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ABSTRACT

The digital transformation of education, driven by artificial intelligence (Al), has led to intelli-
gent learning systems that personalize instruction, predict student performance, and automate
assessments. However, the lack of transparency in Al-driven educational tools raises concerns
about trust and user acceptance, particularly in mobile and interactive learning platforms
used on-the-go by diverse users. Human-computer interaction (HCI) principles address these
issues by promoting user-centered design and interpretability, aligning with pedagogical goals.
Explainable AT (XAI) enhances this by making Al decisions understandable to educators and
students. This study reviews the intersection of Al, HCI, and XAI in mobile learning, analyzing
HCT’s role in interface design, Al methodologies in adaptive environments, and XAI techniques
for transparency. Findings highlight XAT’s benefits in trust and accountability, alongside chal-
lenges like interpretability trade-offs, privacy, and mobile deployment costs. A research agenda
isproposed to address these gaps, emphasizing ethical, transparent, and user-centric Al systems.

KEYWORDS

explainable AI (XAI), mobile learning, human-computer interaction (HCI), artificial intelli-
gence (AD), transparency, trust, education technology, adaptive learning, user-centered design,
privacy, ethical Al, machine learning (ML), interactive learning, mobile interfaces

1  INTRODUCTION

Digital transformation in education has become a priority worldwide, propelled
by widespread smartphone adoption, online learning platforms, and interactive
software. The integration of artificial intelligence (AI) into mobile educational tech-
nology has enhanced adaptive instruction, outcome prediction, and personalized
content delivery [11, 12]. Beyond Al, augmented reality (AR) is emerging as a tool
to enhance interactive learning experiences in mobile environments, addressing
engagement challenges in traditional e-learning [80]. Although AI systems can
significantly automate and optimize learning processes, they often act as “black
boxes,” making it difficult for educators, students, and administrators to fully trust

Boujia, M. A., Sabbane, M. (2026). Explainable Al for Mobile Learning: Enhancing Trust and Transparency through HCL. International journal of
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or comprehend machine-driven outcomes [13]. A recent study [78] highlights that
teachers’ attitudes toward adopting AR in K-12 education vary significantly across
cultural contexts, underscoring the need for transparent and user-centric designs
in mobile learning technologies. In Arabic countries, research indicates a growing
adoption of Al in mobile learning environments, with a notable shift toward person-
alized and resilient educational practices since 2018 [79].

Human-computer interaction (HCI) addresses these user-centric concerns,
shaping the design of mobile learning technologies to meet learners’ cognitive
and socio-emotional needs [14]. Recently, a confluence of HCI and AI has emerged
to address the transparency and trustworthiness of mobile intelligent systems in
real-world educational contexts. Explainable AI (XAI) specifically aims to provide
human-understandable justifications for Al decisions [15]. This is particularly
important in education, as teachers and students need clear explanations about Al
recommendations and evaluations in mobile learning.

Contributions and Objectives. This paper presents a systematic review of the
research on HCI, Al, and XAI within educational settings with particular emphasis
on mobile and interactive learning technologies. The goals are:

a) To identify the role of HCI in designing user-centered mobile educational
interfaces.

b) To review key concepts and methodologies in Al that underpin modern adaptive
mobile learning environments.

¢) To analyze existing XAI techniques and how they enhance transparency and
trust in Al-driven mobile educational tools.

d) To investigate how XAI can be harnessed to address challenges like student moti-
vation, accessibility, and ethical use of Al in mobile education.

e) To present open issues and recommendations for future research in XAI for
interactive and mobile learning.

A recent study [7] shows that students in the humanities and social sciences are
more likely to adopt Al educational applications if they provide clear explanations,
highlighting the importance of XAI in mobile contexts where technical constraints,
such as battery limitations and intermittent connectivity, require optimized solu-
tions. This paper places particular emphasis on these challenges specific to mobile
platforms to ensure that intelligent systems remain accessible and effective in
diverse learning environments.

The remainder of this paper is structured as follows: Section 2 outlines the sys-
tematic review approach, including explicit ethical considerations and methodolog-
ical transparency. Section 3 discusses HCL and Al foundations. Section 4 examines
the main characteristics of machine learning (ML) relevant to mobile education.
Section 5 explores the intersection of HCI and Al, leading into the concept of XAl and
its techniques in Section 6. Section 7 focuses on the applications and challenges of XAl
within mobile/interactive education. Finally, Sections 9 and 10 provide conclusions
and propose directions for future research.

2  METHODOLOGY OF THE REVIEW

This systematic literature review (SLR) examines the intersection of HCI, Al, and
XAI in mobile and interactive education, following the PRISMA 2020 guidelines [10]
and Okoli’s SLR framework [9] for rigor and transparency. Spanning 2019-2024, the
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review captures recent advancements in explainability, justified by the post-2018
surge in XAl research following DARPA’s program launch [15]. The process involved
keyword searches, systematic screening, and data synthesis, detailed below.

2.1 Research questions

Aligned with the objectives stated in the introduction, we formulated the follow-
ing research questions:

(RQ1) What are the challenges in HCI when developing mobile educational soft-
ware interfaces?

(RQ2) Which ML techniques are widely applied to solve educational problem:s,
and how do their key characteristics—like transparency and fairness—affect
mobile users?

(RQ3) What are the prevalent approaches in XAl relevant to mobile education,
and how are they validated?

(RQ4) What are the open problems and future research directions for imple-
menting XAl in interactive and mobile learning environments?

2.2 Search strategy and data sources

Following the procedures outlined by [9] and updated PRISMA guidelines
[10], we used combinations of keywords, including “HCL” “Human-Computer
Interaction,” “Explainable Artificial Intelligence,” “XAL” “mobile learning,” “interac-
tive learning,” “Machine Learning,” “Adaptive Learning,” “User-Centered Design,” and
“Transparency in AL”

Searches were conducted across multiple academic databases to maximize cov-
erage. Although databases such as IEEE, ACM, ScienceDirect, and SpringerLink
are reputable, this selection might introduce potential bias by underrepresenting
regional studies from developing countries or publications from open-access repos-
itories. Future reviews could include databases such as ERIC or open-access sources

such as arXiv to ensure a more globally inclusive perspective.

e Google Scholar

e [EEE Xplore

e ACM Digital Library
e ScienceDirect

e SpringerLink

We limited our search to peer-reviewed articles, conference proceedings, and
published book chapters from 2019 to 2024 to capture the most current develop-
ments in these rapidly evolving fields [6]. The methodology rigorously followed
PRISMA guidelines. We justified the selection period (2019-2024) by referencing key
milestones such as the DARPA XAI program launched in 2018, marking significant
growth and increased research in explainability techniques. A systematic screening
process was then carried out, involving duplicate removal, title/abstract inspection,
and full-text evaluation. Articles that did not address the intersection of HCI, ML, or
XAI within mobile or interactive educational settings, or that lacked empirical or
theoretical contributions, were excluded.

6 International Journal of Interactive Mobile Technologies (iJIM) iJIM | Vol. 20 No. 4 (2026)
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Table 1. Al in education data sources

Description

A freely accessible search engine that
indexes scholarly articles from various
disciplines.

Relevance to Al in Education

Contains a vast number of Al-related
papers, including explainability and mobile
HCI studies.

IEEE Xplore A digital library for research papersin | Provides high-quality peer-reviewed papers
electrical engineering, computer science, | on Al methodologies and their applications
and related fields. in mobile.

ACM Digital A comprehensive database for Focuses on Al human-computer interaction,

Library computing and information technology | and software-bhased educational research,
research. including mobile apps.

ScienceDirect | A scientific database covering a wide Offers access to interdisciplinary research on
range of academic disciplines, including | Al-driven mobile education and pedagogy.
Al and education.

SpringerLink | An academic publisher providing access | Includes key journals and conference

to journals and conference proceedings
in multiple fields.

proceedings relevant to Al-driven and
XAl-based mobile learning.

ScienceDirect

SpringerLink

Google Scholar

ACM Digital Library

IEEE Xplore

Fig. 1. Distribution of Al and XAI articles (2019-2024) by database

2.3 Inclusion and exclusion criteria

Inclusion Criteria:

e Papers published from 2019 onward to capture the recent surge in XAI research.
e Studies discussing Al-based educational tools with a mobile or interactive learn-
ing component.
e Peerreviewed journal articles, conference proceedings, and relevant
review articles.
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Exclusion Criteria:

Non-English publications.

Studies focusing solely on healthcare or industry applications without any educa-
tional or mobile/interactive perspective.

Duplicated or incomplete papers.

Grey literature (preprints, white papers, or industry reports) was deliberately
excluded from this review due to concerns regarding the quality assurance
and peer-review process, potentially affecting the reliability of the synthe-
sized findings.

Justification of Inclusion/Exclusion Criteria:

Why choose 2019 as the starting point? XAI underwent rapid development
after 2018, with a significant expansion of interpretability techniques across
various domains, including mobile education.

Mobile/Interactive Filter: We specifically filtered for studies that examined how
Al or XAI is implemented or tested on smartphones, tablets, or other interactive
learning interfaces.

310 Records Identified

198 Records Screened

[140 Full-text Articles Assessed]

112 Records Excluded

(58 Full-text Articles Excluded] 112 Studies Included

Fig. 2. PRISMA flow diagram: Number of records included and excluded

2.4 Ethical approval statement

This systematic review does not involve direct human participants, as no primary

data collection was conducted. However, included studies involving human subjects
adhere to recognized ethical standards, such as the Declaration of Helsinki. Beyond
this, the deployment of XAI in mobile learning raises ethical implications, includ-
ing data privacy risks from student usage analytics, potential algorithmic bias in
Al recommendations, and the need for transparency to ensure trust among users.
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These concerns are further explored in Section 7, emphasizing their relevance to
responsible Al adoption in education.

2.5 Review process

Titles and abstracts were initially screened to remove unrelated papers. Full texts
of the remaining articles were subsequently reviewed. Key findings were tabulated
under: (1) study context, (2) AI/HCI methods, (3) XAl techniques, (4) mobile/interac-
tive aspects, and (5) limitations/gaps.

3  BACKGROUND OF RESEARCH

This section highlights core foundations of HCI and Al underscoring their rele-
vance in shaping mobile and interactive educational technologies.

3.1 HCILineducation

Human-computer interaction focuses on creating effective dialogues between
humans and computers [16]. In mobile education, HCI principles ensure that apps,
e-textbooks, and interactive simulations are accessible, engaging, and aligned with
student needs [14].

A recent article [7] identifies transparency as a key determinant of students’
intention to use Al in academic contexts, a critical factor for mobile applications
where trust is essential due to limited interfaces and brief interactions. This observa-
tion underscores the necessity of integrating XAl to meet user expectations in digital
educational environments.

1. Usability in Mobile Settings: Usability is a critical determinant of the effective-
ness of Al-driven mobile educational systems, ensuring that students, educators,
and administrators can efficiently interact with these technologies on small screens.
The classic metrics (effectiveness, efficiency, and satisfaction) remain crucial but are
adapted to shorter interaction times, on-the-go usage, and potentially limited device
capabilities. The usability of Al-based educational tools can be quantitatively assessed
through key metrics, as defined by international standards such as ISO 9241.

Key Metrics for Usability Evaluation: The usability of Al-driven educational
systems is measured through three primary metrics: effectiveness, efficiency, and
satisfaction. These metrics provide a mathematical framework for assessing the
interaction between users and the system.

Effectiveness: Effectiveness measures the extent to which users can achieve
specified learning goals using the system. It is calculated as:

T
Effectiveness = (?SJ x 100 (1)
t

where:
e T =Number of successfully completed tasks,
e T,=Total number of tasks attempted.

A higher effectiveness score indicates a system that enables users to complete
their learning objectives with minimal difficulties.

International Journal of Interactive Mobile Technologies (iJIM) 9
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3.2

Efficiency: Efficiency evaluates the time required by users to complete a task
relative to the expected duration. It is computed as:

Y En
2.2

Efficiency = — -1

NR @)

where
N = Total number of tasks,
R = Number of users,
n,; = Completion status of task i by user (1 if completed, 0 if not), and
t; = Time taken by user j to complete task i (in seconds).

Higher efficiency values indicate that users can perform tasks in a shorter time
frame, reflecting better system usability.

Satisfaction: Satisfaction is a subjective measure derived from user feedback
on the overall experience with the system. It is expressed as:

Satisfaction Rate = x100 (3)

S+ (Ux0.5)
P

where
e S=Number of successful attempts,
e U =Total number of users, and
e P =Total number of tasks performed.

Higher satisfaction scores indicate a positive user experience, which is essen-
tial for Al-based educational systems to gain user trust and widespread adoption.

. Human-Centered Design (HCD): is a user-focused methodology that ensures

Al-driven educational systems are designed iteratively to meet the cognitive and

pedagogical needs of learners and instructors. This approach incorporates:

o Iterative User Research: Conducting frequent user studies to understand
students’ and teachers’ needs.

o Prototyping: Developing and refining system prototypes to enhance usability
before full implementation.

o User Testing: Employing usability testing methods to gather feedback and
optimize system design.

o Personalization: Tailoring Al interactions based on user preferences and
learning behaviors to maximize engagement.

Human-centered design ensures that Al-driven learning technologies remain

intuitive, effective, and adaptable, thereby improving overall usability and adoption
in educational settings.

Al in education

Al'has revolutionized many domains, including education, by enabling intelligent

systems capable of classification, prediction, decision-making, and problem-solving
[17]. These systems often surpass human-level performance in specific tasks, offering
enhanced personalization and automation in mobile-first learning environments.

10 International Journal of Interactive Mobile Technologies (iJIM) iJIM | Vol. 20 No. 4 (2026)
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e Machine Learning (ML): Critical in adaptive learning, automated assessment,
and real-time performance prediction on mobile devices.

¢ Deep Learning (DL): Effective for complex tasks like automated feedback on
essays or voice-based coaching in language apps [18].

e Natural Language Processing (NLP): Enables chatbots and real-time text or
speech feedback, essential for on-the-go mobile learning [19].

Machine Learning in

Bias in ML models

Fairness
Bias mitigation techniques

Language/socio-economic
disparities

Accountability
Education

Autonomy

Risk of misalignment with
teachers

Fig. 3. Mind map: The characteristics of ML in education

4  CHARACTERISTICS OF ML IN EDUCATION

Impact on student futures

False positives/negatives

Human oversight required

Adjusting content difficulty

Adaptive tutoring systems

Machine learning models in the educational domain handle large volumes of
heterogeneous data, including test scores, LMS log files, and mobile usage analytics.
The key ML characteristics relevant to educational tools include:

Table 2. Characteristics of ML and associated algorithms (Part 1)

ML Characteristic Definition AT A!gorlthms/
Techniques
Supervised Learning ML models learn from labeled training | e Linear Regression
data, making predictions based on past | e Logistic Regression
observations. e Support Vector Machines (SVM)
e Decision Trees
¢ Random Forest
o Artificial Neural Networks (ANN)
Unsupervised Learning | ML models identify patterns in o K-Means Clustering
unlabeled data, often used for clustering. | e Principal Component Analysis
e DBSCAN
e Autoencoders
Reinforcement Learning | An agent learns by interacting with an | e Q-Learning

environment and receiving rewards
or penalties.

e Deep Q-Networks (DQN)
e Policy Gradient Methods

Deep Learning

Uses multi-layer neural networks
to learn complex patterns in data.

o CNNs for image processing
o RNNs for sequential data
e Transformers for NLP

International Journal of Interactive Mobile Technologies (iJIM) 1
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Table 3. Characteristics of ML and associated algorithms (Part 2)

ML Characteristic Definition ool A!gorlthms/
Techniques
Explainability Ensuring ML models provide e SHAP, LIME
and Transparency Interpretable decisions. o Feature Importance
o Rule-Based Explanations
Fairness and Bias Reducing hiases to ensure o Adversarial Debiasing
Mitigation equitable outcomes. o Reweighing Techniques
Efficiency and Scalability | Ensuring ML models can handle e Distributed Computing
large datasets. e Model Compression
e Federated Learning
Privacy and Security Protecting user data and ensuring o Differential Privacy
secure deployment. e Secure MPC
e Homomorphic Encryption

Efficiency and scalability in mobile contexts. In mobile learning environ-
ments, the efficiency and scalability of ML models are crucial due to device hardware
constraints, such as limited computing power and battery consumption. Techniques
such as model compression (e.g., knowledge distillation) and federated learning
enable local execution of predictions on smartphones, thereby reducing reliance on
constant connectivity and minimizing the impact on battery life. These approaches
are particularly relevant for deploying XAI systems in mobile educational contexts,
where users expect fast and reliable responses even offline.

4.1 Accountability and fairness

Educational Al systems can have high-stakes impacts on student outcomes,
necessitating careful scrutiny of false positives (e.g., incorrectly labeling a student as
at risk) and biases that may disadvantage certain demographic groups [20].

4.2 Transparency and explainability

Model transparency is critical when educational decisions rely on Al predic-
tions. Providing explanations of how the Al arrived at a recommendation or grade is
essential for trust [21], especially on mobile devices where user attention is limited.

4.3 Trustworthiness and privacy

Teaching staff and students must trust that sensitive data remain protected [22].
Privacy-enhancing techniques like differential privacy and secure multiparty com-
putation are increasingly explored in educational ML systems, including mobile
usage logs.

5  INTERSECTION OF HCI AND AI
5.1 User modeling and personalization in mobile apps
Artificial intelligence-driven user models tailor instructional strategies to individ-

ual learners’ needs [23], while HCI ensures these adaptive elements are comprehen-
sible, relevant, and minimally intrusive on small screens.

12 International Journal of Interactive Mobile Technologies (iJIM) iJIM | Vol. 20 No. 4 (2026)
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5.2 Intelligent tutoring systems (ITS)

Artificial intelligence automates content delivery and feedback loops, while HCI
guides interface design to maintain student engagement. In mobile environments,
micro-learning modules and gamified-feedback loops are common [24]. Studies such
as [80] demonstrate that AR in mobile learning can boost student engagement and
knowledge retention, suggesting a synergy with Al-driven personalization when
paired with HCI principles.

5.3 Conversational agents

Chatbots and dialogue systems provide real-time support, often via smartphones.
HCI fosters usability and acceptance, ensuring smooth conversation flows and
mitigating frustration due to connectivity constraints [25].

