 224) = 53.00, p< .001; see Table 3).

Regression Coefficients for PROCESS Model 6 Paths



Outcome Predictor B SE t p 95% CI [LL, UL]
Student Engagement Constant 0.69 0.24 2.88 .004 [0.22,1.17]
Immersive Involvement  0.66 0.07 9.61 <.001 [0.53, 0.80]
Accessibility Inclusion 0.14 0.06 2.41 .017 [0.02,0.25]
Gamified Motivation Constant 1.38 0.21 6.58 <.001 [0.97, 1.80]
Immersive Involvement  0.42 0.07 6.02 <.001 [0.29, 0.56]
Student Engagement 0.19 0.06 3.24 .001  [0.07,0.30]
Accessibility Inclusion 0.08 0.05 1.57 .118 [-0.02,0.17]
Knowledge Retention Constant 1.12 0.29 3.84 <.001 [0.54, 1.69]
Immersive Involvement  0.29 0.10 3.00 .003  [0.10, 0.48]
Student Engagement 0.09 0.07 1.24 216  [-0.05, 0.24]
Gamified Motivation 0.32 0.08 3.79 <.001 [0.15,0.49]
Accessibility Inclusion 0.01 0.06 0.17 .868  [-0.11, 0.13]

Note. CI = confidence interval; LL = lower limit; UL = upper limit. All coefficients are

unstandardized (B).
Table 3: Regression Coefficients

Source: SPSS v27

Table 3 reports the unstandardized coefficients for all regression equations estimated in PROCESS
Model 6. Immersive involvement significantly predicted both student engagement (B = 0.66, p<
.001) and gamified motivation (B = 0.42, p< .001). Student engagement also predicted gamified
motivation (B = 0.19, p = .001). In the final model, immersive involvement (B = 0.29, p = .003)
and gamified motivation (B = 0.32, p<.001) significantly predicted knowledge retention, whereas
engagement’s direct path to retention was not significant. Accessibility inclusion influenced

engagement but did not significantly affect other outcomes.



Indirect and Serial Mediation Effects

Examination of the indirect effects revealed a significant total indirect effect of immersive
involvement on knowledge retention through the mediators, b = 0.236, Boot SE = 0.081, 95% ClI
[0.082, 0.396]. Specifically, the indirect effect through gamified motivation alone (immersive
involvement — gamified motivation — knowledge retention) was significant, b = 0.136, Boot SE
=0.050, 95% CI[0.042, 0.243]. The serial mediation pathway (immersive involvement — student
engagement — gamified motivation — knowledge retention) was also significant, b = 0.039, Boot
SE = 0.020, 95% CI [0.006, 0.082]. However, the indirect path through student engagement alone
(immersive involvement — student engagement — knowledge retention) was not significant, b =

0.061, Boot SE = 0.058, 95% CI [-0.055, 0.176; see Table 4).

Direct and Indirect Effects of Immersive Involvement on Knowledge Retention

Effect Type Effect Boot SE 95% Boot CI [LL, UL] Interpretation
Direct Effect 0.29 0.10 [0.10, 0.48] Significant
Total Indirect Effect 0.24 0.08 [0.08, 0.40] Significant
Indirect 1 (via Student Engagement) 0.06 0.06 [-0.05, 0.18] Not significant
Indirect 2 (via Gamified Motivation) 0.14 0.05 [0.04, 0.24] Significant
Indirect 3 (via Engagement — Motivation) 0.04 0.02 [0.01, 0.08] Significant

Note. Bootstrap sample = 5,000; confidence level = 95%. Indirect 3 represents the serial mediation

pathway.
Table 4: Direct and Indirect Effects of Immersive Involvement on Knowledge Retention

Source: SPSS v27

Table 4 summarizes the direct and indirect effects of immersive involvement on knowledge
retention, tested using 5,000 bootstrap samples with 95% confidence intervals. The direct effect of
immersive involvement remained significant (B = 0.29, p = .003), while the total indirect effect
was also significant, indicating partial mediation. Specifically, gamified motivation mediated the
relationship between immersive involvement and knowledge retention, and the serial pathway
(immersive involvement — engagement — motivation — retention) was significant. The indirect

path through engagement alone, however, was not significant.



Serial Indirect

Indirect 2 (Motivation)

Indirect 1 (Engagement) |-

Direct Effect

0.0 0.1 0.2 0.3 0.4 0.5
Unstandardized Effect Size (b)

Figure 2. Effect Sizes and Confidence Intervals for Direct, Indirect, and Serial Mediation Paths

Linking Immersive Involvement to Knowledge Retention.

