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Abstract

This study examines how technology readiness relates to learner engagement, knowledge acquisition, and perceived
usability in adaptive immersive microlearning. Drawing on Technology Readiness Theory and Cognitive Load Theory,
it investigates whether the four readiness dimensions, namely optimism, innovativeness, discomfort, and insecurity,
are directly associated with learning outcomes and whether engagement operates as a mediating mechanism. A total
of 200 participants from higher education institutions and professional training programs completed a predictive
cross-sectional study. Data were collected using the Technology Readiness Index 2.0, a WebXR-based adaptive
troubleshooting module, a six-item prior-knowledge pretest, a twelve-item engagement scale, a ten-item knowledge
posttest, and the System Usability Scale. Optimism and innovativeness were positively associated with engagement,
knowledge acquisition, and perceived usability, whereas discomfort and insecurity were negatively associated with
these outcomes. Mediation analysis indicated partial indirect effects through engagement, with significant indirect
paths across all four dimensions when each was modeled separately. In multivariate models, optimism, innovativeness,
and discomfort retained independent effects, whereas the contribution of insecurity overlapped substantially with
that of discomfort. Structural equation modeling explained 35% of the variance in engagement, 27% in knowledge
acquisition, and 36% in perceived usability. Psychological readiness toward technology is therefore a meaningful
predictor of success in adaptive immersive learning rather than a background characteristic. The paper also advances
design propositions for readiness-aware adaptive systems built with WebXR, offered as directions for future research
rather than validated prescriptions.

Keywords: Technology Readiness; Immersive Learning; Adaptive Learning Systems; Microlearning; Learner Engage-
ment; Cognitive Load

1. Introduction

The everyday experience of learning has changed visibly over the past decade. Short, focused learning formats are
increasingly replacing lengthy, lecture-based instruction [1]. At the same time, immersive technologies, including
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augmented reality (AR) and virtual reality (VR), are moving from the fringes of niche practice into the mainstream of
education [2], promising richer and more situated learning experiences. At the intersection of these two movements lies
micro immersive learning: short, carefully designed experiences that combine the cognitive efficiency of microlearning
with the experiential depth of immersive media, often further enriched by artificial intelligence (AI) driven adaptivity.
In principle, this convergence offers a useful balance, providing content small enough to fit into busy lives yet immersive
enough to feel meaningful and memorable.

Recent studies indicate that VR, through its simulation of real-life situations within immersive environments, can
have a positive effect on learners’ ability to apply knowledge in authentic contexts [3]. The wider picture, however,
is not straightforward. Market projections suggest that the immersive technology sector will expand rapidly over
the next decade, with the global market estimated to exceed 500 billion United States dollars by 2030 [4]. Yet only
a comparatively limited proportion of organizations report being fully prepared to exploit AI-enabled immersive
technologies. Even at the level of the individual learner, interest in new technologies is uneven: some students find AR
and VR exciting, intuitive, and empowering, while others feel frustrated, skeptical, or anxious [5]. The same micro
immersive module can therefore act as a springboard to deep engagement for one learner and as a barrier to learning
for another.

This uneven pattern raises an important question: what is it that makes some learners ready to thrive in micro
immersive settings while others struggle to cope? Recent systematic reviews note that, although the Technology
Acceptance Model (TAM) [6] remains the most widely used framework for understanding technology adoption in
education [7], the Technology Readiness Index (TRI) [8, 9] complements it by offering deeper insight into the underlying
beliefs and emotional responses that lead individuals to approach or avoid new technologies. The Unified Theory of
Acceptance and Use of Technology (UTAUT) [10] similarly explains adoption once a system has been encountered.
Existing immersive learning research has focused largely on technological affordances, instructional design, and usability,
while comparatively little attention has been paid to learner psychological predispositions toward technology. This gap
is particularly consequential in immersive environments, where unfamiliar interfaces, sensory immersion, and adaptive
interactions may amplify individual differences in technological confidence and emotional readiness [11].

The conceptual model of readiness used here, the Technology Readiness Index 2.0 (TRI 2.0), is organized around four
dimensions [9]. Two are drivers. Optimism is a general belief that technology gives people greater control, flexibility, and
efficiency in everyday life; a highly optimistic individual is inclined to view new tools as useful rather than threatening.
Innovativeness describes the tendency to be among the first to try new technologies. The other two dimensions are
inhibitors. Discomfort is the sense of being overwhelmed or losing control when using technology, and insecurity
reflects deeper concerns about whether technology can be trusted, particularly regarding reliability, safety, and privacy.
Together, these four dimensions form an individual’s underlying technology readiness profile [12]. Such predispositions
matter because they color first impressions, shape emotional responses, and influence the degree to which a person is
willing to participate in a demanding micro immersive environment.

Although research on microlearning and immersive technologies is growing, comparatively little is known about
how technology readiness functions specifically within micro immersive learning. Many studies examine technology
acceptance through frameworks such as TAM or UTAUT as a determinant of acceptance once a system has been
introduced, but they rarely consider whether learner readiness toward technology itself shapes cognitive processing and
immersive engagement. Research on cognitive load has shown that extraneous load, the mental processing required to
navigate poorly designed instruction, can substantially impede learning [13]. Less work, however, has examined the
role of learner-level factors such as technology anxiety in generating this burden.

This study addresses that gap through three research questions:

1. RQ1: How do technology readiness dimensions predict learner engagement in micro immersive environments?
2. RQ2: What are the direct associations between technology readiness and knowledge acquisition and perceived

usability?
3. RQ3: Does engagement mediate the relationships between technology readiness and learning outcomes?

By answering these questions, the study moves beyond the simple assumption that more advanced technology yields
better learning. Instead, it treats technology readiness as a central consideration in the design of AI-enabled micro
immersive learning that is innovative, inclusive, and effective [14]. The remainder of the paper is organized as follows.
Section 2 develops the literature review and theoretical framework. Section 3 describes the methodology. Section 4
presents the results. Section 5 discusses the findings, implications, and limitations, and Section 6 concludes.
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2. Literature Review and Theoretical Framework

2.1. Adaptive Micro Immersive Learning

Microlearning refers to short, focused learning experiences designed to support learning within small time windows. It
is typically delivered through digital platforms, uses tightly focused content, emphasizes immediate application, and is
intended to be broadly accessible. In recent years, researchers have begun to combine microlearning with immersive
technologies, namely VR and AR, giving rise to what is now termed micro immersive learning.

The fundamental difference between immersive learning and conventional digital instruction lies in the sense of presence,
interactivity, and experiential depth that immersive media provide. Learners are not passive recipients of information;
they search, interact, explore, manipulate, and complete tasks situated in meaningful, simulated contexts. Researchers
have noted that immersive technologies can enhance engagement, spatial awareness, and hands-on skill development
[15], as well as the ways in which learners reason about real-world situations.