54 XAI

Bridges the gap between AI's computational processes and the user’s understand-
ing of these processes, pivotal in building trust in mobile educational settings.

6  EXPLAINABLE ARTIFICIAL INTELLIGENCE XAI

Explainable artificial intelligence aims to render Al outputs interpretable for
human users [15]. Explanations help educators and students understand Al deci-
sions and build trust [21]. In mobile learning, designing concise and context-sensitive
explanations is key.

6.1 Text-based explanations

Generate rationales or textual summaries (e.g., how a student’s short-answer
grade was derived). Particularly useful in language-based tasks (e.g., mobile ESL
apps) [26].

6.2 Local vs. Global explanations

e Local explanations: Clarify individual predictions, e.g., highlighting features
that led to a low score for a specific learner.

¢ Global explanations: Outline overall model behavior, relevant for instructors
tracking entire classes [27].

6.3 Visual explanations
Graphical representations (e.g., heatmaps, interactive dashboards) can illustrate

how a deep learning model weighted different features [28]. On mobile screens,
these must be succinct.

International Journal of Interactive Mobile Technologies (iJIM) 13
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6.4 Rule-based methods

Decision rules extracted from classifiers can be simpler to understand, support-
ing partial automation of teacher tasks [29].

7  XAIIN EDUCATION

While XATI has seen notable progress in domains such as healthcare and finance,
its application in mobile education is still emerging. Table 4 summarizes exem-
plary research.

Table 4. Sample XAl research in education

Study Technique Used Outcome/Challenges
[30] | Local Explanation + Intelligent Tutor Found teachers trust local explanations
more; explanation quality varied with topic
complexity.
[31] | Visual Explanation in an Adaptive Learning Students reported higher trust and acceptance;
Platform teachers needed more comprehensive
dashboards.
[32] | Rule-based Explanations in Automated Improved transparency for educators; potential
Essay Scoring risk of over-simplification.

7.1 Challenges in XAI for mobile education

Interpretability vs. Performance: Highly complex models often show better
predictive performance but are less interpretable [21]. This trade-off is critical in
mobile learning, where simple explanations are essential due to limited screen space
and user attention. Adaptive explanation mechanisms offer a solution by tailoring
outputs to user needs—e.g., providing concise rule-based summaries for students
while reserving detailed feature importance analyses for educators via a companion
desktop interface [29].

Contextual Adaptation: Explanations suitable for a mathematics teacher may
be too technical for parents or students [30]. Adaptive mechanisms can mitigate this
by dynamically adjusting explanation complexity, e.g., offering a simplified “You
need practice with fractions” to a student and a detailed “Low scores stem from
denominator errors” to a teacher, enhancing relevance across stakeholders.

Explainability Metrics: Universal metrics to quantify how well an explanation
is understood are lacking. The educational domain needs domain-specific measures
for explanation quality, factoring in pedagogical goals [33].

Privacy and Ethical Concerns: Balancing Al transparency with data privacy laws
is challenging [22]. The ethical implications of XAI in mobile learning extend beyond
compliance with research standards. For instance, student data collected via mobile apps
(e.g., quiz responses, interaction logs) may be vulnerable to breaches, necessitating robust
privacy safeguards like differential privacy [22]. Algorithmic bias poses another risk: an
XAI'model trained on skewed datasets might disproportionately flag certain demograph-
ics as “at-risk,” reinforcing inequities [20]. Transparency, a core XAl goal, mitigates these
issues by exposing decision rationales—e.g., clarifying why a student received a specific
recommendation—thus empowering users to challenge or refine Al outputs.
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User Interface and Design: Even robust XAl algorithms require mobile-centric
interface design for acceptance in daily teaching practice [14].

8  PRACTICAL RELEVANCE AND IMPLEMENTATION
IN MOBILE LEARNING

8.1 Real-world case studies

Duolingo’s AI-Powered Feedback: Provides short, context-aware explanations
for grammar mistakes. User acceptance is high, but some critics note that explana-
tions can oversimplify advanced linguistic rules.

Google Classroom Al Extensions: Automated quiz grading with minimal
explanation snippets. Teachers appreciate saved time but demand deeper person-
alization of feedback.

Adaptive Nudging Apps: Real-time interventions for student engagement,
explaining why a user is flagged as disengaged.

Comparative Analysis of Mobile AI vs. XAlI-Based Learning: XAI tutors dif-
fer fundamentally from traditional Al-driven mobile systems by providing transpar-
ency in decision-making processes. For instance, while conventional Al systems may
only present predictions about student performance, XAI tutors offer explanations
enabling learners and educators to understand reasoning, leading to increased ped-
agogical effectiveness and trust.

Challenges in Deploying XAI for Mobile Learning: Additional discussion
focuses explicitly on resource constraints such as battery limitations, computa-
tional power, and connectivity issues affecting mobile deployments. Lightweight or
offline-compatible XAI models should be prioritized to ensure broader accessibility,
especially in low-resource environments.

Teacher and Student Perspectives: We incorporated a detailed discussion of
mobile user expectations, highlighting the demand among educators for clear expla-
nations to support instructional decisions and student preferences for transparent, per-
sonalized feedback. Studies indicate that when XAI systems explicitly clarify decision
processes, user trust and educational outcomes improve significantly. Research by [78]
indicates that teachers in Palestine exhibit a more positive attitude toward AR-supported
learning (mean score 3.99) compared to their Swedish counterparts, suggesting that XAl
could further enhance trust by aligning explanations with diverse pedagogical needs.

Development of Case Studies with Mobile Constraints: For Duolingo, contex-
tual explanations provided on mobile, such as “You confused the preterite with the
present perfect,” are optimized for minimal resource consumption, using lightweight
pre-computed models for offline access. User feedbackindicates that these explanations
are generally appreciated for their clarity, although some learners highlight a lack
of detail regarding complex errors, emphasizing the need for adaptive explanations
that consider screen and battery constraints. Regarding Google Classroom, Al exten-
sions that automate quiz grading on mobile significantly reduce teachers’ workload,
but feedback highlights a demand for simplified visual dashboards adapted to small
screens to better interpret predictions in dynamic teaching contexts.

8.2 Apractical framework for XAIin mobile learning

To facilitate the integration of XAI into mobile learning tools, we propose a prac-
tical four-step framework:
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1. Identification of User Needs: Determine specific expectations (e.g., simple
feedback for students, detailed analytics for teachers).

2. Selection of Suitable XAI Techniques: Choose methods such as decision rules
for students or SHAP for teachers via a complementary interface.

3. Optimization for Mobile Constraints: Pre-compute explanations for offline
access and minimize resource usage (e.g., CPU, battery).

4. Iterative Testing: Validate the system with users on real devices to ensure
usability and effectiveness.

This framework can be applied to tools such as Duolingo, where simple textual
explanations are pre-computed for mobile students, or Google Classroom, where
adaptive visual dashboards are provided to teachers.

Table 5. Best practices for implementing XAI in mobile learning

Stakeholder XAI Technique Mobile Adaptation
Students Simple text explanations (e.g., “You missed | Short and readable on small screens,
this rule”) precomputed for offline use Scalable
Teachers Visual dashboards (e.g., feature importance | designs, synced with the desktop for
graphs) deeper analysis Optimized for low CPU/
Developers Lightweight rule-based models battery, supports adaptive complexity

8.3 Mobile usability and classroom implementation

The integration of XAI into mobile learning environments must account for
usability constraints inherent to mobile devices, such as limited screen size, pro-
cessing power, and battery life. For instance, displaying a detailed visual explana-
tion (e.g., a heatmap) on a five-inch smartphone screen requires simplified, scalable
designs to remain legible [14]. Similarly, low computational resources on budget
devices—common in educational settings—necessitate lightweight XAI models,
such as rule-based explanations over complex SHAP computations [29]. Connectivity
issues further complicate real-time XAI delivery, suggesting a need for offline-
capable solutions such as pre-computed explanations stored locally. In practical
classroom scenarios, XAl can enhance mobile learning by providing actionable
insights. For example, a teacher using a mobile app powered by XAI might receive an
alert that a student struggles with fractions, accompanied by a concise explanation
(e.g., “The student consistently misapplies the denominator in division tasks”). This
allows immediate intervention during a lesson, leveraging the portability of mobile
devices. Students, meanwhile, could interact with an XAl-driven app that explains
personalized quiz feedback on-the-go, fostering self-directed learning in diverse
contexts—such as a bus ride or a rural school with limited infrastructure [31].

8.4 Cost and infrastructure challenges

Many mobile learning settings, especially in underprivileged regions, face lim-
ited computing resources and sporadic connectivity. Deploying XAI frameworks in
such environments requires lightweight or offline-capable approaches.
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8.5 Policy implications for educational AI governance

Beyond technical advancements, robust policy frameworks are essential for
the responsible adoption of XAI in mobile learning. UNESCO, in its 2021 report
Al and Education: Guidance for Policy-Makers, recommends that Al educational tools
adhere to standards of transparency and fairness, supporting the use of XAI to
audit algorithmic decisions and ensure equitable access, particularly in resource-
constrained schools [74]. The General Data Protection Regulation (GDPR) in Europe
(Article 22) mandates explanations for automated decisions affecting individuals,
directly applicable to personalized recommendations in mobile educational appli-
cations [75]. Similarly, the Children’s Online Privacy Protection Act (COPPA) in the
United States safeguards minors’ data, imposing strict constraints on the analysis
of mobile logs, especially for students under 13 [76]. A bibliometric analysis [79]
reveals that Al-powered M-learning platforms in Arabic countries face challenges
like limited international collaboration and ethical concerns, reinforcing the need
for lightweight XAl solutions tailored to low-resource settings. Institutions could thus
require mobile XAI applications to be certified GDPR-compliant, with explanations
accessible to parents to enhance trust. Furthermore, the European Al Strategy,
updated in 2024, promotes ethical Al in education, encouraging the development of
lightweight XAI models for low-connectivity environments, thereby reducing digital
disparities [77].

9 CONCLUSION

Artificial intelligence-driven tools are reshaping the educational landscape by
personalizing learning pathways, automating assessments, and supporting at-risk
students early. Yet, opaque ML models risk creating mistrust among teachers, stu-
dents, and parents. These issues become more significant in mobile learning because
of small screens and diverse usage contexts.

Human-computer interaction and XAI hold promise for resolving these concerns
by offering understandable, transparent, and user-centric intelligent systems. This
systematic review shows how:

e HCI ensures mobile-friendly design, balancing usability with robust Al features.

e XAI enhances trust and accountability, although challenges remain (interpret-
ability performance trade-off, privacy).

e Practical relevance includes real-world cost barriers, teacher training needs, and
robust ethical frameworks.

10 FUTURE DIRECTIONS

Severalavenuesmeritfurtherresearchformobileandinteractivelearningcontexts:

Domain-Specific Explainability: A clear roadmap for integrating XAI into
mobile learning platforms should include iterative prototyping, stakeholder feed-
back loops, and adaptive explanation mechanisms considering both technical con-
straints and user contexts.

Longitudinal User Studies: Extended trials with diverse student populations,
capturing usage patterns over time on different mobile platforms.

International Journal of Interactive Mobile Technologies (iJIM) 17


https://online-journals.org/index.php/i-jim

Boujia and Sabbane

Interdisciplinary Research: Educators and developers should prioritize inte-
grating lightweight, user-friendly XAI features in mobile apps to enhance practical
adoption in diverse learning environments.

Adaptive Explanation Mechanisms: Systems that automatically adjust expla-
nation depth based on user expertise or device context, especially for limited band-
width scenarios.

Privacy-Preserving XAI: Combining cryptographic methods or federated learn-
ing with local interpretability solutions to mitigate data privacy risks in mobile usage
analytics.

By addressing these gaps, we can further ensure that mobile Al-driven edu-
cational systems remain trustworthy, fair, and aligned with pedagogical goals—
contributing to the broader discourse on responsible Al adoption in modern, inter-
active learning contexts.

Acknowledgments: We thank the anonymous reviewers whose feedback
helped strengthen the focus on mobile/interactive learning and the explicit ethical
considerations in this systematic review.
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ABSTRACT

Student performance evaluation is a crucial aspect of improving the quality of higher edu-
cation. This study aims to develop and test an intelligent mobile system based on expert
systems for evaluating students’ academic performance. The model is designed to iden-
tify key factors influencing student performance and provide more objective, data-driven
assessments. Structural equation modeling (SEM) is used to analyze the relationships
between variables involved in this evaluation system. Data were collected from students
in Universitas Negeri Padang, with students from several departments, and analyzed using
SEM to test the validity and reliability of the developed model. The findings indicate that
this intelligent mobile system enhances the accuracy of student performance evaluation and
provides deeper insights for academic decision-makers. With the implementation of this
expert system, educational institutions can optimize learning strategies and academic man-
agement more effectively.

KEYWORDS
student performance evaluation (SPE), intelligent mobile system, expert system, structural
equation modeling (SEM), higher education, evaluation model, technology-based learning

1  INTRODUCTION

The evaluation of student performance is a key component of academic devel-
opment and is essential for maintaining the quality of higher education. Accurate
assessment methods help identify students’ strengths and weaknesses, guide learn-
ing strategies, and support institutional policy decisions [1]. However, traditional
approaches that rely on written examinations and instructor judgments often
face issues of subjectivity, inconsistency, and limited real-time feedback [2]. These
limitations highlight the need for more precise, data-driven evaluation mecha-
nisms. The digitalization of assessment processes offers a strong solution to these
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challenges [3]. With intelligent evaluation systems integrating multiple academic
indicators such as exam scores, assignments, participation, and behavioral engage-
ment to produce comprehensive assessments [4].

The digitalization of student evaluation processes provides a transformative solu-
tion to these challenges [5]. Advances in artificial intelligence (AI) and expert systems
enable automated performance assessments that are more transparent, standard-
ized, and efficient [6]. Intelligent evaluation systems integrate academic indicators
such as exam scores, assignments, participation, and behavioral engagement to
produce comprehensive assessments [7]. Supported by real-time analytics and
machine learning algorithms, these systems also deliver immediate feedback, help-
ing students identify areas for improvement and adjust their learning strategies
accordingly [8].

The integration of data-driven evaluation methods also enables educators to
gain deeper insights into student learning patterns [9]. Predictive analytics can
identify students at risk of underperformance, allowing timely interventions and
personalized support, while long-term tracking of academic progress strength-
ens institutional decision-making for curriculum development and resource
allocation [10]. These advancements support a more adaptive and responsive edu-
cation system. However, implementing intelligent evaluation systems also presents
challenges [11]. The accuracy and reliability of Al-driven assessments depend heav-
ily on data quality and algorithm robustness, and ethical issues, particularly privacy
and fairness, must be addressed to prevent potential biases [12]. Additionally, ade-
quate digital literacy among educators and students is essential for successful system
adoption [13].

Higher education institutions play a crucial role in developing students’ skills
and preparing them for professional success. A major challenge they face is ensur-
ing accurate and fair assessment of student performance [14]. Traditional methods
such as written exams and subjective instructor grading often fail to capture the full
range of student competencies and are prone to bias, inconsistency, and limited real-
time feedback. These shortcomings underscore the need for a more comprehensive,
data-driven, and intelligent evaluation system [15].

The rapid digital transformation of higher education has opened new opportuni-
ties to improve student assessment. Integrating intelligent systems into evaluation
processes allows automated performance analysis, minimizing human subjectivity
and enhancing accuracy [16]. Using artificial intelligence and expert systems, assess-
ments can be generated objectively based on indicators such as coursework perfor-
mance, participation, and learning engagement. This digitalization also promotes
transparency and efficiency, enabling students and educators to track academic
progress in real time.

Transparency is another essential aspect of student performance evaluation.
Students frequently question the fairness of grading, particularly when feedback
is unclear or inconsistently applied. Intelligent mobile systems address this con-
cern by standardizing evaluation metrics and assessing performance based on
predefined criteria. This structured approach strengthens trust among students
and faculty while ensuring that assessment outcomes align with institutional
objectives.

This approach reduces human bias and improves the reliability of perfor-
mance evaluations, enabling more effective monitoring of academic progress and
timely feedback for students and educators [17]. Transparency remains a crucial
concern, as students and stakeholders increasingly expect objective evaluation
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criteria aligned with learning outcomes. Intelligent systems address this expecta-
tion by applying predefined metrics and analytical models, ensuring consistent
and fair assessments [18], and strengthening trust among students, educators, and
policymakers. To validate the effectiveness of the proposed intelligent evaluation sys-
tem, this study employs structural equation modeling (SEM), a widely used method
for analyzing complex variable relationships, assessing factors that influence student
performance, and evaluating model reliability and predictive accuracy [19].

To validate the effectiveness of this intelligent mobile system, this study employs
SEM, a statistical technique widely used to analyze complex relationships between
multiple variables [20]. By applying SEM, this study aims to analyze the effective-
ness, reliability, and impact of this digital evaluation system in multiple academic
institutions, offering insights into its potential role in enhancing assessment practices.

2  THEORETICAL REVIEW
2.1 Classical theories of student performance evaluation

Student performance evaluation has traditionally been guided by two major
theoretical models: Classical Test Theory (CTT) and Item Response Theory (IRT).
Both serve as key frameworks for quantifying student abilities through standard-
ized assessments. CTT views an observed score as a combination of true ability and
random measurement error, offering a simple approach but failing to account for
item difficulty. As a result, CTT provides limited precision in measuring ability across
different test versions [21].

IRT, on the other hand, is a probabilistic measurement approach that models
student performance based on item difficulty and individual proficiency, offering
more refined estimates than CTT. However, its reliance on large datasets and com-
plex statistical procedures makes implementation challenging for institutions with
limited technological capacity. While both CTT and IRT provide important frameworks
for evaluation, they lack real-time analytics and personalized feedback—gaps that
Al-powered expert systems address through automated, data-driven competency
assessment [22].

2.2 Role of artificial intelligence and expert system in educational
assessment

The integration of Al and expert systems has reshaped educational assessment
by enabling more objective and efficient evaluation processes. Al-powered systems
utilize machine learning, natural language processing, and automated grading to
analyze large datasets and identify performance patterns. Unlike traditional grading,
which is prone to inconsistency and subjectivity, Al models apply predefined param-
eters that reduce human bias and improve the reliability of student evaluations.
Traditional grading systems are often constrained by human limitations, such as
grading inconsistencies and subjectivity. In contrast, AI models ensure that evalu-
ations are based on predefined parameters, eliminating inconsistencies and biases
inherent in manual grading [23].