Source: SPSS v27

Figure 2 shows visualization of the direct and indirect effects of immersive involvement on
knowledge retention within the serial mediation model. Bars represent unstandardized effect sizes
(b) with 95% bootstrap confidence intervals. The direct effect, along with the indirect effects
through gamified motivation and the serial pathway (engagement — motivation), are significant,

whereas the indirect path through engagement alone is non-significant (gray bar).

These findings provide strong empirical support for the hypothesized serial mediation model.
Immersive involvement not only has a direct positive impact on students’ knowledge retention but
also enhances retention indirectly through its effects on motivation, which itself is driven by higher
engagement. The results suggest that engagement functions as a preparatory mechanism that
enhances motivation, while motivation serves as the key conduit linking immersive experiences to
improved knowledge retention. The partial mediation observed indicates that immersive learning
experiences contribute to learning effectiveness both directly and through the sequential influence

of engagement and gamified motivation.



Hypothesis Testing and Results

A serial mediation analysis using Hayes’ (2022) PROCESS Macro Model 6 examined the
relationships among immersive involvement, student engagement, gamified motivation, and
knowledge retention, controlling for accessibility inclusion. Bootstrapping with 5,000 samples and

95% bias-corrected confidence intervals (CIs) was applied to assess indirect effects.

Direct Effects

Immersive involvement significantly predicted both knowledge retention (b = 0.29, p = .003, 95%
ClI [0.10, 0.48]) and student engagement (b = 0.66, p< .001, 95% CI [0.53, 0.80]), supporting H1
and H2. Engagement also predicted gamified motivation (b =0.19, p =.001, 95% CI [0.07, 0.30]),
supporting H3. However, its direct effect on knowledge retention was non-significant (b = 0.09, p
=.216), thus H4 was not supported. Gamified motivation strongly predicted knowledge retention
(b = 0.32, p< .001, 95% CI [0.15, 0.49]), confirming H5. Accessibility inclusion positively
influenced engagement (b = 0.14, p =.017) but not retention (p = .868), partially supporting H9.

Indirect and Serial Mediation Effects
The total indirect effect of immersive involvement on knowledge retention was significant (b =
0.24, Boot SE = 0.08, 95% CI [0.08, 0.40]).
e The indirect path through engagement alone was not significant (b = 0.06, 95% CI [-0.05,
0.18]), rejecting H6.
e The path through motivation alone was significant (b = 0.14, 95% CI [0.04, 0.24]),
supporting H7.
e The serial mediation pathway (Immersive involvement — Engagement — Motivation —
Retention) was significant (b = 0.04, 95% CI [0.01, 0.08]), supporting H8.
The model explained 42.4% of variance in engagement, 41.5% in motivation, and 29.9% in
knowledge retention. Overall, H1, H2, H3, H5, H7, and H8 were supported, H4 and H6 were not,
and H9 was partially supported 9 (See figure 3 for the complete illustrations). These findings
confirm that immersive experiences enhance learning outcomes both directly and indirectly

through the sequential effects of engagement and motivation.
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Figure 3: Graphical Summary of Direct, Indirect, and Mediated Effects in the Immersive

Engagement and Motivation Framework
Source: Author (2025)

Discussion

The study examined how immersive involvement, student engagement, and gamified motivation
relate to perceived knowledge retention in artificial intelligence supported virtual reality learning
contexts. Guided by the Immersive Engagement and Motivation Framework, the findings show
that immersive involvement has both a direct association with perceived retention and indirect
associations through gamified motivation and the sequential pathway of engagement and

motivation. These results suggest that immersion forms an experiential base that supports



engagement, while motivation functions as the psychological mechanism through which learners

interpret immersive experiences as meaningful for learning.

Interpretation of Core Findings

The positive association between immersive involvement and perceived knowledge retention
indicates that participants interpret sensory richness and interactivity in virtual environments as
beneficial for understanding and recall. This interpretation aligns with Kolb’s Experiential
Learning Theory, which explains that concrete experience and immediate feedback encourage
reflection and experimentation (Kolb, 1984). Respondents who reported higher immersion also
reported stronger perceptions of retention, supporting the idea that immersive settings focus
attention and encourage active manipulation of virtual objects (Christou, 2020; Lin et al., 2023).
These processes can shape learners perceptions of their learning, even without objective

performance indicators.