Combining immersive technology with microlearning offers several benefits. Shorter immersive experiences are less
fatiguing than extended VR sessions [16], so learners are less likely to experience exhaustion. Micro immersive learning
also accommodates contemporary learning habits, fitting into mobile use, commuting, and the gaps within busy daily
routines. When such learning is adaptive and provides personalized support, it can be both rich and engaging despite
its brevity [17].

The evidence, however, is mixed. Some studies report improvements in engagement and knowledge retention [18], while
others continue to encounter familiar challenges such as cognitive overload, confusing navigation, anxiety about new
technology, and usability difficulties. These inconsistent findings suggest that an important part of the picture, the
learners themselves, may have been overlooked. Individual characteristics such as command of digital tools, learning
preferences, and prior engagement with digital media may be more consequential than previously assumed.

2.2. Technology Readiness Theory: TRI 2.0

Technology Readiness Theory inverts the usual question. Rather than asking whether the technology is good enough, it
asks whether the person is ready for it. The Technology Readiness Index 2.0 conceptualizes readiness as a combination
of beliefs, predispositions, and emotional responses that influence whether an individual will adopt a new technology
[19, 9]. The index distinguishes four dimensions:

• Optimism: a positive outlook on technology, reflecting the belief that it makes life more efficient, flexible, and
controllable.

• Innovativeness: the tendency to try new technologies before most other people do.
• Discomfort: a feeling of being overwhelmed or out of one’s depth when dealing with technology.
• Insecurity: distrust of technology, including concerns about its reliability, safety, and trustworthiness.

Optimism and innovativeness act as drivers, inclining people to explore and adopt new tools, whereas discomfort and
insecurity act as inhibitors that hold people back [20]. Technology readiness differs conceptually from traditional
technology acceptance models. It does not evaluate a particular system that a person has already used; rather, it
describes general psychological tendencies that precede the encounter. In immersive learning, this distinction matters,
because first impressions, emotional responses, and confidence can determine whether a learner engages at all. Prior
work has linked technology readiness to phenomena such as e-learning satisfaction, acceptance of AI tools, and use of
digital services. Immersive education, however, may intensify these dynamics [21], since unfamiliar interfaces, total
immersion, real-time interaction, and adaptive feedback can each magnify or mitigate a learner’s readiness.

2.3. Technology Acceptance in XR Contexts: TAM, UTAUT, and Their Limits

The Technology Acceptance Model remains one of the most widely used frameworks for understanding why people
adopt or reject new technology in education [22, 6]. In essence, TAM holds that two perceptions matter most: the
extent to which people believe a technology is useful, and the extent to which they believe it is easy to use. These
perceptions shape attitudes toward the technology, which in turn influence the intention to use it. Helpful though it is,
TAM has well-known limitations. It tends to emphasize rational, calculated judgments and to underweight emotions
and personality characteristics. It also typically considers adoption only after a person has tried a technology, rather
than the predispositions a person brings to the encounter. Most relevant here, TAM does not fully capture what
makes immersive learning distinctive, namely sensory saturation, a sense of physical presence in a virtual environment,
and emotional immersion [23]. Extensions such as UTAUT broaden the set of determinants [10] but share the same
post-exposure orientation.
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This is where technology readiness becomes valuable. It may operate upstream of TAM, shaping the very perceptions of
usefulness and ease of use that TAM measures. Consider a learner who is high in optimism. Such a learner tends to hold
a naturally positive perception of an immersive system, which may make it appear more useful and more manageable.
Conversely, a learner high in discomfort may anticipate that the technology will be difficult and frustrating even before
using it. Technology readiness can therefore function as a psychological lens through which learners interpret and
engage with immersive systems [24].

2.4. Cognitive Load and Immersive Environments

Cognitive Load Theory holds that learning effectiveness depends on how working memory resources are distributed
across three categories of load [25, 26]: intrinsic load, determined by the inherent complexity of the content and its
interaction with prior knowledge; extraneous load, generated by poor instructional design that consumes working
memory without contributing to learning; and germane load, the effortful processing that produces schema formation
and knowledge consolidation [27].

Extended reality (XR) environments introduce a distinctive cognitive challenge profile. The simultaneous demands
of multisensory processing, spatial navigation in unfamiliar virtual environments, real-time interaction with dynamic
objects, and monitoring of adaptive feedback can generate substantial extraneous load even when instructional design
is of high quality. Recent empirical work on cognitive load in immersive VR indicates that interaction complexity,
navigational opacity, and spatial disorientation are primary sources of XR-specific extraneous load, and that reducing
them through simplified interface design and progressive disclosure improves learning outcomes [28]. Related work
further suggests that learners experiencing high extraneous load in immersive VR show reduced knowledge retention
relative to interactive video conditions [29], underscoring the cost of interface complexity in XR contexts.

As a conceptual lens, the present study advances a proposition that extends Cognitive Load Theory: the concept
of dispositional extraneous load. Because cognitive load was not directly measured in this study, this proposition
is not empirically tested by the cross-sectional data reported here; it is offered as an interpretive mechanism to be
examined in future research using direct measures of load (for example, dual-task paradigms, subjective load ratings, or
physiological indicators). Standard formulations locate extraneous load in the instructional environment. We propose
that learner-level psychological dispositions, specifically technology discomfort and insecurity, generate a parallel form
of extraneous load that originates within the learner rather than within the interface. A learner high in discomfort who
enters a WebXR environment allocates working memory to managing anxiety, processing uncertainty about operational
control, and suppressing concerns about errors, an expenditure that is functionally equivalent to instructional extraneous
load but cannot be removed by interface redesign alone [30]. Conversely, optimism and innovativeness may act as
germane-load facilitators, directing cognitive resources toward exploration, schema building, and challenge engagement
rather than threat management. This proposed dispositional and cognitive-load interaction offers a plausible, though
untested, mechanistic rationale for the readiness and engagement relationships examined in the model; the model itself
tests only the associations among readiness, engagement, and outcomes, not the cognitive-load mechanism.

2.5. Engagement as a Mediating Mechanism

There is broad agreement among educators and researchers that engagement matters for learning and is among the most
important contributors to educational success [31]. Contemporary research commonly distinguishes three dimensions of
engagement [32, 33]:

• Behavioral engagement: the practical component of attending, participating, and remaining active in an
activity.

• Emotional engagement: the affective response of learners to what they are doing, including curiosity, enjoyment,
or frustration.

• Cognitive engagement: the exercise of genuine mental effort, strategic reasoning, and deep processing of
information [34].