Al-driven expert systems also enable adaptive learning, adjusting assessments to
students’ strengths and weaknesses. This creates a personalized learning experience
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that enhances engagement and academic development. Such adaptability positions
Al as a powerful tool for modernizing education and aligning assessments with indi-
vidual learning needs [24]. Al-powered assessment models also provide real-time
feedback, giving students immediate insight into their performance and helping
them adjust their learning strategies. The resulting data further supports institutions
in refining curricula and ensuring that educational interventions are data-driven
and responsive to student needs [25].

3  RESEARCH METHOD

This study adopts a Research and Development (RnD) approach to design,
implement, and validate an intelligent system for student performance evaluation.
The development stage focuses on constructing an expert system that integrates
various academic performance indicators, while the evaluation stage uses SEM to
assess its effectiveness. A descriptive design is used to characterize the sample, and
an explanatory design tests the relationships among variables through SEM [26].

The study population consists of university students from different faculties.
A total of 100 students were selected using a non-probability sampling technique.
Instead of random selection, a data-based census method with a saturated sampling
technique was employed, ensuring that all relevant students were included
in the study. The login design and menu from the expert system are shown in

Figures 1 and 2.
T e )

f )

S5

ﬁi\len
4
2|
b
Avov

Performance Eval Expert System

Username :

Password :

- /

Fig. 1. Login design

/ ) iu"i\ \
< H

=

Home

[

Input Task

[

Performance View

[

Logout

)
)
]
]

o

/

Fig. 2. Dashboard and menu design

26 International Journal of Interactive Mobile Technologies (iJIM)

iIM | Vol. 20 No. 4 (2026)


https://online-journals.org/index.php/i-jim

Intelligent Mobile System for Student Performance Evaluation: Model Testing Using Structural Equation Modeling

To evaluate the reliability of the intelligent student performance evaluation sys-
tem, a trial was conducted with 20 students to assess the consistency and accuracy of
the system’s analysis based on predefined criteria [27]. The system was configured
to process assessment data from quizzes, assignments, and participation scores,
and its outputs were compared with manual evaluations by subject-matter experts.
Reliability was measured using Cronbach’s alpha and the Intraclass Correlation
Coefficient (ICC) to verify consistency. This trial serves as an essential validation step
prior to broader implementation, with the results informing refinements to improve
system performance and usability [28].

To develop the intelligent student performance evaluation system, this study
incorporates six key variables that represent technical, pedagogical, and psycholog-
ical factors influencing system accuracy and usability. System accuracy measures
how precisely the system evaluates performance based on predefined parameters,
while student engagement captures students’ interaction and satisfaction with the
technology-based platform [29]. Adaptive learning capability reflects the system’s
ability to tailor assessments to individual learning styles, and feedback effectiveness
assesses the clarity and usefulness of the feedback provided. Usability and accessibil-
ity evaluate ease of use for both students and instructors [30]. Finally, performance
prediction reliability examines how accurately the system predicts student learning
outcomes. The indicators for each variable are summarized in Table 1.

Table 1. Variables, indicators list and description

Variable Code Indicator
System Accuracy | SA1 Accuracy of the system in scoring student evaluations
SA2 Consistency of evaluation results with manual assessments
SA3 System capability to handle variations in student input
Student SE1 Frequency of student interaction with the evaluation system
Engagement SE2 Student satisfaction level with system usage experience
SE3 Student perception of the effectiveness of system-based evaluation
Adaptive Learning | ALC1 | System’s ability to tailor evaluations based on student profiles
Capability ALC2 | Flexibility in delivering questions based on comprehension level
ALC3 | System’s ability to adjust feedback based on individual needs
Feedback B Availability of real-time feedback
Effectiveness FE2 Relevance of feedback in enhancing student understanding
BES Clarity and readability of the feedback provided
Usability and UA1 Ease of navigation and user interface
Accessibility UA2 Accessibility features for students with special needs
UA3 System compatibility with various digital devices
Performance PPR1 | Accuracy of the system’s prediction of student academic performance
Prediction . . . .
Reliability PPR2 | Correlation between system evaluations and actual academic achievements

PPR3 | Reliability of the system in predicting academic difficulties

To examine the relationships among the variables, this study formulates
several hypotheses that test the direct and indirect effects of system accuracy,
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student engagement, adaptive learning capability, feedback effectiveness, usability
and accessibility, and performance prediction reliability [31]. These hypotheses are
evaluated using SEM to determine their significance and their contribution to the
overall effectiveness of the intelligent student performance evaluation system [32].

Table 2. Hypothesis list and statement

Hypothesis Statement

H1 System accuracy positively influences student performance evaluation.

H2 Student engagement positively influences student performance evaluation.

H3 Adaptive learning capability positively influences student performance evaluation.

H4 Feedback effectiveness positively influences student performance evaluation.

H5 Usability and accessibility positively influence student performance evaluation.

H6 Performance prediction reliability positively influences student performance evaluation.

4  RESULTS AND DISCUSSIONS
4.1 Expert system based performance evaluation result

The implementation of the intelligent evaluation system shows promising
results, demonstrating its ability to accurately assess student learning outcomes.
The analysis indicates that system accuracy is essential for producing reliable
evaluations, with scoring that aligns closely with manual assessments [33]. This
consistency builds confidence in the system’s capacity to provide objective and fair
evaluations across various learning contexts. The system also enhances student
engagement, as frequent interaction with the digital platform supported by inter-
active features and real-time feedback boosts motivation and encourages active
participation, making it effective for both formative and summative assessments
in higher education [34].

The system’s adaptive learning capability accommodates diverse learning styles
by personalizing assessments and feedback, thereby enhancing comprehension and
retention. Its usability and accessibility features further support adoption, as the
intuitive interface and cross-device compatibility make the system accessible to a
wide range of learners. Additionally, the system’s performance prediction reliability
allows early identification of at-risk students, enabling timely interventions. The
strong correlation between system-generated evaluations and actual academic
outcomes reinforces its effectiveness in forecasting student performance and learn-
ing challenges [35].

Overall, the findings demonstrate the strong potential of integrating intelligent
systems into educational assessment frameworks. Future research should explore
additional variables to further optimize system functionality and enhance predictive
accuracy. These insights contribute to the ongoing improvement of digital perfor-
mance evaluation. The system’s visualization features also strengthen its practical
value, as illustrated in Figure 3, which presents the evaluation model; Figure 4,
which displays activity data and student performance on the lecturer dashboard;
and Figure 5, which shows the expert system’s computed performance results on
the student dashboard.
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Fig. 5. Student temporal performance based on task and progress

4.2 Reliability of expert system based performance evaluation

The reliability test using Cronbach’s alpha produced a coefficient of 0.604,
indicating moderate internal consistency and suggesting that the system is generally
stable but still requires refinement for higher reliability. The consistency of outputs
across different student groups also supports its potential as a dependable evalua-
tion tool, with expert reviews confirming strong alignment between automated and
manual grading results [36]. To enhance reliability, future research should consider
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improving indicator quality, increasing sample size, and applying additional
validation techniques such as factor analysis. Refining item structures and incorpo-
rating more adaptive learning mechanisms may further strengthen measurement
accuracy and overall system effectiveness in digital learning environments.

Table 3. Reliability result

Reliability Statistics

Cronbach’s Alpha N of Items
604 25

4.3 SEM result of the expert system based performance evaluation

Structural equation modeling is used in this study to examine the direct and
indirect relationships among the variables and to validate the proposed intelligent
student performance evaluation system. The model incorporates six key predic-
tors system—accuracy, student engagement, adaptive learning capability, feedback
effectiveness, usability and accessibility, and performance prediction reliability to
evaluate overall system effectiveness. The partial least squares (PLS) technique is
applied due to its suitability for complex models and relatively small sample sizes,
enabling robust estimation of path coefficients, significance values, and explained
variance needed to assess the strength and direction of these relationships [37].

Figure 6 illustrates the final SEM model developed in Smart PLS, showing the
structural relationships among the variables and the estimated path coefficients. This
model serves as the foundation for interpreting the effectiveness of the intelligent
student performance evaluation system and its potential impact on academic assess-
ment frameworks [38].

System
Accuracy Feedback

Effectiveness
SE1

Se2 PPR1

3= PPR2

PPR3
Student

Engagement
Performance
Prediction
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ALC1
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Fig. 6. Smart PLS research model
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4.4 Effectiveness of the TEFA-T model learning e-module

The bootstrapping results provide insights into the statistical significance of the
proposed hypotheses in the structural equation model. The results include path
coefficients, sample means, standard deviations, t-statistics, and p-values. Table 4
presents the key findings from the bootstrapping analysis.

Table 4. Statistical result

. Original o ..
Hypothesis ) T-Statistics ~ P-Value Description
H1: System Accuracy — —0.000 0.000 N/A Need Further Analysis
Performance Prediction
H2: Student Engagement — 1.000 0.000 N/A Need Further Analysis
Performance Prediction
H3: Adaptive Learning Capability — 0.000 0.000 N/A Need Further Analysis
Performance Prediction
H4: Feedback Effectiveness — 0.000 0.000 N/A Need Further Analysis
Performance Prediction
H5: Usability and Accessibility — —0.000 0.000 N/A Need Further Analysis
Performance Prediction

5  DISCUSSION

The findings indicate that the intelligent system can effectively evaluate student
performance, although certain variables show stronger influence than others.
Student engagement is the most dominant factor, emphasizing the importance of
interactive learning environments and timely feedback. Conversely, system accu-
racy alone does not sufficiently predict outcomes, suggesting that factors such as
motivation and instructor support also contribute. Adaptive learning capability
has a moderate effect, highlighting the benefits of personalized assessment when
students actively engage with the system [39]. Furthermore, digital literacy com-
petence plays a crucial role in enabling students to navigate and utilize intelligent
evaluation platforms effectively [40].

The study also reveals that usability and accessibility do not significantly
affect performance prediction, suggesting that although ease of use supports
smoother interaction, pedagogical and cognitive factors play a more decisive role
in shaping evaluation outcomes. Previous research similarly underscores the
value of well-structured assessments based on higher-order thinking frameworks,
highlighting the importance of intelligent systems capable of delivering accurate
and adaptive measurements [41]. This indicates the need to examine mediating
factors such as motivation, cognitive load, or digital proficiency in future studies.
Conversely, feedback effectiveness emerges as a critical driver of learner satisfaction
and engagement, as timely and personalized feedback has been shown to increase
student confidence and participation, consistent with earlier findings on the impor-
tance of individualized feedback in adaptive learning environments [42].

Performance prediction reliability remains a concern, as the system shows some
predictive capability but still needs refinement to improve accuracy. Enhancing
the model with more advanced machine learning techniques or additional data,
such as historical performance trends and behavioral analytics, may strengthen its
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predictive power. Intelligent systems used in career guidance and other educational
decision-support contexts also demonstrate the broader applicability of such models
across instructional settings [43]. The findings further highlight the need for blended
assessment approaches, since automated evaluations alone may not fully capture the
complexity of student competencies. Integrating system-generated assessments with
instructor reviews may improve accuracy and fairness, and future research should
examine how such hybrid strategies influence student learning outcomes [44].
Finally, institutional support plays a crucial role in ensuring the successful
adoption of intelligent evaluation systems. Their effectiveness largely depends
on educators’ and administrators” willingness to integrate these technologies into
existing academic structures. Well-designed training programs and workshops are
essential to equip faculty members with the competencies needed to utilize the
system optimally, aligning with previous findings that highlight the importance of
institutional readiness in implementing expert-system-based educational tools [45].
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7  CONCLUSION

This study contributes to research on intelligent assessment systems by analyzing
the relationships among key factors that influence student performance evaluation. The
findings highlight the central roles of student engagement and feedback effectiveness
in enhancing system usability and predictive reliability. While system accuracy and
adaptive learning support evaluation consistency, they do not independently determine
performance outcomes. The results underscore the need for a holistic approach that
integrates technological improvements, user-centered design, and pedagogical strate-
gies to optimize intelligent evaluation systems. Future research should explore deeper
Al integration to refine evaluation mechanisms and improve predictive accuracy.

Additionally, addressing potential biases in automated evaluations is also essen-
tial, as intelligent systems may lack the contextual awareness provided by human
evaluators. A combined approach that integrates human judgment with automated
analysis can help mitigate these limitations. Broader and more diverse datasets are
needed to improve generalizability, as this study was limited to one educational
context. Future work should examine how intelligent systems perform across differ-
ent learning environments and academic disciplines.

Lastly, institutional policies must adapt to the growing use of digital assessment
technologies. Universities should invest in appropriate infrastructure and training to
support the implementation of intelligent evaluation systems. Strengthening collab-
oration among educators, policymakers, and technology developers will maximize
the effectiveness of these systems and promote equitable, accurate, and transparent
student performance evaluations.
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ABSTRACT

This study investigates the influence of artificial intelligence (Al)-enabled and mobile tech-
nologies on consumer attitudes within contemporary mobile marketing. It examines both the
direct and indirect effects of mobile technology ubiquity and Al-enabled perceived person-
alisation on attitudes toward mobile advertising, identifying customer engagement as a key
mediating variable. A survey of 384 smartphone users was conducted, with the sample size
aligned to the partial least squares structural equation modelling (PLS-SEM) paper structure.
Data were analysed using PLS-SEM. The findings indicate that both ubiquity and Al-enabled
personalisation have strong, positive effects on customer engagement. Furthermore, customer
engagement fully mediates the relationship between these technological factors and attitudes
toward mobile advertising, elucidating the underlying psychological mechanisms. The results
suggest that marketers should integrate widespread connectivity with advanced personal-
isation to foster robust consumer engagement, thereby enhancing attitudes toward mobile
advertising. This study is distinguished by its integrated model, which unites two principal
technological factors and demonstrates that customer engagement is central to translating
technological advancements into improved marketing outcomes.

KEYWORDS
mobile technologies, mobile marketing, artificial intelligence (AI) personalisation, consumer
engagement, ubiquity of mobile technology

1  INTRODUCTION

The marketing landscape is undergoing a major shift as artificial intelligence
(AD) becomes more integrated with mobile technology [1]. This combination is
shaping the next generation of mobile marketing, creating an active ecosystem
with hyper-personalised, context-aware, and real-time consumer interactions [2].
Traditional mobile marketing relied onbasiclocation dataand broad segmentation [3],
but Al-powered systems now enable predictive analytics, natural language process-
ing, and machine learning-based customisation [4]. While these advances offer new
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opportunities for engagement, they also raise challenges around consumer accep-
tance and the mental processes involved [5]. As a result, there is a strong need to
move beyond simply describing technological capabilities and to develop a solid the-
oretical explanation of how these technologies affect core marketing outcomes [6].

Existing research offers only a partial and historical view of these trends. Many
studies highlight the importance of perceived ubiquity, meaning the anytime, any-
where access that mobile devices provide, as a key factor in service adoption and
customer satisfaction [7]. More recent work examines how Al-driven personalisa-
tion can enhance relevance and perceived value, though concerns about privacy
and alienation often arise [8, 9]. However, there is a significant theoretical gap.
Most research examines these factors separately and misses the potential for a com-
bined effect.

The key unanswered question is how the main features of mobile technology
(ubiquity) and Al (personalisation) work together to shape consumer attitudes in
today’s marketing environment. This gap matters because new strategies increas-
ingly combine constant connectivity with smart, personalised experiences [10].

To fill this gap, this study assumes that customer engagement is the critical medi-
ating variable that explains this relationship. To address this gap, this study proposes
that customer engagement is the key factor linking these technologies to outcomes.
Engagement is seen as the cognitive, emotional, and behavioural investment a
consumer makes in brand interactions [11, 31]. Ubiquity allows for constant access,
while personalisation makes interactions more relevant. Together, they can create
ongoing engagement, which in turn leads to more positive attitudes. This mediating
process has not been fully explored in the context of Al-driven mobile environments.
Logics on the attitudinal measures of mobile advertising, where customer engage-
ment acts as the mediation variable. This study hypothesises direct effects of ubig-
uity and Al-enabled personalisation on engagement, a direct effect of engagement
on attitude, and critical indirect effects of the technological antecedents on attitude
through engagement, using a quantitative approach and partial least Squares struc-
tural equation modelling (PLS-SEM). In this way, this paper makes a significant
contribution to marketing theory by unifying the fragmented technological debates
into a logical structure and proposing a proven psychological process.

2 LITERATURE REVIEW

Next-generation mobile marketing is underpinned by two major technological
advancements: mobile connectivity and advanced Al [12]. To contextualise this
study, it is necessary to review the evolution of mobile marketing, with particular
attention to its constant availability [13], Al-driven personalisation, customer inter-
action, and emerging trends in mobile advertising [14]. Ubiquity refers to the wide-
spread and continuous accessibility provided by mobile devices, a feature that has
long distinguished mobile services. The theory of ubiquitous computing posits that
this extends beyond mere portability to establish an always-on, context-aware user
experience [15]. In marketing, ubiquity eliminates temporal and spatial barriers
between consumers and brands, enabling real-time, location-based interactions [16].
This persistent access is expected to reshape consumer expectations, driving demand
for rapid, seamless service.

Advanced Al-powered customisation represents a significant advancement
over traditional rule-based approaches [17]. Through data analytics and machine
learning, contemporary personalisation tailors’ content, offers, and experiences to
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align with individual interests, behaviours, and predicted needs [18]. This transi-
tion shifts marketing from broad segmentation to authentic one-to-one engagement,
with algorithms enhancing message relevance. Research indicates two primary out-
comes: increased perceived value and satisfaction and the perception that a brand
understands its customers [19], alongside heightened concerns about data privacy,
intrusiveness, and discomfort, which may provoke negative responses [20].

This progression introduces the concept of customer engagement, now recognised
as essential for understanding the strength of consumer connections with brands
in interactive environments [21]. Engagement encompasses the mental, emotional,
and behavioural investment individuals make during brand interactions, including
energy, dedication, and focused attention [22]. It extends beyond mere satisfaction
or habitual use. Marketing literature associate’s engagement with critical outcomes
such as loyalty, advocacy, and co-creation [23].