The strong association between immersive involvement and student engagement reinforces earlier
findings that presence and interactivity sustain attention and promote cognitive participation
(Hamilton etal., 2022; Young et al., 2021). Engagement also predicted gamified motivation, which
is consistent with Self Determination Theory. Environments that support competence and
autonomy tend to sustain interest and persistence (Deci and Ryan, 2000). Although engagement
did not directly predict perceived retention, its indirect role through motivation suggests that
participation alone may not produce perceived learning benefits unless supported by motivational

processes.

Gamified motivation had a significant direct association with perceived knowledge retention. This
finding aligns with studies showing that adaptive challenges and timely feedback can strengthen
motivation and encourage continued effort, which participants often interpret as deeper learning
(Tan et al., 2025; Li et al., 2025). Motivation therefore represents a central pathway through which
immersive involvement influences perceived learning. The significance of the serial mediation
path suggests that engagement prepares learners for motivational reinforcement that shapes their

judgement of their learning experience.

Accessibility inclusion showed a positive association with engagement but did not significantly
relate to perceived retention when immersion and motivation were controlled. This pattern

suggests that comfort and usability support participation while perceived learning depends on the



quality of cognitive and motivational processes. This finding supports earlier work that links
accessibility to involvement while placing knowledge outcomes within broader psychological
dynamics (Hussein and Natterdal, 2018).

Theoretical Implications

The results offer empirical support for combining Experiential Learning Theory and Self
Determination Theory within the Immersive Engagement and Motivation Framework. Virtual
environments allow learners to experience cycles of action, feedback, and reflection, and perceived
adaptive guidance can reinforce competence and autonomy (Hamilton et al., 2022; Radanliev,
2023). These mechanisms help explain how immersive involvement, when interpreted through

engagement and motivation, contributes to perceived learning value.

The study also clarifies the distinction between engagement and motivation in immersive
environments. Engagement reflects behavioural and cognitive involvement, whereas motivation
represents the psychological drive that translates engagement into perceived achievement. The
data indicate that engagement alone is not a sufficient predictor of perceived retention, which

extends earlier conceptualisations of virtual learning.

Organisational Theory Contributions

The findings contribute to broader conversations in organisational theory regarding learning in
technology mediated environments. As organisations adopt artificial intelligence supported and
immersive systems for training, upskilling, and knowledge development, understanding the
psychological processes that shape user engagement becomes central to building organisational
capability. Models of technology acceptance show that perceived usefulness, engagement, and
motivational readiness influence whether individuals embrace new digital tools in work and
learning settings (Davis, 1989; Venkatesh et al., 2003). The motivational pathways identified in
this study therefore inform how immersive technologies may support learning that contributes to

organisational competence, adaptability, and digital readiness (Argote and Miron Spektor, 2011).

Practical Implications

For higher education practitioners, the findings highlight several design considerations. Immersive
modules should prioritise tasks that align with learning outcomes so that interactivity and sensory
richness promote reflection and understanding rather than novelty. Adaptive elements that

maintain an appropriate level of challenge may strengthen motivation and enhance learners



perceptions of progress. Accessibility features can broaden engagement by reducing discomfort

and improving usability across diverse groups.

For organisations, immersive and artificial intelligence supported learning tools may enhance
workforce development. Motivation and engagement are recognised behavioural markers that
influence successful adoption of digital technologies (Venkatesh and Davis, 2000). When
immersive systems foster meaningful engagement, they can support organisational goals related
to digital transformation, professional learning, and continuous improvement. The findings
therefore provide a behavioural perspective on how technology mediated learning experiences may

contribute to developing organisational capabilities (Schein, 2010; Sorensen, 2016).

Limitations

Although the study provides new insight into perceived learning in artificial intelligence—
supported virtual environments, the findings warrant cautious interpretation. Knowledge retention
was measured through subjective self-reports rather than objective performance assessments.
Consequently, the results reflect learners’ interpretations of their learning experience rather than
direct evidence of learning outcomes. Future research should integrate subjective evaluations with
behavioural indicators and performance-based measures to provide a more comprehensive

assessment of learning effectiveness.