Immersive learning environments place a strong premium on engagement. Because experiential learning entails active
exploration and sustained cognitive effort, learners who disengage behaviorally or emotionally are unlikely to benefit
from what immersive technologies can offer. Technology readiness may help establish engagement by shaping how
learners feel about immersive systems from the outset. Learners high in optimism and innovativeness are likely to
approach immersive activities with curiosity and confidence, sustaining exploration and attention. Learners who feel
uncomfortable or insecure may hold back, avoid experimentation, or withdraw when difficulties arise [17].
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For these reasons, the present study proposes that engagement serves as a bridge, a mediating mechanism, linking
technology readiness to learning outcomes. Figure 1 presents the proposed conceptual model, which depicts the
relationships among technology readiness dimensions, learner engagement, and immersive learning outcomes. Only the
direct and mediated relationships shown in Figure 1 are tested empirically in this study; the design-oriented propositions
developed in Sections 2.6 and 2.7 are advanced for future research and are not tested by the cross-sectional data.

Figure 1: Proposed conceptual model linking technology readiness, learner engagement, and immersive learning
outcomes.

2.6. Readiness-Aware Adaptation: Design Propositions for Future Research

Readiness-aware adaptation is advanced here as a set of conceptual design propositions rather than as an empirically
validated theory. It proposes that adaptive immersive learning systems could personalize experiences not only according
to learner performance but also according to psychological readiness toward technology. These propositions were not
implemented, manipulated, or evaluated in the present study and are therefore not tested by the cross-sectional data;
they are derived from Technology Readiness Theory and Cognitive Load Theory and are offered as hypotheses for
future experimental evaluation. The propositions assume that learners enter immersive environments with differing
levels of optimism, innovativeness, discomfort, and insecurity, which influence engagement, cognitive processing, and
interaction behavior.

The core proposition is that adaptive learning systems could treat technology readiness as an adaptation dimension
alongside performance and preference. Table 1 presents a proposed, and as yet untested, operationalization of readiness-
aware adaptation across key adaptive learning mechanisms. The propositions hold that adaptive immersive systems
could dynamically adjust instructional support according to learner readiness profiles. Learners with higher levels of
discomfort and insecurity may require simplified interfaces, gradual onboarding, enhanced scaffolding, and supportive
feedback to reduce readiness-induced cognitive burden. Learners characterized by optimism and innovativeness may
benefit from greater autonomy, exploratory interaction, and fewer instructional constraints. These distinctions are
operationalized across interface complexity, scaffolding intensity, feedback modality, pacing, and error handling.

If implemented, these mechanisms are expected to lower dispositional extraneous load, amplify positive predispo-
sitions, and ultimately increase engagement and learning outcomes; these expectations remain propositions to be
evaluated in future adaptive-system experiments. This perspective conceptualizes technology readiness as a potential
adaptive dimension that may influence both emotional engagement and cognitive efficiency within immersive learning
environments.
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Table 1: Proposed (untested) operationalization of readiness-aware adaptation.

Adaptation Mechanism Low-Readiness Learners (High Discomfort/Insecurity) High-Readiness Learners (High
Optimism/Innovativeness)

Interface Complexity Simplified interfaces, reduced visual clutter, fewer
simultaneous tasks, clear step-by-step guidance

Exploratory interfaces, optional advanced tools,
shortcuts, greater information density

Scaffolding Intensity Frequent prompts, hints, confirmations, and
reassurance messages

Minimal scaffolding to preserve autonomy and
challenge

Feedback Modality Reassuring tone, emphasis on progress, constructive
suggestions

Emphasis on experimentation and discovery;
encourages boundary-pushing

Pacing More time for orientation; gradual introduction of
features

Faster pacing; ability to skip introductory elements

Error Handling Forgiving error recovery with clear correction guidance Brief error messages; encouragement to retry
independently

2.7. Temporal Evolution of Readiness: A Proposition for Future Research

A second proposition advanced by this study is that readiness may not be a fixed trait but a dynamic, malleable
construct that can change as learners accumulate experience with immersive technologies. Table 2 outlines the principal
implications of this temporal proposition. Because the present study is cross-sectional and measures readiness at
a single point in time, this proposition is not, and cannot be, tested by the current data; it is stated to motivate
longitudinal research. The proposition holds that technology readiness should not be assumed to be a static learner
characteristic. Repeated exposure to immersive learning may gradually reshape perceptions, confidence, and emotional
responses toward technology. Positive immersive experiences may reduce discomfort and insecurity while strengthening
optimism and innovativeness over time. Consequently, adaptive immersive systems may not only respond to readiness
profiles but also contribute to their longer-term development.

Table 2: Implications of the proposed (untested) temporal evolution of readiness.

Implication Explanation Educational Consequence

Bidirectional relationship Micro immersive experiences are shaped by
readiness and can, in turn, shape readiness

Well-designed experiences may reduce discomfort
and increase optimism over time

Readiness as input and outcome Readiness influences initial engagement; repeated
positive experiences may alter readiness profiles

Longitudinal tracking of readiness change can
inform iterative design improvement

Although the present study treats readiness as an antecedent, consistent with its cross-sectional design, it lays the
groundwork for future longitudinal research that treats readiness as a dynamic, trainable construct central to the
sustainable success of immersive learning initiatives.

2.8. Research Hypotheses

Figure 1 suggests that technology readiness dimensions are associated with engagement directly, and with learning
outcomes both directly and indirectly through engagement. The following hypotheses, which constitute the only claims
tested empirically in this study, were developed:

• H1a: Optimism positively predicts engagement.
• H1b: Innovativeness positively predicts engagement.
• H1c: Discomfort negatively predicts engagement.
• H1d: Insecurity negatively predicts engagement.
• H2a: Positive readiness dimensions are positively associated with knowledge acquisition and perceived usability.
• H2b: Negative readiness dimensions are negatively associated with knowledge acquisition and perceived usability.
• H3: Engagement mediates the relationships between technology readiness dimensions and learning outcomes.

3. Methodology

3.1. Research Design

The study employed a predictive cross-sectional research design [35] situated within a post-positivist framework [36].
All participants completed the same adaptive micro immersive learning module under comparable conditions, which
enabled investigation of how naturally occurring differences in technology readiness were related to engagement and
learning outcomes.
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A cross-sectional design is appropriate for examining associations and predictive relationships among constructs
measured at a single point in time [35]. The intervention was a WebXR-based adaptive troubleshooting module [37]
developed for immersive microlearning delivery. It lasted approximately eight minutes and provided adaptive prompts,
contextual feedback, and real-time difficulty adjustment. Although the study sought to standardize the conditions of
delivery, some ecological variability [38] was unavoidable, because participants differed in prior immersive experience,
familiarity with technology, and learning preferences. Rather than treating this variability as methodological noise, the
study regarded such differences as central to understanding the effectiveness of immersive learning.

3.2. Participants

Participants were recruited from higher education institutions and professional development programs through institu-
tional mailing lists, online announcements, and training coordinators. The final sample comprised 200 participants,
including undergraduate students, postgraduate students, and working professionals. Ages ranged from 18 to 45 years,
with a mean of 24.7 years (SD = 4.8). Just over half of the sample were women. Participants varied considerably in
prior exposure to immersive technology, ranging from no previous experience with AR or VR to occasional or frequent
use. Table 3 summarizes the demographic characteristics of the sample.