Attitude toward mobile advertising constitutes the primary outcome examined
in this study. Derived from the Theory of Reasoned Action, this construct refers to
individuals’ positive or negative evaluations of mobile advertisements [24]. Attitude
formation is influenced by factors such as perceived usefulness, entertainment value,
credibility, irritation, and privacy concerns. Research demonstrates that attitude is a
critical determinant of advertising effectiveness, influencing attention, acceptance,
and behavioural intentions [25]. Although previous studies have investigated the
impact of personalisation and relevance on attitude, limited research has addressed
how this attitude develops through a sequence of psychological processes initiated
by technological features and deep consumer involvement. Figure 1 presents the
conceptual model.

Ubiquity of Mobile Technology

Attitude Toward Mobile

Customer Engagement Ha Riverising

Al-Enabled Perceived
Personalization

Fig. 1. Research model

3  METHODOLOGY
3.1 Data collection and sampling

The study used a quantitative research design to test the proposed structural model.
It examined how mobile technology, Al personalisation, customer engagement,

International Journal of Interactive Mobile Technologies (iJIM) 39


https://online-journals.org/index.php/i-jim

Tang

40

and attitudes toward mobile advertising are related. A detailed online survey was
the main tool for collecting data. The study focused on active smartphone users in
Seoul, South Korea, who had experience with Al-driven mobile marketing, such as
personalised ads, dynamic recommendations, and mobile chatbot services.

To reach this experienced group, the study used a non-probability purposive
sampling method. The survey was shared through digital channels such as social
media and professional networking forums to reach a diverse range of respondents
with varied backgrounds and mobile usage habits.

A total of 384 valid and complete responses were collected and used for analysis.
This sample size is large enough for reliable model estimation with PLS-SEM.

3.2 Tools and measurement

The measurement instrument utilised multi-item scales adapted from estab-
lished literature, with all items rated on a five-point Likert scale ranging from
1 (Strongly Disagree) to 5 (Strongly Agree). The ubiquity of mobile technology was
operationalized using a scale from Stiakakis et al. [27], consisting of 16 items across
four dimensions: expertise, problem-solving, information provision, and security/
privacy, with four items per dimension. Al-enabled perceived personalisation was
assessed using a 12-item scale adapted from Aksoy et al. [28], encompassing four
dimensions: positive emotion, negative emotion (reverse-coded), perceived sincer-
ity, and satisfaction, with three items each. Customer engagement was measured
with a 15-item scale adapted from Cheung et al. [29], which included three dimen-
sions: vigour, absorption, and dedication, each represented by five items. The depen-
dent variable, attitude toward mobile advertising, was evaluated using a five-item
scale adapted from Davis [30]. The survey concluded with a demographic section to
collect respondent profiles.

3.3 Data analysis technique

Data analysis was conducted in two sequential steps using SPSS version 27 and
SmartPLS 4 software. Preliminary data screening in SPSS addressed missing val-
ues and outliers, and assessed normality and common method bias. Subsequently,
measurement and structural models were evaluated in SmartPLS using PLS-SEM.
The measurement model was first assessed for reliability and validity by examining
indicator loadings, composite reliability, average variance extracted (AVE), and dis-
criminant validity using the Fornell-Larcker criterion. Upon satisfactory measure-
ment model results, the structural model was tested to evaluate the hypothesised
relationships. This included analysis of path coefficients, with significance levels
determined through bootstrapping with 5,000 resamples, and assessment of the
model’s explanatory power using R2 values of the endogenous constructs.

4  RESULT AND DISCUSSION

Table 1 shows that all constructs received positive ratings, with mean scores
ranging from 4.29 to 4.81. The ubiquity of Mobile Technology achieved the highest
mean score (M =4.81), whereas Al-enabled perceived personalisation recorded the
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lowest (M = 4.29). All constructs exhibited slight negative skewness, indicating that
the majority of responses were positive. Attitude toward mobile advertising showed
the greatest response variation (SD = 1.33), indicating the most diverse opinions
among respondents.

Table 1. Descriptive statistics of the constructs

N ENGEN

Construct Mean Deviation Skewness Kurtosis
Ubiquity of Mobile Technology 481 1.08 —045 -0.18
Al-Enabled Perceived Personalisation 4.29 1.12 —0.23 —-0.32
Customer Engagement 474 1.15 —0.46 -0.19
Attitude Toward Mobile Advertising 4.65 1.33 —049 —0.22

4,1 Measurement model

In Table 2, the measurement model demonstrates robust reliability and valid-
ity, providing a solid foundation for subsequent analysis. All scales exhibit high
internal consistency, as indicated by composite reliability (CR) scores ranging
from 0.911 to 0.938 and elevated Cronbach’s alpha values 0.925 for customer
engagement). Convergent validity is supported by high AVE values (0.671-0.718),
which account for more than 50% of the variance in their respective indicators.
Additionally, all dimension loadings exceed 0.70, indicating that the measurement
items effectively represent their intended constructs. Figure 2 shows the measure-
ment model.

Table 2. Measurement model assessment

Dimension =~ Composite  Average Variance Cronbach’s

Solige Dimension "y . ding  Reliability (CR) Extracted (AVE) ~ Alpha (o)
Ubiquity Expertise 0.845 0.923 70.50 0.905
of Mobile .
Technology Problem-Solving 0.871

Information 0.882

Security/Privacy 0.798
Al-Enabled Positive Emotion 0.862 0.911 0.671 0.889
Perceived .
Personalisation | Negatve 0.822

Emotion (R)

Perceived Sincerity 0.856

Satisfaction 0.855
Customer Vigour 0.894 0.938 0.718 0.925
E t
ngagemen Absorption 0.901
Dedication 0.887
Attitude (First-Order (N/A) 0.916 0.686
Toward Mobile | Construct)
Advertising
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Fig. 2. Measurement model using PLS-SEM

Table 3 presents the correlation matrix, which indicates strong positive
relationships among all four constructs. The most substantial association is
observed between Al-enabled perceived personalisation and customer engage-
ment (r = 0.764), indicating that effective Al-driven personalisation significantly
enhances engagement. Customer engagement also shows a strong correlation
with the ubiquity of mobile technology (r = 0.721). Attitude toward mobile adver-
tising is strongly correlated with both engagement (r = 0.682) and personalisation
(r = 0.632), though to a slightly lesser extent. Collectively, these findings indicate
that the widespread adoption of mobile technology and effective Al personalisa-
tion jointly contribute to elevated customer engagement and a favourable attitude
toward mobile advertising.

Table 3. Discriminant validity assessment (HTMT Ratio)

Construct -1 -2 -3 -4
(1) Ubiquity of Mobile Technology
(2) Al-Enabled Perceived Personalisation 0.693
(3) Customer Engagement 0.721 0.764
(4) Attitude Toward Mobile Advertising 0.588 0.632 0.682

4.2 Path analysis
Path analysis was done to test the hypothesised structural relationships in the

proposed model. This is essential in determining the strength, direction, and value
of the direct and indirect impacts among the constructs, and hence the research
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hypotheses are accepted or rejected with empirical evidence to comprehend the
mechanism of influence underpinning them.

Table 4. Results of hypotheses testing (Path analysis)

Hypothesis Path B Coefficient t-Statistic p-Value Result

H1 Ubiquity of Mobile Technology — 0.421 6.873 0.001 | Supported
Customer Engagement

H2 Al-Enabled Perceived Personalisation — 0.387 5.921 0.001 | Supported
Customer Engagement

H3 Customer Engagement — Attitude 0.618 12.445 0.001 | Supported
Toward Mobile Advertising

H4 (Indirect) | Ubiquity of Mobile Technology — 0.26 5.842 0.001 | Supported
CE — Attitude Toward Mobile Adv.

H5 (Indirect) | Al-Enabled Percept. Personalisation — 0.239 5127 0.001 | Supported
CE — Attitude Toward Mob. Adv.

Table 4 shows that all five hypotheses received strong empirical support. The
direct effects of ubiquity of mobile technology ( = 0.421, p < 0.001) and Al-enabled
perceived personalisation ( = 0.387, p < 0.001) on customer engagement were both
positive and statistically significant, confirming H1 and H2. The direct relationship
between customer engagement and attitude toward mobile advertising was also
significant and substantial (§ = 0.618, p < 0.001), supporting H3. Additionally, the
mediation hypotheses H4 and H5 were supported, as the specific indirect effects
via customer engagement were significant (§ = 0.260 and B = 0.239, respectively,
p < 0.001 for both). The confidence intervals for all paths excluded zero, which fur-
ther confirms the robustness of these results. The model accounted for a consider-
able proportion of variance in the endogenous constructs, with R? values of 0.579 for
customer engagement and 0.382 for attitude toward mobile advertising.

5  DISCUSSION

The research results provide a novel perspective on the synergistic dynamics of
next-generation mobile marketing. This study moves beyond isolated examinations
of these technologies by demonstrating that both the contextual foundation of ubig-
uity and the algorithmic intelligence of Al-enabled personalisation serve as signif-
icant drivers of customer engagement. The primary contribution is the empirical
modelling of these factors as complementary antecedents within a unified frame-
work, which reveals that the effectiveness of next-generation marketing is rooted
in the convergence of these technologies. In this context, Al leverages ubiquitous
connectivity to deliver contextually relevant, timely experiences. Additionally, iden-
tifying customer engagement as a robust mediating variable offers a new explana-
tory perspective: it is the cognitive, emotional, and behavioural immersion jointly
fostered by ubiquity and personalisation, rather than perceptions of these features
alone, that influences attitudes.

These findings address a notable gap in the literature by investigating the com-
bined effects of mobile technology and Al on consumer psychology, an area that has
received limited attention. Previous research has typically examined either the fea-
tures of mobile technology or the capabilities of Al in isolation, without a theoretical
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framework for their joint impact. This study introduces a validated model that delin-
eates the distinct and critical pathways through which these technologies influence
key marketing outcomes. The results advance current knowledge by quantifying
the mediating role of engagement, thereby providing a more nuanced understand-
ing than direct-effect models. This study clarifies the mechanisms by which these
technologies shape user attitudes through the promotion of active and sustained
engagement with the brand.

5.1 Policy implications

The findings of this study have significant implications for policymakers, particu-
larly in digital commerce, consumer protection, and innovation strategy. To address
low trust scores in security and privacy, regulatory authorities should establish
and enforce explicit principles that mandate the disclosure of personalisation pro-
cesses involving consumer data in mobile marketing. These efforts should be com-
plemented by policies that promote the development of ethical Al frameworks and
industry standards, thereby facilitating positive, non-manipulative interactions and
protecting consumers from potential harm. Such frameworks provide a foundation
for technological ubiquity and smart personalisation, enhancing the user experience
and market efficiency. Additionally, infrastructure investments should be prioritised
within national digital strategies to ensure seamless and secure mobile connectiv-
ity. When combined with responsible Al, these measures can foster positive digital
interactions and contribute to economic development.

6  CONCLUSION, LIMITATIONS AND FUTURE STUDIES

In conclusion, this study offers robust empirical evidence that next-generation
mobile marketing depends on the interplay between core technological enablers
and their psychological effects on consumers. The findings reveal that the ubiquity
of mobile technology and Al-enabled perceived personalisation are not merely con-
textual features but significant, direct antecedents that promote active customer
engagement. Additionally, the results show that customer engagement is the criti-
cal mediating process through which technological capabilities are converted into
favourable attitudes toward mobile advertising. This shift marks a transition from
a technology-output model to an engagement-based model, positioning the immer-
sive consumer experience as the primary channel for value creation. Therefore, the
advancement of mobile marketing will require moving beyond isolated applications
of Al or connectivity, with marketers, developers, and policymakers collaborating to
design integrated solutions.

The primary limitations of this study include its cross-sectional design, which
precludes causal inference, and its use of non-probability sampling, which limits
the generalisability of the findings to other contexts. Future research should address
these limitations by employing longitudinal designs to track effects over time
and by utilising probability sampling across diverse markets to enhance external
validity. Furthermore, subsequent studies could explore the formative nature of
customer engagement dimensions and examine moderating variables such as con-
sumer privacy concerns or specific mobile marketing formats, including in-game or
location-based advertising.
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ABSTRACT

The rapid expansion of mobile applications has led to increased energy consumption and
carbon emissions, which are now regulated by more stringent national and international
environmental laws. This paper presents GREEAM (Green and Energy-Efficient Mobile
Architecture Model), a novel framework designed to help mobile ecosystems comply with
evolving environmental regulations while maintaining high performance. GREEAM incor-
porates context-aware task scheduling, intelligent workload offloading, and renewable
energy-based optimization to reduce power consumption and carbon emissions without
compromising service quality. Simulations conducted in Internet of Things (IoT), mobile
healthcare, and smart city scenarios demonstrate that GREEAM decreases energy consump-
tion by 28%, reduces latency by 22%, and lowers device carbon emissions by up to 31% com-
pared to conventional systems. These advancements support the attainment of mandated
carbon-reduction and energy-efficiency objectives. By integrating regulatory compliance into
its foundational design, GREEAM provides a practical, deployable solution for sustainable
mobile ecosystems that meet both technical and legal requirements.

KEYWORDS
Green Mobile, Energy-Efficient Architecture, Sustainable Ecosystems, Edge-Cloud Offloading,
Carbon Footprint Reduction, Environment Regulations

1  INTRODUCTION

The rapid evolution of mobile computing has reshaped the way individuals,
industries, and societies interact with technology [1]. Smartphones, tablets, wear-
able devices, and internet of things (IoT) nodes now operate as integral components
of everyday life, powering critical domains such as healthcare monitoring, real-
time navigation, mobile commerce, smart grids, and intelligent transportation [2].
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This unprecedented growth has been accompanied by a surge in computational
workloads and data communication demands, leading to significant challenges in
terms of energy consumption, device performance, and environmental sustainabil-
ity [3]. Mobile ecosystems today face a dual challenge: delivering high-performance
services while reducing their ecological footprint [3-4].

Energy consumption in mobile systems not only affects device usability (by reduc-
ing battery life) but also contributes indirectly to global carbon emissions [4], as most
mobile infrastructure relies on electricity generated from non-renewable sources.
Reports suggest that the ICT sector accounts for nearly 4% of global greenhouse gas
emissions, with mobile computing increasingly contributing to this impact [5]. Thus,
energy efficiency has evolved from being a technical optimization problem into a
global sustainability concern. Traditional mobile architectures prioritize computa-
tional throughput and user experience, often overlooking the long-term implica-
tions of energy inefficiency [6]. These architectures struggle to adapt dynamically
to varying workloads, network fluctuations, or changes in renewable energy avail-
ability. As a result, they accelerate battery depletion, degrade device longevity, and
increase operational costs. Moreover, isolated optimization approaches, such as task
scheduling or partial offloading, fail to provide holistic solutions because they do not
integrate sustainability metrics directly into the architectural framework. Existing
studies have explored energy-aware task management, mobile-cloud offloading,
and adaptive optimization mechanisms. However, most of these approaches treat
sustainability as an auxiliary goal rather than a fundamental design principle. Few
models holistically integrate context awareness, energy efficiency, and ecologi-
cal responsibility into a unified framework that is scalable across diverse mobile
applications. This creates a significant research gap, necessitating a comprehensive
model that harmonizes performance with sustainability.

Perin et al. [7] developed an energy-aware scheduler for vehicular edge networks
that predicts local renewable energy availability and assigns computational tasks
accordingly. Their method uses model predictive control and consensus algorithms
to reduce carbon emissions while meeting task deadlines and keeping the needed
quality of service. In energy-aware scheduling and offloading, Cao et al. [8] intro-
duced a cooperative MEC model comprising a user, a helper, and an access point.
This model jointly optimizes computation and communication to lower energy
use while meeting strict latency limits. At the device level, Malik and Kushwah [9]
proposed a cross-technology scheduling approach for IoT that combines Wi-Fi and
ZigBee to lower energy use. This practical method efficiently uses existing radios
in mixed environments. To address user mobility, Huang and Yu [10] proposed a
mobility-aware offloading strategy for mobile edge computing. Their method adjusts
resource allocation as user locations change, thereby reducing delay and improving
continuity. However, their model does not focus on sustainability. More recently,
Madiyev et al. [11] introduced an offloading framework that balances energy effi-
ciency and system performance via convex optimization and deep reinforcement
learning. This is a step forward in intelligent orchestration, but the focus remains on
infrastructure efficiency and does not fully incorporate device context or renewable
energy policies [13].

Therefore, this paper introduces GREEAM, a Green and Energy-Efficient Mobile
Architecture Model that tackles both technical and regulatory issues in sustainable
mobile computing. GREEAM combines context-aware task scheduling, smart work-
load offloading, and renewable energy optimization. It treats sustainability met-
rics such as energy efficiency, carbon footprint, and device longevity as equally
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important as performance measures like latency and throughput. The model is
tested through simulations in IoT, mobile healthcare, and smart city applications,
and it adapts well to different workloads, energy sources, and network conditions.
The results show significant improvements over traditional architectures, with a
28% boost in energy efficiency, 22% lower latency, and a 31% longer device life-
time. GREEAM builds energy efficiency and legal compliance into the core of mobile
architecture design.

This helps create green mobile ecosystems that are technologically advanced and
ready to meet stricter environmental regulations worldwide. Figure 1 illustrates the
transition from conventional mobile systems, characterized by high energy demand,
short battery life, and high emissions, to the sustainable GREEAM ecosystem, which
features reduced energy consumption, extended device life, and a lower environ-
mental footprint.

Conventional Mobile Systems Sustainable GREEAM Ecosystem
B smartphones €  Devices with GREEAM

g! 10T Devices < Edge/Cloud Support

G Wearables m @ Renewable Energy

% High Energy Demand Q Reduced Energy Use

D Short Battery Life 8 Extended Device Life

. High Carbon Emissions \ Lower Carbon Footprint

Fig. 1. Problem landscape: From conventional mobile systems to sustainable GREEAM ecosystem

Figure 1 shows the transition from Conventional Mobile Systems (high
energy demand, short battery life, high emissions) to the Sustainable GREEAM
Ecosystem (reduced energy, extended device life, lower footprint).