A related limitation concerns the perceptual basis of the study’s measures. The research did not
evaluate or experimentally manipulate a specific Al-enabled system but relied on respondents’
prior exposure to immersive learning environments that they perceived as incorporating artificial
intelligence features. As a result, some respondents may have attributed intelligent functionality
to system elements that were not technically Al-based, while others may have interacted with Al-
enabled features without explicitly recognising them as such. This distinction between perceived
and verified Al functionality introduces potential measurement ambiguity. Nevertheless,
perceptual evaluations remain analytically relevant because engagement, motivation, and
perceived learning are shaped by how users interpret and experience technological affordances in
practice. Future studies should therefore triangulate subjective perceptions with objective system
validation, usage-log data, or experimental manipulation of specific Al functionalities.

The measurement of engagement also represents a limitation. Although the single-item
engagement measure functioned as a coherent global indicator within the empirical model, it does



not permit differentiation between behavioural, emotional, and cognitive dimensions of
engagement. Subsequent research should adopt validated multidimensional engagement
instruments to examine these components more explicitly. In addition, responses were analysed in
aggregate to model shared perceptual mechanisms at the individual level. While this approach
aligns with the study’s theoretical focus, it may obscure role-specific differences between students
and instructors. Future research could address this by employing role-stratified or multi-group
analytical designs.

Despite these limitations, the study demonstrates that immersive experiences in virtual
environments are associated with perceived learning benefits both directly and through
motivational pathways initiated by engagement. The Immersive Engagement and Motivation
Framework offer a coherent lens for understanding how experiential involvement and motivation
shape learners’ interpretations of their learning experience. Thoughtful design and scaffolding may
therefore enable educators and organisations to create immersive environments that foster

engagement and sustain interest in learning.

Conclusion

This study examined how learners interpret immersive virtual reality environments that
incorporate or suggest artificial intelligence supported features. The findings show that immersive
involvement is associated with perceived learning benefits, both directly and through motivational
pathways that begin with engagement. Guided by Experiential Learning Theory and Self
Determination Theory, the results indicate that immersive contexts encourage focused attention
and reflective interaction, while motivational processes strengthen learners sense of progress and
perceived understanding. The Immersive Engagement and Motivation Framework offer a

structured way to interpret how these experiential and psychological factors operate in sequence.

The study also highlights the practical value of designing immersive environments that support
learner autonomy, competence, and curiosity. Higher education institutions and organisations that
adopt virtual reality for instruction or training may benefit from approaches that emphasise clear
goals, adaptive challenge, and accessible interfaces. These features can enhance engagement for
diverse users and support meaningful participation in technology mediated learning.

At a theoretical level, the study contributes to ongoing discussions about the role of motivation

and engagement in virtual environments and how learners interpret artificial intelligence supported



experiences. The findings suggest that perceived adaptivity and interactive richness can influence
how individuals judge their learning processes, which has implications for educational design and
organisational capability development. As immersive and artificial intelligence supported
technologies continue to evolve, future research can build on these insights by integrating
behavioural data and performance based assessments to deepen understanding of how immersive

environments shape learning and development across contexts.

Limitations and Directions for Future Research

This study relied on a cross sectional survey design, which does not allow observation of how
immersive involvement, engagement, and motivation evolve over time. Longitudinal or
experimental designs would help clarify the temporal development of these relationships and
provide stronger evidence of causal direction. The study also used self reported measures for all
constructs, including perceived knowledge retention. These measures capture learners
interpretations of their experiences rather than objective performance. Future work should
incorporate behavioural indicators, system usage data, and performance based assessments to

provide a more comprehensive evaluation of learning outcomes in immersive environments.

The sample was obtained through a non-probabilistic approach and consisted of lecturers and
students from higher education institutions in the United Kingdom. This limits the generalisability
of the findings to broader educational or organisational contexts. Studies that draw from more
diverse populations, including professional learners and employees in technology mediated
workplaces, would offer a richer understanding of how immersive environments influence

engagement and motivation across settings.

Participants responded based on their perceptions of artificial intelligence supported virtual
environments rather than interactions with a verified artificial intelligence driven system. Future
research could examine users responses to specific implemented features in controlled
environments to better understand how adaptive feedback, intelligent guidance, or personalised

task sequencing shape learning experiences.

Further research may also explore moderators such as prior virtual reality experience, academic
discipline, digital literacy, and emotional engagement. These factors may shape how individuals
respond to immersive environments and could help refine models that describe learning behaviour

in artificial intelligence supported contexts. Combining self report data with biometric indicators,



trace data, or analytics from virtual reality platforms would also improve the explanatory power

of future models.
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