Table 3: Demographic characteristics of participants (N = 200).

Characteristic Category n Percentage

Gender Female 104 52%
Male 96 48%

Age group 18 to 24 years 128 64%
25 to 34 years 52 26%
35 to 45 years 20 10%

Educational background Undergraduate students 90 45%
Postgraduate students 60 30%

Professionals 50 25%
Prior AR/VR experience No experience 56 28%

Occasional use 84 42%
Frequent use 60 30%

Note: Mean age = 24.7 years (SD = 4.8); age range = 18 to 45 years.

This demographic variation was considered important for examining how differences in technology readiness might
influence engagement and learning outcomes within adaptive immersive environments [5, 19]. Participation was
voluntary, and informed consent was obtained prior to data collection.

3.3. Instruments

Multiple validated instruments were used to measure technology readiness, learner engagement, knowledge acquisition,
and perceived usability. Instrument selection was guided by prior immersive learning and educational technology
research emphasizing psychological predispositions, experiential engagement, and usability evaluation. Reliability
analyses indicated acceptable to strong internal consistency across all scales. Table 4 summarizes the instruments.

Table 4: Summary of instruments.

Instrument Construct Items Response Scale Reliability

TRI 2.0 (Optimism) Readiness, driver 4 5-point Likert α = .84
TRI 2.0 (Innovativeness) Readiness, driver 4 5-point Likert α = .81
TRI 2.0 (Discomfort) Readiness, inhibitor 4 5-point Likert α = .79
TRI 2.0 (Insecurity) Readiness, inhibitor 4 5-point Likert α = .76
Engagement Scale Behavioral, emotional, cognitive engagement 12 5-point Likert α = .88
Knowledge Test Learning outcomes 10 Multiple choice KR-20 = .82
SUS Perceived usability 10 5-point Likert α = .87
Prior-Knowledge Pretest Baseline conceptual familiarity 6 Multiple choice KR-20 = .72
Demographics Age, gender, education, experience 5 Various N/A

Technology Readiness Index (TRI 2.0). Technology readiness was measured with the TRI 2.0 scale, which
assesses optimism, innovativeness, discomfort, and insecurity using sixteen items rated on a five-point Likert scale.
Internal-consistency estimates indicated that all four subscales were reliable for use in this study [8, 9].
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Engagement Scale. Engagement was measured with a twelve-item questionnaire capturing the behavioral, emotional,
and cognitive dimensions. Items addressed, for example, how well participants maintained focus throughout the
immersive experience, whether they enjoyed it or felt curious, and the extent to which they exerted mental effort,
reflected, and persisted when the activity became challenging. Each item was rated on a five-point Likert scale.

Knowledge Acquisition Test. A ten-item multiple-choice test assessed what participants learned. The items were
aligned with the troubleshooting content delivered within the immersive module.

System Usability Scale (SUS). Perceived usability was measured with the System Usability Scale [39, 40]. The
SUS comprises ten items with five-point Likert responses and yields total scores ranging from 0 to 100, where higher
scores indicate that users found the system easier to use and more effective overall.

Prior-Knowledge Measure. A brief six-item multiple-choice pretest assessed baseline conceptual familiarity with
digital-device troubleshooting (for example, recognizing common error indicators, basic diagnostic sequencing, and
distinguishing hardware from software symptoms). Items were adapted from general digital-literacy inventories,
pilot-tested with 15 participants, and refined for clarity before deployment. Each item was scored 0/1, yielding a
total score ranging from 0 to 6. Internal consistency was acceptable (KR-20 = .72). Item content was deliberately
general rather than procedural and did not overlap with any item on the ten-item posttest, which assessed the specific
troubleshooting procedures taught within the WebXR module.

3.4. Intervention Design

The adaptive micro immersive module addressed the technical troubleshooting of digital devices. Learners were
placed in a simulated environment containing malfunctioning digital equipment, diagnostic tools, and contextual cues.
Adaptive features included:

• Real-time difficulty adjustment
• Personalized scaffolding
• Contextual hints
• Branching support pathways
• Dynamic feedback

The intervention was intentionally brief, consistent with microlearning principles, while preserving immersive interaction.

3.5. Procedure

The procedure comprised three phases. In the pre-assessment phase, participants completed informed-consent forms,
demographic questionnaires, the TRI 2.0 measures, and the six-item prior-knowledge pretest (described in Section
3.3). In the intervention phase, participants received standard orientation on the system’s controls, navigation, and
interaction, and then completed the adaptive immersive module. In the post-assessment phase, immediately after the
intervention, participants completed the engagement scale, the knowledge test, and the usability measure.

3.6. Data Analysis

Data were analyzed using IBM SPSS (descriptive, regression, and PROCESS analyses) and IBM AMOS (covariance-
based structural equation modeling) [41]. Analyses included descriptive statistics, correlation analysis, multiple
regression, mediation analysis using the Hayes PROCESS macro (Model 4) [42], and structural equation modeling.
Because several study variables were measured with self-report instruments, Harman’s single-factor test was conducted
to assess potential common-method bias [43]. The first factor accounted for less than 50 percent of the total variance,
suggesting that common-method variance was unlikely to substantially affect the findings. Each PROCESS Model 4
analysis was run separately per readiness dimension, with 5,000 bias-corrected bootstrap resamples used to construct
95% confidence intervals for indirect effects. The structural equation model used item parcels for the four TRI 2.0
dimensions and for the System Usability Scale, three subscale scores (behavioral, emotional, cognitive) as indicators of
engagement, and the knowledge composite with residual variance fixed to (1 − KR-20) × σ2 [44].
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4. Results

4.1. Preliminary Analysis

Levels of missing data were low across variables, and the assumptions of normality were reasonably met. Variance
inflation factors indicated no serious multicollinearity, and reliability analyses confirmed acceptable internal consistency
for all scales. Skewness and kurtosis values for all major variables remained within commonly accepted thresholds for
approximate normality [45], supporting the use of parametric procedures. Table 5 reports the normality statistics.

Table 5: Normality statistics for main variables.

Variable Skewness Kurtosis Acceptable Range

Optimism −.32 .28 ±2
Innovativeness −.18 .15 ±2
Discomfort .42 −.11 ±2
Insecurity .35 −.08 ±2
Engagement −.24 .31 ±2
Knowledge Acquisition −.15 −.22 ±2
Perceived Usability −.38 .42 ±2

Skewness values ranged from −.38 to .42 and kurtosis values from −.22 to .42, all within the acceptable range for
approximate normality. Residual plots and the Breusch and Pagan test indicated that homoscedasticity was satisfied
(χ2 = 5.5, df = 4, p = .24). Variance inflation factors ranged between 1.26 and 1.40, well below the conventional
threshold of 10, indicating no multicollinearity concerns [46]. Table 6 reports the multicollinearity diagnostics.

Table 6: Multicollinearity diagnostics (VIF values).