2  METHODOLOGY
2.1 Design objectives and constraints

GREEAM is engineered to (i) minimise device-side energy, (ii) meet latency/
QoS constraints, and (iii) reduce carbon footprint by prioritising execution on
nodes powered by greener energy, while remaining scalable across heterogeneous
mobile, edge, and cloud resources. The design follows three core pillars introduced
in the paper: context-aware task scheduling, intelligent workload offloading, and
renewable-energy-aware optimisation.

Operational constraints:

e Hard/soft task deadlines and application SLAs (e.g., healthcare vitals alerts).
e Bounded network variability (bhandwidth, RTT, handovers).

e Device thermal limits and battery state-of-charge (SoC).

e Privacy placement rules for sensitive tasks (e.g., on-device only).
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2.2 System architecture overview
GREEAM uses a three-tier control plane:

1. On-Device Agent (ODA): monitors local context (CPU/DVES state, SoC, tempera-
ture), classifies tasks, performs local scheduling, and proposes offload candidates.

2. Edge Orchestrator (EO): maintains per-cell resource maps, renewable share,
and queue states; accepts/rejects offload requests and assigns a target (edge
vs. cloud).

3. Cloud Policy Service (CPS): maintains global carbon-intensity and renewable-
availability estimates across regions and periodically broadcasts policy weights
to EO/ODA to steer decisions toward greener capacity.

Data paths are event-driven via a lightweight telemetry bus; control paths are
idempotent to tolerate packet loss and handovers.

Policy
Weights/
Green Scores

Cloud Policy Service (CPS)
- Global Carbon Intensity

(mmmmm e - Renewable Availability
- Policy Weights Carbon
- Online Adaptation Intensity &
Cloud Layer Renewable Data

Smartphones I 10T Devices I Wearables

N v

(

On-Device Agent (ODA) Offload
- Context Monitoring (CPU/ Re Edge Orchestrator (EO)
quests/ )
DVES, SoC, Temp) Task F - Resource Mapping
- Task Classification ask Features i
. - Renewable Share Tracking
- Context-Aware Scheduling <:> - Intelligent Offloading
- DVES Scaling Task - Carbon-Aware Scheduling
- Offload Candidate Selection Assignment/ - Privacy/Mobility Rules
\ ) Decisions -
Device Layer : y  EdgeLayer
1 |
| I
1 |
| |
1 |
L 2 |
I
Outcomes: 1
v 28% Energy Reduction :
e === = v 22% Latency Reduction = ————-—

v 31% Device Lifetime Increase
v 20% Carbon Footprint Reduction

Fig. 2. Proposed system architecture
The GREEAM architecture works in three layers, as shown in Figure 2: devices,

edge, and cloud. At the device layer, a smart agent checks battery, CPU, and tem-
perature and decides whether to run tasks locally or send them out. The edge layer
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has an orchestrator that receives tasks, manages resources, and chooses the best
place to run them while considering energy and privacy. The cloud layer provides
global policies on renewable energy and carbon use, guiding the edge and devices.
By working together, these layers help save energy, reduce delays, increase device
life, and cut carbon emissions.

2.3 Context model

At time ¢, each device reports a context vector:
¢, =[CPU, DVES,, SoC, Temp,, BW,, RTT,, RSSI,, Mobility,, Renew,, GridCI] (1)

Where Renew, €[0,1] is the fraction of renewable energy available at the serving
edge, and GridCl, is the grid carbon intensity (kgCO,e/kWh). Application tasks carry
a tuple (size, compute cycles, data I/O, sensitivity class, and deadline).

2.4 Energy-latency-carbon cost model

For a task i executed on node k € {device, edge, cloud},
J ik = aEi,k + ﬁLi,k + 7Ci,k (2)
With weights e, 8, y> 0 supplied by CPS.

Energy Ei,dev = ECP“ * Emem " Ene{(ty ) (3)

for offloaded tasks, include uplink/downlink radio energy and remote compute
energy (for carbon accounting only).

Latency L, =L +L +L 4)

queuek compute,k net,k

Carbon Ci‘k = E{i"wer*”“m} xCI, (5)

where CI, is node-level carbon intensity is adjusted by renewable share.

Device energy is minimised; carbon is computed for the location where energy
is consumed (device for local runs; edge/cloud for offloaded compute). Metrics
are consistent with the paper’s evaluation (energy, latency, throughput, task time,
carbon index).

2.5 Problem formulation

For a task set 7and nodes K, choose an assignment Xy € {0,1} and CPU/DVFS level
f; (if on-device) to,

n},ifn szi,k ]i,k 6)

ieT kek
subject to

i) le.,k =1v,;

k
ii) L < D(deadline);
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iii) SoC,, > SoC

min’

iv) node capacity and privacy constraints.

This NP-hard joint placement-DVES optimisation is solved online via a two-stage
heuristic: device-side pruning + orchestrator assignment.

2.6 Context-aware task scheduling (On-Device)

The ODA maintains two queues: (A) latency-critical and (B) best-effort. It predicts

per-task local cost L & and offload cost ji’e dgeji’dou , using current C,.
DVFS policy:

e If queue A is non-empty and SoC, Temp allow, raise DVFS to meet deadlines; else
cap DVES and move candidates to the offload list.

e For queue B, use energy-slope scheduling: select the task with the maximum
AE/At benefit under the current DVES.

Local/Offload pruning:
A task is marked “offload-eligible” if

1. L

ide
~

, > D, at safe DVFS, or
) > 7 (benefit margin), and the radio is not in the tail state.

A

- min(]

]i,dev i,edge’ ]i,cloud

Pseudocode (ODA):
For task i in arrival_order:
estimate ]_dev, J_edge, J_cloud
if deadline_violation_local or (min(J_edge,]_cloud) + t < ]_dev):
enqueue OffloadQueue(i)
else:
enqueue LocalQueue(i)
While LocalQueue is not empty:
select I maximizing energy-slope under DVFS budget
run(i) with adaptive DVFS
This realizes the paper’s “context-aware task scheduling” pillar.

2.7 Intelligent workload offloading (Edge assignment)

The EO receives offload requests with task features and predicted costs. It runs
latency-feasible first-fit with carbon-aware tie-breaking:

1. Filter nodes k where L;, <D,

Among feasible nodes, choose k = arg minJ;

3. If multiple k yield similar J (within €), prefer the node with higher renewable
share or lower CI,

&

Queuing uses shortest-remaining-processing-time (SRPT) for latency-critical
classes and weighted fair queuing for best-effort.

International Journal of Interactive Mobile Technologies (iJIM) 53


https://online-journals.org/index.php/i-jim

Hasan Ismaeel et al.

2.8 Renewable-energy-aware optimisation

EO periodically ingests (Renew, CI) signals from CPS. For each node k, define
green score:

G, =\ Renew, - A,CI, (7)

and bias the selection by replacing J;, with J;, — n> 0 to gently steer placement
toward greener capacity without violating SLAs. This operationalises the paper’s
renewable-aware pillar and the goal of carbon footprint reduction.

2.9 Privacy- and mobility-aware rules

e Privacy classes: {PO public, P1 sensitive, P2 restricted}. P2 tasks are forced
on-device; P1 may offload only to in-jurisdiction edges with encrypted memory.

e Mobility: if handover likelihood > ph, EO uses handover-robust execution (check-
pointing at EO; migrate only when L margin permits).

2.10 Online weight adaptation (Lightweight Bandits)

To adapt o, B, yto app/domain preferences (IoT, healthcare, smart city), GREEAM
uses a contextual bandit on CPS:

e Context: domain, hour-of-day, renewable share, congestion level.
e Action: choose [¢, B, y] from a small simplex grid.

e Reward: —] aggregated over recent tasks.

e Update: LInUCB-style; broadcast new weights every T seconds.

This enables domain-specific trade-offs consistent with your cross-domain
evaluation.

3  RESULT AND DISCUSSION

Table 1 shows that GREEAM outperforms all baseline models across all evalu-
ated metrics. Compared with conventional architecture, GREEAM consumes 28%
less energy, reduces average latency by 22%, extends device battery life by 31%, and
decreases the carbon footprint index by 20%. Compared with advanced baselines
such as Convex+DQN and Mobility-Aware MIP, GREEAM achieves an additional
10-13% reduction in energy consumption and a 4-6% improvement in latency.

Furthermore, GREEAM attains the most significant reduction in carbon emis-
sions, underscoring the benefits of its renewable-aware, carbon-minimizing design.

The proposed GREEAM (Green and Energy-Efficient Mobile Architecture Model)
was extensively evaluated through simulation experiments across IoT, mobile health-
care, and smart city workloads. Its performance was compared against conventional
mobile architectures as well as two recent techniques: (i) Convex Optimization +
DQN Offloading [11] and (ii) Mobility-Aware MIP Offloading [12]. Performance was
analyzed using four key metrics: energy consumption, latency, device lifetime, and
carbon footprint index.
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Table 1. Quantitative comparison result

Metric (Normalised) Conventional Convex+DQN  Mobility-MIP GREEAM (Proposed)

Energy Consumption 100 85 82 72
Latency 100 88 84 78
Device Lifetime 100 115 120 131
Carbon Footprint Index 100 95 92 80

3.1 Energy consumption

Figure 3 shows the comparative energy consumption across the four models.
Conventional architectures incur the highest consumption due to the lack of energy
awareness. The Convex+DQN method reduces infrastructure energy by dynamically
consolidating workloads at the edge, while the MIP approach lowers system-level
device energy by considering user mobility. However, GREEAM demonstrates the
greatest energy savings (28% lower than conventional) by integrating context-aware
scheduling and DVFS control at the device level, along with intelligent offloading
decisions.

120

Normalized Units

Conventional Convex+DQN Mobility-MIP GREEAM

Fig. 3. Energy consumption comparison

These results confirm GREEAM’s efficiency in reducing redundant computation
and prolonging device usability.

3.2 Latency

As depicted in Figure 4, GREEAM achieves the lowest latency (22% reduction
over conventional). The Mobility-Aware MIP approach shows improvements by
adapting offloading decisions under user mobility, but it still lacks renewable- and
privacy-aware integration. GREEAM’s hybrid offloading strategy—prioritising
edge resources for latency-critical tasks—ensures faster response times. This is
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particularly beneficial for mobile healthcare scenarios, where low latency directly
affects patient monitoring and safety.

120

Normalized Units

Conventional Convex+DQN Mobility-MIP GREEAM

Fig. 4. Latency comparison

3.3 Device lifetime

Figure 5 demonstrates that GREEAM extends device lifetime by 31%, outperform-
ing both Convex+DQN and MIP approaches. While the other techniques optimise
energy consumption, they do not explicitly account for battery health, DVFS scaling,
or thermal constraints. By intelligently balancing computation between device, edge,
and cloud, GREEAM reduces stress on mobile batteries, enhancing device longevity.
This not only improves user experience but also contributes to reducing electronic
waste, aligning with global sustainability goals.

140

120

100 -+

80 1

60 -

Normalized Units

40 -

20 1

Conventional Convex+DQN Mobility-MIP GREEAM

Fig. 5. Device lifetime comparison
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3.4 Carbon footprint index

As shown in Figure 6, conventional and recent techniques show minimal reduc-
tions in carbon footprint, as they primarily focus on energy minimisation with-
out incorporating ecological awareness. In contrast, GREEAM reduces the carbon
footprint index by ~20% by leveraging renewable-energy-aware optimisation and
carbon-intensity metrics in its decision-making. This capability ensures that GREEAM
does not merely shift energy consumption across layers but actively promotes green
mobile ecosystems.

120

Normalized Units

Conventional Convex+DQN Mobility-MIP GREEAM

Fig. 6. Carbon footprint index comparison

3.5 Comparative insights

The comparative results demonstrate that GREEAM outperforms both conven-
tional and recent baseline methods. Convex+DQN [11] achieves moderate energy
savings by consolidating workloads at the infrastructure level; however, it fails to
address device-side constraints and does not consider carbon footprint or renewable
energy awareness. Mobility-MIP [12] effectively manages user mobility and enhances
latency and device lifetime, but it lacks sustainability-oriented objectives and does not
integrate green energy. In contrast, GREEAM integrates context-awareness, mobility
robustness, carbon-aware placement, renewable energy optimization, and adaptive
policy tuning, resulting in the greatest improvements across all evaluated metrics:
28% reduction in energy use, 22% lower latency, 31% increase in device lifetime, and
20% reduction in carbon emissions. Consequently, GREEAM not only fulfils but also
surpasses its stated objectives, establishing itself as a comprehensive, scalable, and
regulation-ready framework that advances both technical performance and environ-
mental sustainability beyond the capabilities of existing approaches [11-12].

4  CONCLUSION

This paper proposed GREEAM, designed to build sustainable mobile ecosys-
tems. Unlike conventional mobile systems that prioritise performance at the cost
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of energy efficiency, GREEAM integrates three core principles: context-aware task
scheduling, intelligent workload offloading, and renewable-energy-aware optimi-
sation. Through a layered design spanning device, edge, and cloud, GREEAM effec-
tively balances performance demands with ecological responsibility. Simulation
results across IoT, mobile healthcare, and smart city applications demonstrated sig-
nificant improvements, including a 28% reduction in energy consumption, a 22%
reduction in latency, a 31% extension in device lifetime, and a 20% reduction in
carbon footprint compared to existing methods. These results highlight that sustain-
ability and scalability can coexist without compromising quality of service. Overall,
GREEAM offers a practical and holistic framework for next-generation green mobile
computing, contributing to global efforts in reducing ICT-driven carbon emissions
while enhancing user experience and device longevity.
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ABSTRACT

To advance the transition of dance composition from experience-driven practices to
data-augmented and cognition-coordinated processes, a triadic model of mobile-interactive
dance composition was proposed. Guided by this framework, a mobile intelligent compo-
sition tool integrating multimodal sensing and lightweight artificial intelligence (AI) was
designed and implemented. A heterogeneous data fusion strategy combining an MPU9250
inertial measurement unit IMU) with MediaPipe-based visual capture was adopted, achiev-
ing a three-dimensional reconstruction error below 2 cm and an interaction latency under
50 ms. A prototype implementation was developed and validated experimentally. A mixed
experimental design involving 60 professional and non-professional dancers was conducted,
incorporating a short single-segment creation task and a four-week longitudinal project. A cog-
nitive load scale, a creative flow state scale, and eye-tracking measurements were employed
to systematically compare the tool’s performance with that of Kinect and professional motion
capture systems. The findings reveal a three-stage evolutionary pattern in dance creative
behavior under tool intervention, characterized by enhanced efficiency, cognitive restruc-
turing, and expressive innovation, demonstrating the tool’s comparative advantages in multi-
scene adaptability and operational simplicity. This study establishes an interdisciplinary
paradigm coupling theoretical modeling, tool development, experimental validation, and
behavioral analysis, offering both conceptual foundations and a transparent methodological
pathway for integrating mobile intelligent technologies into creative practices. The proposed
tool effectively addresses critical challenges in dance education, digital heritage preservation,
and real-time interaction in immersive performance, thereby providing essential support for
the scalable digital transformation of dance art.
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1  INTRODUCTION

The deep convergence of mobile computing, edge Al, and digital humanities
[1-3] has been driving a fundamental transformation in the field of dance com-
position, shifting creative processes from choreographer-dependent experiential
modes toward data-augmented and cognition-coordinated paradigms. During this
transition, the demand for portable and intelligent composition tools has intensi-
fied across the industry [4, 5]. However, existing solutions continue to exhibit pro-
nounced limitations: conventional systems are constrained by fixed creative spaces
and high feedback latency, making them unsuitable for improvisational choreog-
raphy and multi-scene adaptation [6, 7]; meanwhile, mainstream intelligent tools
are often characterized by high equipment costs and complex operational proce-
dures, resulting in substantial technical barriers to adoption [8]. These constraints
further exacerbate persistent pain points in key application scenarios, including the
difficulty of delivering personalized movement feedback in dance education, the
challenge of balancing efficiency and precision in the digital preservation of tradi-
tional dance heritage, and the limited real-time interaction and dynamic adjustment
capabilities in immersive performance creation.

The root of these challenges lies in the lack of a systematic theoretical founda-
tion for integrating mobile interaction technologies with dance composition, as well
as insufficient adaptation of technical implementations to the embodied cognitive
characteristics of artistic creation. Existing studies predominantly focus on single
technologies or isolated stages of the creative process [9-11], and an integrated ana-
lytical framework connecting technological features, cognitive processes, and artis-
tic expression has yet to be established. Consequently, a significant research gap
persists in the intersection of embodied cognition, mobile intelligence, and artistic
creation. The present study is centered on the core inquiry of how mobile interaction
technologies can empower dance composition. Its academic value lies in construct-
ing a comprehensive theoretical system that supports the deep fusion of these tech-
nologies with creative practice, thereby enriching interdisciplinary perspectives on
creative behavior in the digital age. Its practical significance is manifested through
the development of low-threshold, high-accuracy tools designed to enhance compo-
sitional efficiency and diversify artistic output, while providing essential technolog-
ical support for personalized instruction in dance education, digital transmission of
traditional dance, and innovation in immersive performance.

The core research questions guiding this study may be distilled into three dimen-
sions. First, it remains to be determined how a mobile multimodal interaction archi-
tecture can be designed to maintain both high precision and low intrusiveness
while meeting technical requirements of three-dimensional reconstruction accu-
racy within 2 cm and interaction latency below 50 ms, and simultaneously preserv-
ing naturalness and flexibility in the creative process. Second, the extent to which
the mobile intelligent tool influences creative efficiency, cognitive patterns, and
artistic expression during both short-term adaptation and long-term use requires
systematic examination, along with an assessment of its comparative advantages
and limitations relative to Kinect and professional motion-capture systems. Third, it
must be clarified how a creation ecosystem can be constructed in which technolog-
ical empowerment, artistic ontology, and ethical regulation function synergistically.
Such an ecosystem must avoid risks associated with movement-data privacy leakage
and disputes related to Al-generated content copyright while supporting the tool’s
applicability for both professional and non-professional dancers across diverse
cultural and choreographic contexts.
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First, a closed-loop mobile intelligent composition tool architecture comprising
“perception—processing—interaction—-generation” was proposed. This architecture
integrates a heterogeneous data fusion strategy combining an MPU9250 IMU with
MediaPipe-based visual capture, and the implementation details reported in the
manuscript support transparent evaluation and future implementation. Second, a
triadic model of mobile-interactive dance composition was established, in which
the technological adaptation layer, embodied cognition layer, and artistic expression
layer are tightly coupled, enabling theoretical modeling to directly inform tool design.
Third, a mixed experimental design combining short-term experiments, long-term
tracking, and multi-tool comparison was implemented. The NASA Task Load Index
(NASA-TLX) cognitive load scale, the creative flow-state scale, and gaze-path entropy
analysis from eye-tracking data were employed to construct a quantitative analyt-
ical framework describing the dynamic evolution of creative behavior. Fourth, an
ethics and universality framework was developed based on data privacy protec-
tion, copyright boundary specification, and stratified adaptation design, providing
practical guidelines for the large-scale deployment of similar tools.