Predictor Tolerance VIF

Optimism .745 1.34
Innovativeness .793 1.26
Discomfort .715 1.40
Insecurity .776 1.29

4.2. Descriptive Statistics and Correlations

Participants reported moderate to high scores on optimism and innovativeness and relatively low scores on discomfort
and insecurity. Overall engagement was fairly high, indicating that most learners were moderately to strongly engaged
during the immersive activity, and perceived usability was generally positive. Knowledge-test scores were in the
upper-middle range, indicating meaningful learning relative to prior knowledge (prior-knowledge mean = 4.28, SD =
1.52). Table 7 presents the descriptive statistics.

Table 7: Descriptive statistics (N = 200).

Variable Mean SD Min Max

Optimism 3.78 0.72 1.75 5.00
Innovativeness 3.52 0.81 1.50 5.00
Discomfort 2.35 0.78 1.00 4.75
Insecurity 2.28 0.74 1.00 4.50
Engagement 3.84 0.69 2.08 5.00
Knowledge Acquisition 7.52 1.64 3.00 10.00
Perceived Usability (SUS) 72.40 12.80 35.00 97.50

Pearson correlation analysis examined the direction and strength of relationships among the study variables and
informed the subsequent regression and mediation analyses. Optimism and innovativeness were positively correlated
with engagement, knowledge acquisition, and perceived usability, whereas discomfort and insecurity were negatively
correlated with these variables. Engagement was positively correlated with knowledge acquisition (r = .44) and with
perceived usability (r = .52). Table 8 presents the correlation matrix.
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Table 8: Correlation matrix (Pearson’s r).

Variable 1 2 3 4 5 6 7

1. Optimism —
2. Innovativeness .42** —
3. Discomfort −.38** −.31** —
4. Insecurity −.29** −.24** .45** —
5. Engagement .49** .42** −.42** −.31** —
6. Knowledge .38** .34** −.36** −.25** .44** —
7. Usability .44** .38** −.41** −.29** .52** .48** —

Note: **p < .01 (two-tailed).

4.3. Predicting Engagement

Multiple regression showed that the technology readiness dimensions were significant predictors of engagement.
Optimism positively predicted engagement, indicating that learners with a positive disposition toward technology
reported higher engagement during the immersive experience. Innovativeness also positively predicted engagement,
with learners eager to explore new technologies appearing more willing to explore the immersive environment and to
persist through interaction difficulties. Discomfort negatively predicted engagement: learners who felt intimidated
by technology reported reduced participation, less exploratory behavior, and weaker emotional involvement. The
multivariate contribution of insecurity to engagement was small and did not reach significance, indicating that its
zero-order association (r = −.31, p < .001) was largely absorbed by its overlap with discomfort (r = .45). Collectively,
the readiness dimensions accounted for approximately one third of the variance in engagement (R2 = .35). Table 9
reports the results.

Table 9: Multiple regression predicting engagement (H1).

Predictor β B SE t p 95% CI

Optimism .30 .29 .06 4.48 < .001 [.16, .41]
Innovativeness .21 .18 .06 3.24 .001 [.07, .30]
Discomfort −.20 −.18 .06 −2.98 .003 [−.30, −.06]
Insecurity −.08 −.07 .06 −1.22 .22 [−.19, .05]

Note: Model summary: F(4, 195) = 25.86, p < .001, R2 = .35, adjusted R2 = .33.

These results support H1a, H1b, and H1c. H1d received partial support: insecurity showed the expected negative
bivariate association with engagement (r = −.31, p < .001) but its multivariate contribution was not significant (β =
−.08, p = .22), indicating substantial shared variance with discomfort.

4.4. Predicting Knowledge Acquisition

Regression analyses showed that optimism and innovativeness positively predicted knowledge acquisition. Learners high
in optimism appeared more ready to engage cognitively with the troubleshooting tasks, and more innovative learners
exhibited stronger exploratory interaction, which may have facilitated deeper learning. Discomfort was negatively
associated with knowledge acquisition, suggesting that anxiety or uncertainty about interacting with the technology
may have constrained learning. The multivariate contribution of insecurity to knowledge acquisition was not statistically
significant, again consistent with its overlap with discomfort. Prior knowledge remained a significant predictor of
posttest performance and was included as a control variable. Table 10 reports the results.

Table 10: Multiple regression predicting knowledge acquisition (H2a).

Predictor β B SE t p 95% CI

Optimism .22 .49 .16 3.10 .002 [.18, .80]
Innovativeness .17 .35 .14 2.60 .010 [.09, .62]
Discomfort −.20 −.42 .15 −2.81 .005 [−.71, −.12]
Insecurity −.06 −.12 .15 −0.82 .41 [−.42, .17]
Prior knowledge (control) .28 .30 .06 4.68 < .001 [.17, .43]

Note: Model summary: F(5, 194) = 17.03, p < .001, R2 = .31, adjusted R2 = .29. Prior-knowledge items were content-distinct from the
ten-item posttest; the two measures share no items (see Section 3.3).

These results support H2a for optimism, innovativeness, and discomfort. The contribution of insecurity to knowledge
acquisition was not significant in the multivariate model, consistent with its overlap with discomfort.

131



4.5. Predicting Perceived Usability

The readiness dimensions were also meaningfully associated with perceived usability. Optimistic learners evaluated
the immersive system more favorably, viewing the platform as easier to use and more effective, and more innovative
learners likewise reported higher usability. Discomfort was strongly and negatively associated with usability judgments:
learners who felt overwhelmed by technology tended to interpret the immersive experience as difficult or cognitively
demanding. The multivariate contribution of insecurity to usability was not significant, mirroring the engagement and
knowledge results. Table 11 reports the results.

Table 11: Multiple regression predicting perceived usability (H2b).

Predictor β B SE t p 95% CI

Optimism .26 4.57 1.24 3.69 < .001 [2.13, 7.01]
Innovativeness .19 2.94 1.07 2.76 .006 [.83, 5.05]
Discomfort −.22 −3.66 1.17 −3.14 .002 [−5.96, −1.36]
Insecurity −.07 −1.23 1.18 −1.04 .30 [−3.56, 1.10]

Note: Model summary: F(4, 195) = 20.45, p < .001, R2 = .30, adjusted R2 = .28.

These findings support H2b for the positive dimensions and for discomfort; the multivariate contribution of insecurity
to usability was not significant, mirroring the engagement and knowledge results.

4.6. Mediation Analysis

Bootstrapped mediation analysis using the Hayes PROCESS macro (Model 4), with confidence intervals based on
5,000 resamples [42], examined whether engagement mediated the relationship between the readiness dimensions and
the two learning outcomes. Engagement partially mediated the effects of technology readiness on both knowledge
acquisition and perceived usability. For optimism and innovativeness, positive readiness raised engagement, which in
turn raised knowledge acquisition and usability perceptions. For discomfort and insecurity, negative readiness lowered
engagement and thereby lowered both outcomes. Significant indirect effects were observed across all four pathways.
Because PROCESS Model 4 estimates each readiness dimension in a separate model, these indirect effects are bivariate
in nature and do not partial out the remaining readiness dimensions; the indirect effect reported for insecurity should
therefore be read in light of its substantial overlap with discomfort (r = .45), which left insecurity without a significant
unique contribution in the multivariate models reported in Tables 9 to 11. Table 12 reports the mediation results for
knowledge acquisition. Consistent with PROCESS Model 4 specifications, a separate mediation analysis was estimated
for each readiness dimension in turn, so that the engagement to outcome (b) path was re-estimated within each of
the four runs per outcome with the specific predictor controlled; per-path coefficients therefore differ slightly across
predictors.

Table 12: Mediation results for knowledge acquisition (H3).

Predictor (X) a (X→M) SE(a) b (M→Y |X) SE(b) c′ (X→Y |M) SE(c′) Indirect a×b 95% CI (boot)

Optimism .49 .062 .33 .072 .22 .072 .16 [.08, .24]
Innovativeness .42 .065 .36 .069 .19 .069 .15 [.08, .23]
Discomfort −.42 .065 .35 .069 −.21 .069 −.15 [−.22, −.08]
Insecurity −.31 .068 .40 .067 −.13 .067 −.12 [−.19, −.06]

Note: Standardized coefficients from PROCESS Model 4 estimated separately per readiness dimension (X). Standard errors are model-based;
95% confidence intervals for the indirect effect are bias-corrected bootstrap with 5,000 resamples. All indirect effects are significantly
different from zero.

A parallel mediation analysis evaluated whether engagement mediated the relationship between the readiness dimensions
and perceived usability, with indirect effects estimated using the same bootstrapping procedure. Table 13 reports these
results. Figure 2 illustrates an example mediation pathway, showing the indirect influence of optimism on knowledge
acquisition through engagement.

Across all four readiness dimensions, engagement emerged as a consistent and significant mediator, supporting H3.
These results indicate that readiness shapes learning outcomes not only directly but also through the behavioral,
emotional, and cognitive engagement that learners bring to the immersive process.
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Table 13: Mediation results for perceived usability (H3).

Predictor (X) a (X→M) SE(a) b (M→Y |X) SE(b) c′ (X→Y |M) SE(c′) Indirect a×b 95% CI (boot)

Optimism .49 .062 .40 .068 .24 .068 .20 [.12, .28]
Innovativeness .42 .065 .44 .066 .20 .066 .18 [.11, .26]
Discomfort −.42 .065 .42 .065 −.23 .065 −.18 [−.26, −.10]
Insecurity −.31 .068 .48 .063 −.14 .063 −.15 [−.22, −.07]

Note: Standardized coefficients from PROCESS Model 4 estimated separately per readiness dimension (X). Standard errors are model-based;
95% confidence intervals for the indirect effect are bias-corrected bootstrap with 5,000 resamples. All indirect effects are significantly
different from zero.

Figure 2: Mediation model example (Optimism → Engagement → Knowledge).

4.7. Structural Equation Modeling

The structural equation model showed good fit on conventional indices, and the integrated model explained a moderate
proportion of the variance in engagement, knowledge acquisition, and perceived usability. Path coefficients indicated
that optimism and innovativeness were positively associated with engagement, that discomfort was negatively associated
with it, and that engagement was positively associated with both learning outcomes. The direct path from insecurity to
engagement was in the expected negative direction but did not reach significance in the multivariate model, reflecting
its overlap with discomfort.

Prior to estimating the structural model, the measurement component was evaluated using a confirmatory factor
analysis with an item-parceled indicator structure chosen for parameter stability at N = 200 [44]. Each of the four TRI
2.0 dimensions was represented by two two-item parcels constructed by item-to-construct balancing; engagement was
represented by its three subscale scores (behavioral, emotional, cognitive); the System Usability Scale was represented by
two parcels formed from odd- and even-numbered items; and the ten-item knowledge test was included as an observed
composite with residual variance fixed to (1 − KR-20) × σ2. This parameterization yields 14 observed indicators and
14 × 15 / 2 = 105 unique variance/covariance moments; 47 parameters are freely estimated (7 factor loadings, 13
indicator residual variances, 4 exogenous latent variances, 6 exogenous covariances, 3 endogenous disturbances, and 14
structural paths under partial mediation), giving df = 105 − 47 = 58 for the model chi-square test. All standardized
factor loadings exceeded .70; Composite Reliability (CR) values ranged from .70 to .85 and Average Variance Extracted
(AVE) values from .53 to .70, satisfying conventional cut-offs. Discriminant validity was supported by the Fornell and
Larcker criterion: for every construct, the square root of AVE exceeded the largest inter-construct correlation. Table 14
summarizes the measurement-model estimates; Table 15 reports the discriminant-validity assessment.
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Table 14: Measurement model estimates (standardized loadings, CR, AVE).

Latent Construct Indicator Std. Loading (λ) CR AVE

Optimism Opt parcel 1 .82 .79 .65
Opt parcel 2 .79

Innovativeness Inn parcel 1 .80 .76 .61
Inn parcel 2 .76

Discomfort Dis parcel 1 .78 .73 .58
Dis parcel 2 .74

Insecurity Ins parcel 1 .75 .70 .53
Ins parcel 2 .71

Engagement Behavioral subscale .81 .85 .66
Emotional subscale .84
Cognitive subscale .79

Usability (SUS) SUS parcel 1 (odd items) .85 .82 .70
SUS parcel 2 (even items) .82

Knowledge (composite) Total score (error fixed via KR-20) — — —

Table 15: Discriminant validity (Fornell and Larcker criterion).

Construct
√

AVE Opt Inn Dis Ins Eng Usab

Optimism (Opt) .805 —
Innovativeness (Inn) .780 .42 —
Discomfort (Dis) .760 −.38 −.31 —
Insecurity (Ins) .730 −.29 −.24 .45 —
Engagement (Eng) .814 .49 .42 −.42 −.31 —
Usability (Usab) .835 .44 .38 −.41 −.29 .52 —

The integrated structural model showed good fit. Multiple goodness-of-fit indices were examined against commonly
recommended thresholds [47], including the chi-square ratio (χ2/df), the Comparative Fit Index (CFI), the Tucker
and Lewis Index (TLI), the Root Mean Square Error of Approximation (RMSEA), and the Standardized Root Mean
Square Residual (SRMR). As is typical at N ≥ 200, the model chi-square was statistically significant (χ2 = 89.4, df =
58, p = .005); because the chi-square test is known to be oversensitive to sample size, model fit was evaluated primarily
using the approximate indices summarized in Table 16.

Table 16: SEM model fit indices.