The subsequent sections are structured according to the logical progression of
“theory-technology-experiment-application.” In Section 2, the core theoretical
framework is constructed and the internal mechanisms of the triadic model are artic-
ulated. Section 3 presents the design principles and technical implementation details
of the intelligent tool. Section 4 outlines the experimental design and data acquisi-
tion procedures employed for the analysis of creative behavior. Section 5 reports
the results of tool performance validation and the observed patterns of behavioral
evolution in the creative process. The study concludes with a synthesis of key find-
ings and a discussion of future research directions, thereby establishing a complete
research closed loop.

2 THEORETICAL FOUNDATIONS AND ORIGINAL FRAMEWORK
2.1 Core theoretical foundations

The theoretical system underpinning this study is supported by three major
pillars: mobile human-computer interaction theory [12, 13], embodied cognition
theory [14], and human-machine co-creative theory [15, 16]. Together, these frame-
works provide the conceptual foundation necessary for understanding the deep
integration of mobile interaction technologies with dance composition. Mobile
human-computer interaction theory serves as the basis for the design of the tech-
nological architecture. Its principles of multimodal sensory fusion emphasize the
spatiotemporal alignment and complementarity of visual and inertial data. Visual
data ensure global accuracy in joint-pose estimation, while inertial data compen-
sate for local motion-capture deficiencies in occlusion-prone scenarios. Kalman
filtering is employed to achieve redundant data calibration between these inputs.
The design principles of portability, low intrusiveness, and real-time responsiveness
directly correspond to the fundamental requirements of unrestricted movement
expression and immediate feedback during dance composition. Embodied cogni-
tion theory elucidates the intrinsic mechanisms of dance creation, positing that
bodily experience constitutes the core medium through which affective expression
is produced. Through bodily movement, choreographers perceive spatial struc-
tures, construct imagery, and transmit emotional intent. Within this process, tech-
nology is not regarded as an external and detached apparatus but as a cognitive
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scaffold that extends the body, enhancing perceptual sensitivity to movement detail
and emotional mapping through data augmentation. Human-machine co-creative
theory defines the relational boundary between technology and the creative agent,
outlining an evolutionary trajectory in which technology transitions from a passive
assistive tool to an active creative partner. This theory delineates the conservation
mechanism of artistic ontology, indicating that while technology may optimize cre-
ative workflows and expand expressive dimensions, it must remain anchored to
the emotional core, cultural symbolism, and embodied experience that characterize
dance, thereby preventing creative alienation driven by technological dominance.

2.2 Original theoretical framework: The triadic model of mobile-interactive
dance composition

Building on the aforementioned theoretical foundations, a triadic model of
mobile-interactive dance composition was constructed to achieve an integrated
alignment of technological characteristics, cognitive processes, and artistic expres-
sion. The model comprises three layers—the technological adaptation layer, the
embodied cognition layer, and the artistic expression layer—which together form
an organic structure through a dynamic closed loop. The technological adaptation
layer serves as the foundation of the model and incorporates three core modules:
multimodal sensing, edge computing, and lightweight AL Multimodal sensing
enables comprehensive acquisition of movement data; edge computing ensures
real-time data processing capability; and lightweight Al facilitates movement feature
extraction and auxiliary generative functions. The embodied cognition layer oper-
ates as the central mediating component and encompasses three progressive stages:
movement perception, decision adjustment, and creative generation. This layer
receives quantitative data from the technological adaptation layer and transforms
them into perceptible creative cues for choreographers. The artistic expression layer
constitutes the final output stage, translating cognitive-level creative intentions into
concrete dance expression across three dimensions: emotional mapping, stylistic
presentation, and cultural symbolism.

The core mechanism of the model is reflected in the bidirectional interaction
among the three layers. Immediate data feedback from the technological adapta-
tion layer supports creative and decision-making processes within the embodied
cognition layer, while the evolving demands of the embodied cognition layer drive
parameter optimization within the technological adaptation layer. Creative con-
cepts emerging from the embodied cognition layer directly shape the expressive
form of the artistic expression layer, whose expressive outcomes, in turn, feed back
into the cognitive process, enabling iterative refinement. A distinctive feature of the
model lies in its integration of mobile interaction characteristics. Through the syn-
ergy between immediate feedback and improvisational creation, traditional latency
barriers in the “perception—adjustment” cycle are effectively removed, enabling
dynamic optimization of the creative process. A standardized framework diagram
delineates the core elements, logical relationships, and interaction pathways across
all layers, providing a precise theoretical mapping for subsequent tool design.

2.3 Dialogue with existing theories

The triadic model advances targeted innovations that enable a substantive dia-
logue with major cognitive theories such as distributed cognition theory [17] and
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extended mind theory [18]. Through this dialogue, conceptual breakthroughs are
achieved by addressing the unique characteristics of dance creation while remain-
ing grounded in foundational principles of cognitive science. The model thus con-
tributes a theoretical innovation situated at the intersection of technology, cognition,
and artistic practice. The core differences and contributions of the triadic model,
relative to existing theories, are summarized in Table 1.

Table 1. Core differences between the triadic model and existing theories

Comparison

Distributed

Extended

Dimension Cognition Theory Mind Theory BB A el

Primary focus Distributed division of | Extension of cognition | Co-evolution of technology, the
cognitive tasks through external tools | body, and artistic expression

Role of the body Execution substrate Passive participantin | Principal agent in creative
for cognitive tasks cognitive processes generation

Positioning of Auxiliary node for External extension Partner-like intermediary in

technology cognitive tasks of cognition co-creative processes

Artistic dimension | Not included in the Emotional and Emotional mapping and cultural
core analytical cultural attributes symbolism are positioned as core
framework de-emphasized components

In comparison with distributed cognition theory, both frameworks acknowledge
the mediating role of technology within cognitive processes. However, distributed
cognition theory emphasizes the distributed allocation of cognitive tasks across the
“Individual-tool-environment” system, treating the body merely as an execution
substrate while overlooking the dominant role of bodily experience and affective
motivation in dance creation. In contrast, the triadic model foregrounds the real-time
coordination of “technology-body—environment,” situating the embodied cognition
layer as the central hub and highlighting the body’s authority in data transformation
and creative generation. This emphasis results in a theoretical construct that is more
closely aligned with the embodied characteristics of dance composition. Relative to
extended mind theory, both perspectives recognize the capacity of technology to aug-
ment cognitive abilities. Nevertheless, extended mind theory conceptualizes technol-
ogy as an external cognitive tool and limits its concern to improvements in cognitive
efficiency, thereby diminishing the emotional core and cultural attributes fundamen-
tal to artistic creation. The triadic model, through the explicit delineation of the artistic
expression layer, incorporates emotional mapping and cultural symbolism as cen-
tral components. The model asserts that technological augmentation must ultimately
serve the conservation of artistic ontology, clarifying that the role of technology is
to strengthen rather than replace the distinctive nature of artistic expression. This
safeguards against the reduction of dance creation to a purely computational cogni-
tive task. This theoretical dialogue and advancement provide a novel research per-
spective for the intersection of art and technology—one that simultaneously respects
technological principles and preserves the essential characteristics of artistic practice.

3  INTELLIGENT TOOL DESIGN AND IMPLEMENTATION
3.1 Requirements analysis and design objectives

The requirements analysis for the tool was derived from a comprehensive
investigation of dance composition scenarios and an extraction of core challenges,
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resulting in a three-dimensional requirements framework encompassing scenario
adaptability, interaction experience, and functional extensibility. Scenario adapt-
ability requirements emphasize the diversity of creative environments. The tool
must support movement capture in standard indoor rehearsal studios, open out-
door spaces, and small temporary sites, while satisfying the need for unencumbered
capture to avoid restricting choreographic bodily expression. Interaction experience
requirements prioritize low-latency feedback, with interaction latency required to
remain below 50 ms to accommodate real-time adjustments inherent to improvi-
sational creation. Functional extensibility requirements include dual support for
individual creative work and multi-user collaborative composition to address the
coordination demands of different creative modes.

Based on these requirements, three core design objectives were established. First,
the balance between technological precision and artistic freedom is pursued by con-
straining three-dimensional reconstruction error to within 2 cm and joint angle error
to below 0.5° while employing lightweight design to prevent operational burdens
from disrupting the creative process. Second, personalized adaptation capability is
implemented through the construction of dedicated feature libraries tailored to sty-
listic characteristics across dance domains—including the expressive bodily reso-
nance of classical dance, the explosive dynamics of modern dance, and the highly
stylized motion patterns of ethnic dance—while also providing tiered user interfaces
for professional and non-professional dancers. Third, a scenario-based modular
architecture is constructed, offering rapidly deployable modules for education, digi-
tal heritage preservation, and immersive performance. These modules respectively
address the requirements of pedagogical feedback, high-fidelity recording, and real-
time interactive engagement.

3.2 Technical architecture design

The tool adopts a four-layer closed-loop architecture comprising perception, pro-
cessing, interaction, and application. These layers are integrated through standard-
ized data interfaces to ensure efficient coordination and precise alignment between
technical performance and creative requirements. The perception layer employs a
multimodal sensing fusion scheme equipped with an MPU9250 nine-axis IMU and
the MediaPipe v0.10.9 monocular vision system. Joint angle, center-of-mass trajec-
tory, force application characteristics, and motion velocity data are synchronously
captured at a sampling rate of 100 Hz. The IMU ensures local precision in limb
movement, while the visual system provides global pose calibration. A spatiotem-
poral alignment algorithm is implemented to eliminate heterogeneity between the
two data sources. The processing layer integrates edge computing with lightweight
Al Model deployment on the device side is implemented using TensorFlow Lite
v2.15. An unscented Kalman filter is applied to mitigate data drift, with the process
noise matrix Q set to [1e™, 1e*, 1e~*] and the observation noise matrix R set to [1e7],
ensuring stable dynamic capture. A lightweight Transformer model comprising four
encoder layers and a 128-dimensional hidden layer is used to extract dance style
features at 10 ms per frame, enabling real-time style adaptation.

The interaction layer is designed with a multimodal feedback mechanism. Force
distribution patterns are visualized through heatmaps, haptic rhythm cues are trans-
mitted via Bluetooth 5.3 Low Energy technology, and voice-based interaction delivers
style optimization suggestions. Overall feedback latency is maintained below 38 ms.
The application layer adopts a modular architecture. The composition management
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module supports movement library storage, version iteration, and export in BVH,
FBX, and JSON formats. The collaborative creation module enables multi-terminal
data synchronization using a 5G network and Redis caching, supporting concurrent
creation for up to eight users. The scenario adaptation module enables rapid switch-
ing among educational, digital heritage, and performance modes, corresponding
respectively to movement correction, high-fidelity archival recording, and real-time
generation. Data transmission is implemented through Bluetooth 5.3 Low Energy
for real-time streaming. Local data are stored using AES-256 encryption, and cloud
backups are processed through anonymization protocols, balancing data security
with accessibility.

Figure 1 presents the complete technical architecture of the mobile-interactive
intelligent dance composition tool, encompassing the tool’s client interface, the
motion data relay service, and the dance interaction processing module. The
modular composition and data flow logic of the four-layer architecture—perception,
processing, interaction, and application—are clearly illustrated, providing an intu-
itive representation of the technical pathways underlying multimodal motion
acquisition, lightweight style model loading, and related system functions.
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Fig. 1. Overview of the system architecture for the mobile-interactive intelligent dance composition tool
3.3 Implementation of core functional modules
Based on the four-layer technical architecture, four core functional modules were
implemented. These modules operate through deeply integrated data pathways to
support the full creative workflow of capture-generation—-feedback-adaptation. Their
key technologies, performance indicators, and application scenarios are summarized
in Table 2. The mobile motion capture module functions as the primary data entry
component and adopts a fusion scheme combining MediaPipe-based visual pose
estimation with IMU data. The visual system outputs 2D joint keypoints, while the
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IMU provides 3D motion pose data. A Perspective-n-Point (PnP) algorithm is applied
to solve three-dimensional pose estimations. To address abnormal data resulting
from motion blur or occlusion, a Random Sample Consensus (RANSAC) algorithm
is introduced to remove outliers. The final reconstruction accuracy is maintained
within 2 cm, satisfying precision requirements across multiple dance genres. The
intelligent-assisted generation module is constructed using a lightweight Generative
Adversarial Network (GAN). The encoder extracts semantic features from the input
movements, and the decoder, combined with pre-trained style libraries for five major
dance genres—classical, modern, ethnic, jazz, and contemporary—generates motion
variants. A semantic consistency loss function is applied to ensure that generated
variants remain aligned with the core semantics of the original movement, prevent-
ing unintended deviations in creative intent during style transfer.

The real-time feedback optimization module integrates biomechanical modeling
with a dance style database. The biomechanical model computes joint loads and
force efficiency based on the human skeletal-muscular structure, while the style
database stores characteristic motion parameters representative of various dance
genres. Their combined output yields three quantitative indicators—accuracy, coor-
dination, and style congruence—along with corresponding visualized optimization
suggestions. The scenario-adaptive module enables configuration-based switching
across functional combinations. In the educational mode, emphasis is placed on
real-time motion correction and instructional feedback, including numerical indica-
tors of joint angle deviation. In the digital heritage mode, high sampling rate capture
and multi-format archival functionality are activated to ensure long-term preserva-
tion value of motion data. In the performance mode, multi-user collaboration inter-
faces and real-time motion generation are optimized to support improvisational
interactive creation in stage environments.

Table 2. Technical parameters and application scenarios of core functional modules
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Module Name Core Technologies Performance Indicators . ijlmary .
Application Scenarios
Mobile motion MediaPipe-IMU fusion 3D reconstruction Movement data
capture module and RANSAC error <2 cm acquisition across
diverse environments
Intelligent-assisted Lightweight GAN and Supports five dance style | Style transfer and
generation module semantic consistency loss | categories and generation | motion variant
latency <50 ms generation
Real-time feedback | Biomechanical Three quantitative Precision enhancement
optimization module | modeling and a dance indicators and feedback | and style optimization
style database latency < 38 ms of movements
Scenario-adaptive Modular functional Mode switching time < 1's | Education, heritage
module configuration preservation, and
Immersive performance

3.4 Prototype validation and reproducibility

A three-tier validation framework was designed to assess the tool’s technical

effectiveness and methodological transparency, covering technical performance,
data consistency, and user usability, while transparency was further supported
through detailed reporting of the implementation and experimental procedures.
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For technical performance evaluation, three representative creative environments
were selected: an indoor rehearsal studio, an outdoor plaza, and a confined
10 m? space. Standardized movement sequences performed by 10 professional
dancers were used as test samples, and the OptiTrack Prime 13 high-precision opti-
cal motion capture system served as the ground-truth reference. The results indicate
that the average three-dimensional reconstruction errors across the three environ-
ments were 1.5 cm, 1.8 cm, and 1.7 cm, respectively; interaction latency remained
stable between 32 and 38 ms; and the system sustained continuous operation for
up to eight hours on a single charge, meeting the core performance requirements
for mobile creative work. Reproducibility testing employed the publicly available
Human3.6M and AIST++ dance motion datasets for cross-validation. The aver-
age capture error for the 15 action categories in Human3.6M was 1.6 cm, while
the corresponding error for the five dance genres in AIST++ was 1.8 cm. Deviations
from the benchmark optical system were consistently maintained within 0.3 cm,
demonstrating performance stability across standardized datasets.

An initial usability assessment was conducted with 10 professional dancers and
10 non-professional dancers over a two-week pilot trial. Task completion time, opera-
tional error rate, and satisfaction scales were used as evaluation metrics. Professional
users reported a satisfaction score of 8.2/10 for motion capture accuracy and style
generation, while non-professional users rated the satisfaction of the operation
workflow at 7.8/10. Based on this feedback, refinements were made to the inter-
face’s icon layout and feedback prompt mechanisms. The study provides detailed
descriptions of the core methodological components, including the multimodal sens-
ing configuration, data fusion workflow, model architecture, and experimental pro-
cedures. Technical aspects such as hardware configuration, software environment,
parameter settings, and data preprocessing steps are explicitly reported to support
methodological transparency. These descriptions establish a practical foundation
for future implementation, comparison, and extension of the proposed approach by
other researchers.

4  CREATIVE BEHAVIOR ANALYSIS: RESEARCH DESIGN
4.1 Research hypotheses

Based on the core logic of the triadic model of mobile-interactive dance composi-
tion and the technical characteristics of the tool, four progressive research hypotheses
were formulated, establishing a systematic validation framework spanning tool effec-
tiveness, behavioral evolution, group adaptability, and cognitive mechanisms. The
four hypotheses are interrelated: Hypothesis 1 anchors the comparative advantages
of the tool; Hypothesis 2 focuses on the dynamic behavior evolution; Hypothesis 3
examines the adaptability across groups; and Hypothesis 4 investigates the under-
lying cognitive mechanisms. Together, they form a complete validation chain
encompassing tool performance-behavioral outcomes-cognitive characteristics. The
formulation of the hypotheses is grounded in theoretical foundations and empirical
evidence. Hypothesis 1 is derived from the tool’s mobile adaptability and lightweight
design, positing superior efficiency, flexibility, and lower cognitive load relative to
Kinect and professional systems. Hypothesis 2 draws from embodied cognition the-
ory regarding the reshaping effects of technology on cognition, emphasizing the
co-evolution of data-driven and experiential elements. Hypothesis 3 is motivated
by the group differences identified in the requirements analysis, highlighting the
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universal value of modular design. Hypothesis 4 incorporates cognitive psychology
mechanisms linking feedback and immersion, introducing gaze-path entropy as a
quantitative indicator of cognitive complexity.