Fit Index Obtained Value Recommended Threshold Interpretation

χ2 89.4 — Significant (p = .005)
df 58 — —
χ2/df 1.54 < 3 (good) Excellent
CFI .96 ≥ .95 (good) Excellent
TLI .94 > .90 (acceptable) Good
RMSEA .052 < .06 (good); < .08 (acceptable) Good
RMSEA 90% CI [.029, .073] — —
SRMR .052 < .08 (acceptable) Good

The model showed excellent to good fit across all indices, indicating that the proposed framework is a realistic
representation of the underlying relationships. The explanatory power of the model was evaluated using R2 values for
the endogenous variables, reported in Table 17.

Table 17: Explained variance (R2) from SEM.

Endogenous Variable R2 Interpretation

Engagement .35 Readiness explains 35% of engagement variance
Knowledge Acquisition .27 Readiness and engagement explain 27% of learning variance
Perceived Usability .36 Readiness and engagement explain 36% of usability variance

Standardized path coefficients:

• Optimism → Engagement: β = .30***
• Innovativeness → Engagement: β = .21**
• Discomfort → Engagement: β = −.20**
• Insecurity → Engagement: β = −.08 (n.s.)
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Figure 3: Structural equation model with standardized coefficients.

• Engagement → Knowledge: β = .25**
• Engagement → Usability: β = .31***

Note: **p < .01; ***p < .001; n.s. = not significant. The direct path from insecurity to engagement did not reach
significance in the multivariate model. Direct paths from the readiness dimensions to the outcomes are reported in
Figure 3: discomfort → knowledge (β = −.15), optimism → usability (β = .16), and discomfort → usability (β =
−.16) were significant at p < .05, consistent with partial mediation, while the remaining direct paths were not. These
SEM path coefficients are partial standardized weights estimated with all readiness predictors and mediators specified
simultaneously; they therefore differ in magnitude from the corresponding a-paths and c′-paths reported in Tables 12
and 13, which come from separate PROCESS Model 4 runs in which the remaining readiness dimensions are not
partialled out.

4.8. Subgroup Findings

Participants with greater prior AR/VR experience showed significantly higher engagement than those with limited or
no experience. Younger participants reported slightly higher innovativeness, and professionals reported slightly higher
optimism than students. No significant gender differences emerged in either readiness or outcome variables. Because
familiarity with AR/VR systems may reduce technological uncertainty and improve interaction confidence, engagement
scores were compared across participants reporting no experience, occasional use, and frequent use, using one-way
ANOVA. Table 18 reports the results.

Table 18: Engagement by prior AR/VR experience.

Experience Level n Mean Engagement SD 95% CI

No experience 56 3.76 0.68 [3.58, 3.94]
Occasional use 84 3.82 0.71 [3.67, 3.97]
Frequent use 60 4.12 0.64 [3.96, 4.28]

Note: ANOVA: F(2, 197) = 4.88, p = .009, η2 = .047.

Post hoc comparisons showed that frequent users scored significantly higher than those with no prior experience
(Tukey HSD, p = .014, d = 0.55), while occasional users did not differ significantly from either group. Additional
independent-samples t-tests examined readiness differences across age groups and learner roles. Table 19 reports these
comparisons.
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Table 19: Subgroup comparisons by age and learner role.

Comparison Variable Group 1 Group 2 t / p d

Age (18 to 24 vs 25+) Innovativeness M = 3.68 (n = 128) M = 3.41 (n = 72) 2.26 / .025 0.33
Age (18 to 24 vs 25+) Discomfort M = 2.45 (n = 128) M = 2.21 (n = 72) 2.09 / .038 0.30
Learner role Optimism M = 3.68 (students, n = 150) M = 4.02 (professionals, n = 50) −2.89 / .004 0.47

Note: No significant gender differences emerged in readiness dimensions, engagement, or outcomes.

5. Discussion

5.1. Technology Readiness as a Central Determinant

The results indicate that technology readiness plays a meaningful role in how learners experience adaptive micro
immersive environments. Rather than being a peripheral, background characteristic, readiness appears to shape
engagement, learning, and usability perceptions at several stages of the immersive learning process. Learners high
in optimism and innovativeness approached the immersive environment more confidently and competently and were
more inclined to explore. These learners seemed more at ease with unfamiliar interfaces, more willing to interact
with adaptive controls, and more persistent when difficulties arose, which may have supported deeper behavioral
and cognitive engagement. By contrast, learners high in discomfort showed significantly weaker engagement and
poorer outcomes in multivariate models; insecurity also showed the expected negative bivariate associations, but
its multivariate contributions were largely absorbed by its overlap with discomfort (r = .45), suggesting that these
two inhibitor dimensions share substantial variance. Such learners may have devoted valuable cognitive resources
to managing uncertainty, anxiety, or skepticism rather than to the learning task itself, dividing their attention and
reducing learning. These findings support the view that the effectiveness of immersive learning cannot be explained by
technological sophistication or instructional design alone; psychological readiness toward technology is an important
and, until recently, underestimated factor.

5.2. Engagement as a Mediating Mechanism

One of the most important findings concerns the mediating role of engagement. Engagement partially mediated the
relationships between technology readiness and both knowledge acquisition and perceived usability, indicating that
readiness matters in part because it influences how behaviorally, emotionally, and cognitively engaged learners become
during the immersive experience. Optimistic and innovative learners appeared willing to immerse themselves in the
environment, explore the available tools, and remain focused, which may have supported deeper cognitive processing
and more robust experiential learning [17]. Learners who felt uncomfortable with the technology appeared reluctant
to engage, and for them reduced engagement may be a key pathway by which negative readiness impedes immersive
learning. Insecurity displayed the same bivariate pattern, but its unique contribution could not be separated from that
of discomfort once both inhibitors were modeled together, suggesting that the two may function as facets of a single
inhibitory disposition in this context. These findings align with the broader engagement literature, which consistently
emphasizes the importance of active participation in experiential learning, and extend it by showing that engagement
itself can be substantially shaped by learners’ predispositions toward technology.

5.3. Implications for Cognitive Load in Immersive Learning

The findings also contribute to understanding cognitive load in immersive settings. Prior research has often located the
main sources of extraneous load in interface complexity, sensory density, or instructional design. The present pattern of
results is consistent with the possibility that learner predispositions toward technology also bear on cognitive load, an
avenue that has received little attention. Learners high in discomfort may devote considerable attentional resources
to managing anxiety, uncertainty, or fear of making errors, while highly insecure learners may divide their attention
between the task and persistent concerns about the system’s reliability. In either case, fewer cognitive resources remain
available for the learning content. It must be emphasized, however, that cognitive load was not directly measured in this
study; the dispositional extraneous load account is therefore an interpretive proposition consistent with the observed
pattern of results rather than a mechanism demonstrated by them. Consequently, immersive environments can produce
fundamentally different cognitive experiences across learners even under objectively identical instructional conditions.
This insight helps explain why findings on immersive learning are sometimes inconsistent: the same environment may
be experienced as engaging by some learners and as demanding or intimidating by others, and individual differences in
readiness may be central to reconciling these mixed results.
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5.4. Implications for Adaptive Learning Design

The findings carry important implications for the design of adaptive immersive learning. Most current adaptive systems
personalize instruction primarily on the basis of performance or content mastery. This study suggests that learner
readiness toward technology should also be treated as a basis for adaptation. Readiness-aware strategies could include
simplified interfaces for low-readiness learners, gradual onboarding sequences, additional scaffolding and support,
adaptive pacing, optional guidance, and differentiated feedback styles. Learners high in innovativeness may benefit from
more exploratory environments, while learners high in discomfort may benefit from less complex interfaces. Importantly,
readiness-aware adaptation does not imply lowering expectations for anxious learners; rather, it aims to reduce the
unproductive cognitive and emotional burden that impedes meaningful participation.