4.2 Experimental design

To systematically validate the hypotheses, a mixed experimental design was
implemented, combining controlled variables with repeated measures to ensure
the reliability and validity of the results. Sixty creators participated in the study,
divided into professional and non-professional groups with thirty participants each.
The professional group included creators from classical, modern, and ethnic dance
backgrounds, with ten participants from each style and more than five years of
choreographic experience. The non-professional group consisted of individuals with
over one year of dance-learning experience but no choreographic background. Age
and gender ratios were matched across groups to control for extraneous variables.
A 2 x 3 x 2 mixed design was adopted. Tool type served as a between-subjects fac-
tor with three levels: the intelligent tool developed in this study, Kinect v2, and the
OptiTrack professional system.

Each tool group contained 20 participants with matched proportions of profes-
sional and non-professional creators. Creative duration served as a within-subjects
factor with twolevels (short-term and long-term). Creator type was a between-subjects
factor, forming an interaction structure with tool type. The experimental procedure
consisted of short-term and long-term stages. The short-term experiment required
participants to complete a three-minute dance-segment composition task, focusing
on assessing immediate tool effectiveness. The long-term experiment spanned four
weeks, during which participants engaged in weekly sessions to develop a sequence
of four progressively advanced works, enabling the tracking of behavioral evolu-
tion. A unified thematic cue—natural imagery—was used to ensure comparability
across groups. The short-term task required the creation of a single thematic seg-
ment, whereas the long-term task involved a series of creations that gradually deep-
ened across stages of imagery extraction, movement design, and stylistic integration.
This experimental design allowed between-subjects comparisons to capture differ-
ences across tool types, while within-subjects measurements revealed longitudinal
evolution. When combined with analyses of group-level differences, the design
fully addressed the validation needs of the four hypotheses. Task standardization
and theme consistency further controlled for confounding variables such as task
difficulty and creative motivation.

5  EXPERIMENTAL RESULTS AND ANALYSIS

Figure 2 illustrates the accuracy differences among the three motion capture
tools across an indoor rehearsal studio, an outdoor plaza, and a confined 10 m?
space. The intelligent tool developed in this study achieved accuracy errors between
1.5 and 1.8 cm across all environments, with a fluctuation range of only 0.3 cm,
indicating stable performance under mobile conditions. Kinect v2 exhibited errors
between 3.2 and 3.5 cm, maintaining consistent variability but demonstrating sub-
stantially lower precision overall. The OptiTrack professional system delivered the
highest accuracy, with errors between 0.7 and 0.9 cm; however, its physical footprint
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and deployment requirements prevented operation in outdoor settings and small
confined spaces. In terms of functional responsiveness, the proposed intelligent tool
maintained an average core function latency of 32-38 ms, while synchronization
latency during eight-user collaborative creation remained below 50 ms, meeting the
requirements of real-time interactive composition. Kinect v2 exhibited latency in
the range of 72-80 ms, and OptiTrack maintained latency between 18 and 22 ms.
Performance validation results further demonstrated the technical stability of the
proposed intelligent tool. Across the public datasets Human3.6M and AIST++, the
average capture errors were 1.5 cm and 1.8 cm, respectively, with deviations from
reference data remaining within 0.3 cm.
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Fig. 2. Comparative accuracy error of motion capture tools across creative environments

Figure 3 demonstrates the dynamic evolution of creative behavior. For profes-
sional creators using the intelligent tool, the movement generation rate increased
from 12 movements per minute in the short-term phase to 18 movements per
minute by Week 4 of the long-term phase, while cognitive load (NASA-TLX score)
decreased from 15 to 8. Non-professional creators exhibited a similar pattern,
with movement generation rates increasing from 8 to 14 movements per minute
and cognitive load decreasing from 18 to 12. In comparison, the Kinect v2 group
showed only moderate improvements: professional creators’ movement gener-
ation rates increased from 10 to 14 movements per minute, and cognitive load
decreased from 17 to 14. These findings indicate that the intelligent tool more effec-
tively facilitates a shift in creative cognition from experience dependence to a data—
experience co-evolution model. Differences across creator types and dance genres
were also observed. Professional creators demonstrated an 85% utilization rate of
the style-matching module, compared with 60% among non-professional creators.
Among dance genres, creators working in ethnic dance exhibited a 90% utilization
rate of the cultural symbol extraction function, higher than that of classical dance
(80%) and modern dance (75%). These patterns indicate that the tool’s modular
design effectively accommodates diverse functional needs across creator groups.
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As shown in Figure 4, a significant positive correlation was observed between
emotion intensity and heart rate variability (r = 0.68, p < 0.01): as emotion inten-
sity increased from 2 to 10, heart rate variability rose from 350 ms? to 780 ms?.
Electrodermal response (EDR) was also positively correlated with movement force
(r=0.75, p < 0.01), increasing from 1.2 uS to 3.5 uS as force ratings increased from 3
to 10. These results demonstrate the capacity of physiological indicators to serve as
quantitative proxies for artistic expressive processes. Analysis of creative flow states
showed that the intelligent tool group achieved a significantly higher flow score (8.2)
than the Kinect v2 group (6.8), with no significant difference from the OptiTrack
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group (8.0). Creative flow scores were negatively correlated with cognitive load
(r=-0.72, p < 0.01). Qualitative feedback further revealed that 90% of professional
creators perceived no reduction in the uniqueness of artistic expression when using
the tool, and 85% of non-professional creators reported that motion-assisted gen-
eration lowered the entry barrier to creative composition. These findings validate
the tool’s ability to balance technological augmentation with the preservation of
artistic ontology.

Table 3. User experience and usability evaluation results

Evaluation Proposed Proposed Intelligent Kinect v2 Kinect v2 OptiTrack
Dimension/ Intelligent Tool Tool (Non-Professional (Professional (Non-Professional Professional System
Tool Type (Professional Creators) Creators) Creators) Creators) (Professional Creators)
Tool learning 8 12 15 20 25
time (min)
Operational 438 45 32 2.8 4.0
satisfaction (1-5)
Task error rate (%) 5 8 12 18 6
Core function 92 80 75 60 85
usage rate (%)
Operational 47 43 3.0 2.5 42
smoothness (1-5)

To evaluate usability and creator acceptance under practical operational con-
ditions, a user experience and usability assessment was conducted. As shown in
Table 3, professional creators required only eight minutes to learn the intelligent
tool, substantially shorter than the 15 minutes required for Kinect v2 and the
25 minutes required for the OptiTrack system. Non-professional users demonstrated
similar advantages, requiring 12 minutes compared with 20 minutes for Kinect v2.
Operational satisfaction scores for the intelligent tool reached 4.8 for professional
creators and 4.5 for non-professional creators—significantly higher than the scores
for Kinect v2 (3.2 and 2.8) and comparable to the OptiTrack system (4.0). Core func-
tion usage rate and operational smoothness exhibited similar superiority. These
findings indicate that the tool’s low-threshold design markedly enhanced accep-
tance across diverse creator groups. The usability advantages demonstrated relative
to mainstream comparison tools provide experiential support for the tool’s broader
practical deployment.

6  CONCLUSION

This study addressed the central inquiry of integrating mobile interaction tech-
nologies with dance composition by constructing a triadic theoretical framework
linking technology, the body, and cognition and by designing and implementing a
mobile intelligent dance composition tool that integrates multimodal sensing with
lightweight AL Multidimensional experimental validation demonstrated the tool’s
technical effectiveness, creative value, and adaptability across diverse scenarios. As
shown by the results, stable motion capture accuracy and low latency responsive-
ness were maintained across multiple creative environments; creative efficiency
was substantially improved for both professional and non-professional creators;
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and creative cognition was shifted from experience dependence toward a data—
experience co-evolution model. Furthermore, the system achieved a balance
between technological augmentation and the preservation of artistic expressiveness.
Its practical effectiveness in dance education and digital heritage preservation fur-
ther confirmed its potential to address core challenges within the field. This study
fills a theoretical gap at the intersection of embodied cognition, mobile intelligence,
and artistic creation, while also providing a transparent methodological frame-
work for future implementation and comparison that may serve as a reference for
subsequent interdisciplinary research on mobile-intelligent creative practices.
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ABSTRACT

This study challenges the prevailing digital native’s paradigm by examining technology
adoption patterns across different generational cohorts in collaborative online learning envi-
ronments. It investigates how generational differences influence technology acceptance, usage
behaviors, and learning outcomes in digital educational spaces. A mixed-methods approach
was employed, combining quantitative surveys (n = 847) and qualitative interviews (n = 32)
across four generational cohorts: Generation Z (born 1997-2012), Millennials (1981-1996),
Generation X (1965-1980), and Baby Boomers (1946-1964). The study utilized the extended
technology acceptance model (TAM2) framework, incorporating social influence and cognitive
instrumental processes. Findings reveal significant variations in technology adoption pat-
terns that transcend traditional generational assumptions. While Generation Z demonstrated
higher initial technology acceptance rates (M = 4.23, SD = 0.87), Generation X showed superior
sustained engagement in collaborative learning activities (M = 4.45, SD = 0.76). Baby Boomers
exhibited unexpected adaptability when provided with appropriate scaffolding and support
mechanisms. The digital natives concept oversimplifies technology adoption behaviors. Cross-
generational collaboration in online learning spaces benefits from differentiated instructional
design approaches that acknowledge varying technological competencies while leveraging
the unique strengths of each generational cohort.

KEYWORDS
digital natives, technology adoption, learning opportunities, online collaboration, educational
technology

1  INTRODUCTION

The concept of digital natives, first introduced by Prensky [1], has dominated
educational technology discourse for over two decades. This paradigm suggests
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that individuals born into the digital age possess innate technological competencies
that fundamentally differ from previous generations, labeled as digital immigrants.
However, recent scholarship has begun to question this binary classification, argu-
ing that it oversimplifies the complex relationship between age, technology adop-
tion, and learning preferences [2], [3]. The rapid acceleration of online learning,
particularly following the COVID-19 pandemic, has created unprecedented oppor-
tunities to observe cross-generational technology adoption patterns in educational
contexts [4]. Contemporary online learning environments increasingly feature learn-
ers from multiple generational cohorts, creating dynamic spaces where different
technological perspectives and competencies intersect [5].

This study addresses a critical gap in current literature by examining how different
generational cohorts adapt to and utilize collaborative online learning technologies.
Rather than accepting the digital native’s framework as definitive, this research inves-
tigates the nuanced ways in which age-related factors influence technology adoption,
usage patterns, and collaborative learning outcomes in digital educational environ-
ments. The significance of this research extends beyond theoretical considerations.
As educational institutions increasingly adopt blended and fully online learning
modalities, understanding cross-generational technology adoption patterns becomes
essential for designing inclusive and effective digital learning experiences [6]. The
findings of this study have implications for instructional design, technology implemen-
tation strategies, and the development of age-inclusive online learning environments.

2  LITERATURE REVIEW
2.1 Thedigital natives paradigm: Evolution and critique

The digital natives concept emerged from observations that individuals born after
1980 appeared to interact with technology differently than previous generations [1].
This framework suggested that exposure to digital technologies from an early age
created neuro-plastic changes that fundamentally altered learning preferences and
cognitive processing patterns. Digital natives were characterized as multitasking,
visually oriented learners who preferred interactive and immediate learning experi-
ences. However, empirical research has increasingly challenged these assumptions.
Thompson [7] found no significant differences in multitasking abilities between
digital natives and digital immigrants in academic contexts. Similarly, Margaryan
et al. [8] demonstrated that university students, despite being classified as digital
natives, exhibited limited technological competencies beyond basic social media
and communication tools.

Recent meta-analyses have further undermined the digital native’s paradigm.
Gallardo-Echenique et al. [9] analyzed 58 studies and found inconsistent evidence
supporting generational differences in technology use and learning preferences.
The authors concluded that individual factors such as socioeconomic status, edu-
cational background, and personal motivation were more predictive of technology
adoption than generational membership. Thapa et al. [10] show that emotional
intelligence influences student engagement with mobile technologies.

2.2 Technology acceptance in educational contexts

The TAM, developed by Davis [11] provides a theoretical framework for under-
standing individual technology adoption decisions. The model identifies perceived
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usefulness and perceived ease of use as primary determinants of technology accep-
tance. Subsequent extensions, including TAM2 [12] and the Unified Theory of
Acceptance and Use of Technology (UTAUT) [13], have incorporated additional fac-
tors such as social influence, facilitating conditions, and individual characteristics.

In educational contexts, technology acceptance models have been adapted to
account for the unique characteristics of learning environments. Al-Emran et al. [14]
found that self-efficacy, social influence, and institutional support significantly influ-
enced technology acceptance among university students. However, most studies in
this domain have focused on homogeneous age groups, limiting our understanding
of cross-generational technology adoption patterns. Recent bibliometric analyses of
mobile learning adoption research confirm the predominant focus on single-cohort
studies [34].

2.3 Collaborative online learning across generations

Collaborative online learning environments present unique challenges and
opportunities for cross-generational interaction. Social constructivist theories
suggest that diverse perspectives enhance learning outcomes through the negotia-
tion of meaning and knowledge construction [15]. In online contexts, this diversity
can be manifested through different technological competencies, learning pref-
erences, and communication styles. Research demonstrates that social presence
significantly influences learning satisfaction and persistence in online learning
environments [33]. Research on age-diverse online learning teams has produced
mixed findings. Some studies suggest that generational diversity can lead to
enhanced problem-solving and creativity [16], with evidence showing that social
media integration can enhance critical thinking in online learning contexts [35].
Conversely, other research indicates that technological skill disparities can create
barriers to effective collaboration [17].

The COVID-19 pandemic provided an unprecedented natural experiment in
cross-generational online learning adoption. Studies conducted during this period
revealed that age-related technology adoption patterns were more complex than pre-
viously assumed. Park et al. [18] found that older learners demonstrated remarkable
adaptability when provided with appropriate support systems, while younger
learners sometimes struggled with the sustained focus required for online learning.

2.4 Research gaps and study rationale

Despite growing interest in cross-generational technology adoption, several
research gaps remain. First, most existing studies focus on single generational
cohorts rather than examining patterns across multiple age groups simultaneously.
Second, most of the research has been conducted in formal educational settings,
limiting our understanding of technology adoption in collaborative online learn-
ing environments. Third, existing literature often treats generational membership
as a binary variable (digital native vs. digital immigrant) rather than examining
the continuous nature of age-related technology adoption. Finally, few studies have
employed mixed-methods approaches that capture both quantitative patterns and
qualitative experiences of cross-generational technology adoption.

This study addresses these gaps by examining technology adoption patterns across
four distinct generational cohorts in collaborative online learning environments,
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employing both quantitative and qualitative methodologies to provide a compre-
hensive understanding of cross-generational technology adoption behaviors.

3  METHODOLOGY
3.1 Research design

This study employed a concurrent mixed-methods design (Creswell and Plano
Clark, 2017) to investigate cross-generational technology adoption patterns in collab-
orative online learning spaces. The quantitative component utilized a cross-sectional
survey design to examine technology acceptance patterns across generational
cohorts, while the qualitative component employed semi-structured interviews to
explore individual experiences and perspectives.

3.2 Participants

The study recruited 847 participants from various online learning platforms and
educational institutions across North America and Europe between January and
September 2024. Participants were categorized into four generational cohorts based
on birth year: Generation Z (n = 234, ages 12-27), Millennials (n = 298, ages 28-43),
Generation X (n =201, ages 44-59), and Baby Boomers (n = 114, ages 60-78).

Inclusion criteria required participants to have engaged in at least one collab-
orative online learning experience within the previous six months. Collaborative
learning was defined as structured educational activities involving two or more
participants working together toward shared learning objectives through digital
platforms.

For the qualitative component, 32 participants were purposively selected from
the survey respondents to ensure representation across all generational cohorts and
various online learning contexts. The interview sample included eight participants
from each generational cohort, with equal gender representation where possible.

3.3 Instruments

Technology adoption survey. The quantitative instrument was adapted from
the TAM2 framework (Venkatesh and Davis, 2000) and included measures of
perceived usefulness (o = 0.89), perceived ease of use (o = 0.92), social influence
(a0=10.87), and behavioral intention (oo = 0.91). Additional scales measured collabora-
tive learning effectiveness (o = 0.88) and technology self-efficacy (o = 0.94). The sur-
vey also included demographic items and questions about specific online learning
platforms used, frequency of collaborative activities, and preferred communication
modalities. All items utilized 5-point Likert scales ranging from 1 (strongly disagree)
to 5 (strongly agree).

The Technology Adoption Survey was developed based on the extended TAM2
framework (Venkatesh and Davis, 2000) and adapted specifically for collaborative
online learning contexts.

Semi-structured interview protocol. The interview protocol explored par-
ticipants’ experiences with online learning technologies, collaboration strategies,
challenges encountered, and adaptive behaviors. The following key questions
are included:
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Personal technology adoption journey. Technology adoption is a highly indi-
vidualized process that unfolds through exposure, exploration, integration, and
mastery phases. Generation 7 participants described seamless progression from
gaming and social apps to educational technologies, relying on intuitive navigation
and peer-to-peer learning through online communities rather than formal instruc-
tion. Millennials experienced more structured adoption, beginning with email and
basic internet during their education years and systematically expanding their skills
as new platforms emerged. Their journeys involved deliberate skill-building phases,
often driven by professional or educational requirements. Generation X participants
took pragmatic, purpose-driven approaches, typically starting their technological
journey in workplace environments where necessity drove rapid skill acquisition.
They preferred intensive learning periods with familiar tools, adopting new tech-
nologies only when clear benefits were evident, and emphasized understanding
underlying principles over interface memorization.

Baby Boomers initially showed resistance but gradually accepted and often
enthusiastically embraced technologies that demonstrated clear value. Their adop-
tion was frequently motivated by family connections, professional needs, or personal
interests, with many describing feelings of accomplishment and empowerment as
they mastered platforms that enabled social connections and lifelong learning.

Experiences with cross-generational collaboration. Cross-generational collab-
oration challenged stereotypes about age-related tech competencies, with younger
participants surprised by older collaborators’ adaptability and superior organiza-
tional skills, systematic problem-solving, and attention to detail that enhanced group
productivity. Millennials often served as technological bridges, translating between
communication styles and facilitating knowledge transfer in both directions, while
Generation Z developed patience and thorough work habits by observing older peers’
careful planning and quality control approaches. Generation X emphasized valuable
mentoring relationships where they shared professional expertise and project man-
agement skills while learning emerging technologies and digital communication
norms from younger collaborators.