5.5. Theoretical Contributions

The study contributes to educational technology research in several ways, and these contributions are stated strictly
in terms of what the cross-sectional data support. First, it provides empirical evidence that the TRI 2.0 readiness
dimensions are associated with engagement, knowledge acquisition, and perceived usability in an adaptive immersive
microlearning environment, an area that remains comparatively underexplored; optimism, innovativeness, and discomfort
retained independent effects in the multivariate models, whereas insecurity was associated with the outcomes bivariately
but shared most of its explanatory variance with discomfort. Second, it shows that engagement statistically mediates
part of the readiness and outcome associations, integrating readiness theory with engagement-based explanations
of immersive learning outcomes. Third, the pattern of results is consistent with the view that immersive learning
effectiveness depends partly on the interplay between technological affordances and learner predispositions, although
the cross-sectional design does not permit causal claims. Beyond these tested relationships, the paper advances three
conceptual propositions, namely dispositional extraneous load (Section 2.4), readiness-aware adaptation (Section 2.6),
and the temporal evolution of readiness (Section 2.7), as an agenda for future research; these propositions are not
empirically tested by the present data and should be read as hypotheses rather than validated theory. Finally, the work
contributes to the broader discourse on human-centered adaptive education by showing that psychological readiness
remains a meaningful correlate of learning experience even within technologically advanced learning systems.

5.6. Practical Implications

Implications for Educational Institutions. The implications set out below follow from the associations observed
here and from the design propositions developed in Section 2.6. Because they rest on a single brief immersive module
and a cross-sectional design, they should be read as provisional guidance rather than as evidence-based prescriptions.
Institutions adopting immersive learning should not assume that all learners share the same confidence and comfort
with immersive technologies. Pre-implementation assessment of readiness can help identify learners who may need
additional support or orientation. Institutions should also consider providing onboarding workshops, technical support,
low-pressure practice opportunities, and peer-mentoring structures, all of which can reduce anxiety and improve
interaction among low-readiness learners.

Implications for Instructional Designers. Instructional designers should recognize that interface simplicity and
emotional comfort can serve an educational function. Designs should balance immersive richness with cognitive
manageability, since unnecessarily complex interfaces can selectively disadvantage learners who already feel discomfort.
Adaptive scaffolding and transparent guidance can help minimize the cognitive load associated with low readiness.

Implications for Educators. Educators should interpret disengagement in immersive settings with care. Reduced
engagement may reflect discomfort with the technology rather than a lack of ability or intellectual capacity. Readiness-
sensitive instructional practices can therefore enhance the inclusion and participation of learners.

5.7. Limitations

Several limitations should be acknowledged. First, the cross-sectional design limits the strength of causal inference;
although the proposed framework specifies a temporal ordering of variables, unmeasured variables may also influence
the results. Second, the intervention was a relatively brief immersive module focused on technical troubleshooting,
and outcomes may differ for longer interventions, other disciplines, or more collaborative immersive settings. Third,
the sample consisted predominantly of moderately digitally literate learners with moderate educational experience;
readiness dynamics may differ where resources or connectivity are limited. Fourth, several variables relied on self-report,
which may introduce common-method bias. Fifth, volunteers in immersive learning research may already hold relatively
positive attitudes toward technology, which could constrain the observed range of readiness.
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Sixth, the study relied largely on psychological and perceptual measures rather than detailed behavioral analytics;
future work incorporating interaction logs, eye tracking, or physiological measures would help to clarify readiness-related
engagement patterns. In addition, discomfort and insecurity were substantially intercorrelated (r = .45), and insecurity
retained no significant unique contribution once discomfort was controlled; larger samples or refined inhibitor measures
are needed to establish whether the two dimensions are empirically separable in immersive learning contexts. Finally,
the conceptual propositions advanced in Sections 2.4, 2.6, and 2.7 (dispositional extraneous load, readiness-aware
adaptation, and the temporal evolution of readiness) remain untested by the present data and await direct empirical
evaluation.

5.8. Future Research Directions

Future research should examine technology readiness longitudinally across repeated immersive experiences, since
readiness may not be stable over time: positive immersive experiences may reduce discomfort and build confidence,
whereas frustrating experiences may heighten insecurity. Experimental studies comparing readiness-sensitive onboarding
strategies with conventional onboarding would provide valuable evidence on the effectiveness of adaptive support.
Cross-cultural studies are also warranted, since cultural attitudes toward technology may shape readiness dynamics.
Finally, readiness in high-stakes immersive environments, including medical simulation, emergency-response training,
and industrial safety education, merits dedicated investigation.

6. Conclusions

This study highlights the importance of technology readiness as a predictor of engagement and learning outcomes
in adaptive immersive microlearning. Learners do not enter immersive systems with equal psychological readiness,
and these differences are significantly associated with how they perceive, experience, and use immersive technologies.
Optimism and innovativeness supported stronger engagement and more favorable usability and learning outcomes,
whereas discomfort hampered engagement and the perceived effectiveness of the experience; insecurity showed the
same negative bivariate pattern but did not contribute uniquely once discomfort was taken into account. Engagement
emerged as a consistent statistical mediator linking readiness to outcomes, a pattern consistent with, though not
demonstrative of, a mechanistic role.

The findings suggest that the effectiveness of immersive learning depends not only on technological sophistication but
also on the extent to which learning environments accommodate the range of learner predispositions toward technology.
As immersive and AI-enabled systems become more prevalent in education, readiness-aware instructional design and
adaptive support may become increasingly important for delivering inclusive and effective learning. It should be
noted that the adaptive mechanisms in the present module were primarily rule-based rather than driven by advanced
machine-learning algorithms, which may limit the generalizability of AI-related conclusions; this is an important avenue
for future work.

More broadly, the study points to an implication for educational technology research: even the most modern learning
systems are heavily influenced by human psychological factors. Technological innovation alone cannot deliver meaningful
educational change unless learner readiness is identified, supported, and integrated into the design of immersive learning
experiences. These findings reinforce the value of human-centered adaptive learning design capable of accommodating
diverse learner readiness profiles.
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