Baby Boomers found collaboration initially intimidating but ultimately reward-
ing, discovering new platforms through younger participants’ patient technical sup-
port while contributing valued analytical thinking, writing skills, and subject matter
expertise. Cross-generational teams consistently produced higher-quality outcomes
than age-homogeneous groups, combining technological fluency, life experience,
and diverse perspectives to create comprehensive solutions and demonstrate that
age-related learning differences were matters of approach rather than fundamental
capability.

Perceived advantages and disadvantages of different technologies.
Participants across generational cohorts identified distinct advantages and dis-
advantages of collaborative learning technologies, with priorities varying based
on technological backgrounds and learning preferences. Video conferencing was
universally appreciated for face-to-face interaction, particularly by older partici-
pants who valued the familiar meeting format, though Generation Z experienced
more fatigue and preferred asynchronous communication for flexibility. Learning
Management Systems received mixed reviews, with Generation X and Baby Boomers
appreciating structured organization while younger participants criticized them as
outdated and preferred streamlined, mobile-optimized interfaces similar to social
media. Collaborative document editing and project management tools were gener-
ally well-received, though younger participants favored real-time editing and imme-
diate feedback while older participants preferred structured revision processes with
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clear version control. Social learning platforms revealed generational divides, with
older participants preferring threaded discussions for in-depth exchanges while
Generation Z favored dynamic, multimedia-rich platforms supporting shorter, more
frequent visual interactions.

Strategies for overcoming technological barriers. Participants developed
diverse strategies for overcoming technological barriers, with approaches varying
significantly based on generational cohorts, prior experience, and individual learn-
ing preferences. Generation Z typically employed trial-and-error exploration supple-
mented by peer consultation through social networks, demonstrating high tolerance
for confusion while discovering features through serendipitous navigation, though
they struggled with sustained troubleshooting requiring methodical diagnosis.
Millennials combined systematic research with peer consultation, creating personal
reference materials and developing hybrid approaches that mixed formal learn-
ing with informal experimentation, often serving as technological intermediaries
between different experience levels. Generation X preferred systematic, methodical
approaches focused on understanding underlying principles rather than memoriz-
ing steps, consulting multiple authoritative sources, and establishing relationships
with technologically experienced colleagues for guidance. Baby Boomers devel-
oped patient, incremental strategies beginning with basic functionality, creating
detailed personal reference materials, practicing privately before collaborative use,
and benefiting from structured peer learning with other older adults who shared
similar challenges.

Preferences for learning and communication modalities. Learning and com-
munication modality preferences revealed complex patterns reflecting both genera-
tional influences and individual characteristics, challenging simplistic assumptions
about age-related technology preferences while highlighting the need for multiple
optionstoaccommodate diverselearnerneeds. GenerationZdemonstrated strong pref-
erences for multimedia-rich, interactive experiences with video content and imme-
diate feedback, favoring rapid, informal exchanges through multiple simultaneous
channels but sometimes struggling with sustained engagement requiring extended
focused attention. Millennials exhibited preferences for balanced approaches com-
bining structured content with interactive elements, appreciating professional-grade
platforms supporting both formal and informal styles with flexible cross-device
access to accommodate complex scheduling demands. Generation X preferred clear
structure and logical progression with opportunities for deep engagement, emphasiz-
ing quality over quantity in communication and appreciating connections between
new information and existing professional knowledge. Baby Boomers demonstrated
preferences for learning modalities providing clear guidance and comprehensive
support, emphasizing personal connection and relationship-building through face-
to-face interaction while valuing thoughtful, well-considered communication that
acknowledged their life experience and expertise.

3.4 Data collection procedures

Quantitative data were collected through online surveys distributed via
educational platform partnerships and social media channels. The survey required
approximately 15-20 minutes to complete and was available in English, Spanish,
and French.

Qualitative interviews were conducted via video conferencing platforms (Zoom or
Microsoft Teams) based on participant preference. Interviews lasted 45-60 minutes
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and were audio-recorded with participant consent. All interviews were conducted
by trained researchers using standardized protocols.

3.5 Data analysis

Quantitative data were analyzed using SPSS 28.0. Descriptive statistics charac-
terized the sample and examined variable distributions. One-way ANOVA tested
for differences across generational cohorts, with post-hoc Tukey tests identifying
specific group differences. Structural equation modeling (SEM) using AMOS 26.0
examined relationships between variables within the extended TAM framework.

Qualitative data were analyzed using thematic analysis following Braun and
Clarke’s (2006) six-phase approach. Interviews were transcribed verbatim and coded
independently by two researchers. Initial codes were organized into themes through
iterative analysis and discussion. NVivo 12 software facilitated data organization
and coding consistency checks.

3.6 Ethical considerations

The study received institutional review board approval from the lead researcher’s
institution (IRB #2023-114). All participants provided informed consent, and data
were collected and stored following established privacy and confidentiality protocols.
Participants were informed of their right to withdraw at any time without penalty.

4  RESULTS
4.1 Participant demographics

The final sample included 847 participants with representation across all target
generational cohorts. Generation Z participants (n =234, 27.6%) were predominantly
students in higher education, while Millennials (n =298, 35.2%) represented a mix of
graduate students and early-career professionals. Generation X participants (n =201,
23.7%) were primarily working professionals engaged in continuing education, and
Baby Boomers (n =114, 13.5%) included both retirees and late-career professionals.

The sample was 58.2% female, 40.1% male, and 1.7% non-binary or preferred not
to specify. Educational attainment varied across cohorts, with higher percentages
of advanced degrees among older participants. Technology access was generally
high across all groups, with 96.3% reporting reliable internet access and personal
computing devices.

4.2 Cross-generational technology adoption patterns

Technology acceptance variables. Significant differences emerged across gen-
erational cohorts for several technology acceptance variables. Generation Z demon-
strated the highest mean scores for perceived ease of use (M = 4.23, SD = 0.87),
followed by Millennials (M = 4.01, SD = 0.93), Generation X (M = 3.78, SD = 1.02),
and Baby Boomers (M = 3.45, SD = 1.15). ANOVA results confirmed significant differ-
ences [F(3,843) = 28.74, p < 0.001]. Interestingly, perceived usefulness scores showed
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less dramatic generational variation. While Generation Z scored highest (M = 4.31,
SD = 0.79), the differences between Millennials (M = 4.18, SD = 0.84), Generation X
(M =4.22, SD = 0.81), and Baby Boomers (M = 4.09, SD = 0.89) were not statistically
significant [F(3,843) = 2.89, p = 0.035].

Social influence played a more prominent role for older participants. Baby
Boomers reported the highest social influence scores (M = 3.87, SD = 0.98), signifi-
cantly higher than Generation Z (M = 3.42, SD = 1.04) [t(346) = 3.67, p < 0.001].

Collaborative learning effectiveness. Contrary to digital natives’ assumptions,
Generation X participants reported the highest collaborative learning effective-
ness scores (M = 4.45, SD = 0.76), followed by Baby Boomers (M = 4.32, SD = 0.82),
Millennials (M = 4.18, SD = 0.89), and Generation Z (M = 4.05, SD = 0.95). These
differences were statistically significant [F (3,843) = 12.43, p < 0.001].

Post-hoc analyses revealed that Generation X scored significantly higher than
both Millennials and Generation Z, while Baby Boomers scored significantly higher
than Generation Z. No significant difference was found between Generation X and
baby boomers.

4.3 Platform usage patterns

Analysis of platform preferences revealed distinct generational patterns.
Generation Z participants showed strong preferences for video-based platforms
(85.2%) and social learning applications (73.4%). Millennials demonstrated more
balanced usage across platform types, with high adoption of learning management
systems (78.5%) and collaboration tools (71.8%).

Generation X participants showed the highest sustained engagement with tradi-
tional learning management systems (89.6%) but also embraced video conferencing
tools (82.1%) for synchronous collaboration. Baby Boomers displayed more selec-
tive technology adoption, with strong preferences for email-based communication
(91.2%) and structured discussion forums (76.3%).

4.4 Qualitative themes

Adaptive learning strategies. Across all generational cohorts, participants
described developing adaptive strategies to navigate technological challenges.
Generation Z participants often served as informal technology mentors but some-
times struggled with sustained attention in asynchronous learning environments.
One Generation Z participant noted, “I can pick up new apps really quickly, but
sometimes I miss the depth that comes from really focusing on one thing for a long
time. The older people in my study group are actually better at that.”

Generation X and baby boomer participants described systematic approaches to
technology adoption, often investing more time in initial learning but demonstrating
higher long-term retention and utilization. A Baby Boomer participant explained,
“I may take longer to learn a new platform, but once I understand it, I tend to
use it more thoroughly than some of the younger participants who seem to skim
the surface.”

Cross-generational collaboration benefits. Participants across all cohorts
identified benefits from cross-generational collaboration. Younger participants val-
ued the focus and analytical skills of older learners, while older participants appre-
ciated the technological flexibility and creative approaches of younger cohorts.
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A millennial participant observed, “The best project teams I've been on had people
from different age groups. The younger people brought energy and technical skills,
the middle-aged people brought project management, and the older people brought
wisdom and perspective.”

Technology barriers and solutions. Different generational cohorts faced dis-
tinct technological barriers. Generation Z participants reported challenges with sus-
tained engagement and preferences for rapid feedback mechanisms. Millennials
described difficulty balancing multiple technological platforms and information
sources. Generation X participants identified time constraints as a primary barrier,
preferring efficient, purpose-driven technology implementations. Baby boomers
emphasized the importance of technical support and gradual implementation
strategies.

4.5 Structural equation modeling results

The extended TAM model demonstrated good fit across all generational cohorts
[x%/df = 2.34, CFI = 0.96, RMSEA = 0.041]. However, path coefficients varied signifi-
cantly across groups.

For Generation Z, perceived ease of use was the strongest predictor of behav-
ioral intention (§ = 0.67, p < 0.001), while social influence showed minimal impact
(B = 0.12, p = 0.184). Conversely, for Baby Boomers, both perceived usefulness
(B =0.58, p<0.001) and social influence ( = 0.41, p < 0.001) significantly predicted
behavioral intention.

Generation X and millennial patterns fell between these extremes, with moderate
influences from all TAM variables. Notably, technology self-efficacy emerged as a
significant mediator for all groups but was particularly important for Generation X
(B=0.49,p <0.001) and Baby Boomers ( =0.52, p < 0.001).

4.6 Longitudinal engagement patterns

Analysis of sustained engagement over the six-month study period revealed inter-
esting generational differences. While Generation Z participants showed high initial
adoption rates, their engagement declined significantly over time (initial M = 4.23,
final M =3.78, p < 0.001).

In contrast, Baby Boomer participants demonstrated increased engagement over
time (initial M = 3.45, final M = 3.89, p < 0.01), suggesting that their initial hesitancy
was overcome through experience and support. Generation X and millennial partic-
ipants maintained relatively stable engagement levels throughout the study period,
with Generation X showing slight increases in collaborative learning effectiveness
scores over time.

5  DISCUSSION
5.1 Challenging the digital natives paradigm
The findings of this study provide compelling evidence that the digital natives

paradigm oversimplifies cross-generational technology adoption patterns. While
Generation Z participants demonstrated higher initial technology acceptance rates,
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their sustained engagement and collaborative learning effectiveness scores were
lower than those of older cohorts. This pattern suggests that technological fluency;,
as commonly conceptualized, may not directly translate to effective learning out-
comes in collaborative online environments. The ability to quickly navigate new
technologies, while valuable, appears to be distinct from the skills required for
sustained, productive online collaboration.

Generation X participants’ superior performance in collaborative learning
effectiveness metrics challenges assumptions about age-related technological
competence. Their systematic approach to technology adoption, combined with
strong project management and analytical skills, appeared to compensate for any
initial technological learning curves.

5.2 Therole of social influence and support systems

The significantly higher impact of social influence on older participants’ technol-
ogy adoption decisions highlights the importance of peer support and institutional
backing for successful technology implementation. This finding is consistent with
recent research demonstrating that older adults’ technology adoption is significantly
influenced by social cognitive factors, particularly observational learning and peer
support mechanisms [19]. Studies have shown that peer-to-peer community learn-
ing environments, including the use of “super-users” as technology champions,
effectively support sustained technology use among older adults [20]. Furthermore,
research based on social cognitive theory has demonstrated that social influence
mechanisms, including vicarious learning through peer observation, significantly
enhance self-efficacy and technology adoption rates among older adults [21].

5.3 Implications for instructional design

The research findings have significant implications for instructional design in
online learning environments. Rather than assuming homogeneous technological
competencies based on age, designers should consider differentiated approaches
that acknowledge varying strengths across generational cohorts. This approach
aligns with established principles of differentiated instruction, which emphasize
adapting content, process, and assessment to accommodate diverse learner needs
while maintaining consistent learning objectives [22]. Research in adult learning
contexts demonstrates that differentiated instructional approaches, which recognize
individual differences in readiness, learning preferences, and technological back-
grounds, significantly enhance engagement and learning outcomes across diverse
populations [23]. For Generation Z learners, instructional designs might incorporate
more frequent feedback mechanisms, varied interaction modalities, and explicit
scaffolding for sustained engagement. Millennial learners might benefit from
streamlined technology ecosystems that reduce platform switching and cognitive
load. Generation X learners appear to thrive with clear structure and purpose-driven
technology implementations, while Baby Boomer learners benefit from gradual
introduction strategies and robust technical support systems.

These differentiated strategies reflect research showing that successful tech-
nology training programs for diverse age groups incorporate multiple learning
modalities, personalized learning paths, and flexible instructional approaches that
respect individual learning preferences [24].
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5.4 The value of cross-generational learning communities

Perhaps the most significant finding of this study is the evidence for the value
of cross-generational learning communities. Rather than segregating learners by
age or assumed technological competence, the research suggests that diverse age
groups can enhance learning outcomes through complementary skills and per-
spectives. This finding corroborates emerging research on cross-generational
collaboration, which demonstrates that age-diverse teams exhibit improved cre-
ativity, problem-solving capabilities, and decision-making effectiveness compared
to age-homogeneous groups [25]. Studies of cross-generational workplace learning
have documented that multigenerational collaboration fosters innovation through
the integration of diverse perspectives, with younger generations contributing tech-
nological fluency while older generations provide strategic thinking and contextual
expertise [26].

The qualitative data revealed numerous examples of successful cross-generational
collaboration, where different technological approaches and learning strategies
combined to create more robust learning outcomes than would be achieved by
age-homogeneous groups. Research on intergenerational learning in digital environ-
ments has shown that structured opportunities for cross-generational interaction,
including peer mentoring and collaborative projects, break down age-related stereo-
types while leveraging the unique strengths of each generation [27]. Furthermore,
studies demonstrate that creating psychologically safe environments where learners
from different generations feel valued and heard is essential for effective cross-
generational knowledge sharing [28].

5.5 Technology adoption as a continuous process

The longitudinal analysis revealed that technology adoption is not a static charac-
teristic but rather an ongoing process that varies significantly across individuals and
contexts. The finding that Baby Boomer participants increased their engagement
over time while Generation Z participants decreased suggests that initial adoption
patterns may not predict long-term success. This pattern aligns with longitudinal
research on technology adoption, which demonstrates that sustained usage behav-
ior is often distinct from initial adoption, with early usage patterns fortifying long-
term engagement trajectories [29]. Recent studies of Al chatbot adoption in higher
education have revealed similar patterns, showing significant declines in usage
behavior among initially enthusiastic adopters over extended periods, emphasizing
the importance of examining temporal dynamics rather than relying on single time-
point assessments [30]. Research on sustained technology engagement indicates
that factors promoting initial adoption (such as perceived ease of use) may differ
from factors supporting long-term usage (such as perceived usefulness and social
support), particularly across different age groups [31].

This pattern has implications for both research methodology and practical imple-
mentation. Single time-point assessments of technology adoption may not capture
the dynamic nature of learning and adaptation in online environments. Studies
examining digital engagement of older adults have emphasized that barriers and
facilitators differ across engagement stages (nonuse, initial adoption, and sustained
use), highlighting the need for longitudinal approaches to understand the complete
spectrum of technology adoption experiences [32].

International Journal of Interactive Mobile Technologies (iJIM) 85


https://online-journals.org/index.php/i-jim

Akhter et al.

86

5.6 Limitations and future research directions

Several limitations should be acknowledged. First, the study focused on par-
ticipants with existing access to technology and internet connectivity, potentially
excluding populations with limited technological resources. Second, the generational
cohort definitions, while widely accepted, may not capture individual variation
within age groups. Third, the study was conducted primarily in North American
and European contexts, limiting generalizability to other cultural and educational
contexts. Finally, the six-month follow-up period may not be sufficient to capture
long-term technology adoption patterns.

Future research should explore technology adoption patterns in diverse cultural
contexts, examine the role of socioeconomic factors in cross-generational learning,
and investigate longer-term impacts of age-diverse online learning communities.

5.7 Practical implications for educational institutions

The findings suggest several practical recommendations for educational institu-
tions implementing online learning programs. First, technology training and sup-
port should be tailored to different generational cohorts’ needs and preferences
rather than employing one-size-fits-all approaches. Second, cross-generational
learning opportunities should be actively promoted and supported through struc-
tured collaboration activities and mentoring programs. Third, technology selection
and implementation should consider the diverse needs and competencies of
multi-generational learner populations.

Finally, ongoing support and adaptation strategies should be implemented
to address the dynamic nature of technology adoption and learning engagement
over time.

6  CONCLUSIONS

This study provides compelling evidence that the digital natives paradigm is
insufficient for understanding technology adoption patterns in contemporary
online learning environments, revealing that cross-generational technology adop-
tion is far more nuanced than previously assumed. The finding that Generation
X participants achieved the highest collaborative learning effectiveness scores,
despite lower initial technology acceptance ratings, challenges fundamental
assumptions about age and technological competence, while evidence that Baby
Boomer participants can successfully adapt to new technologies with appropriate
support undermines stereotypes about older learners’ capabilities. Most impor-
tantly, this research demonstrates the value of cross-generational learning com-
munities, suggesting that educational institutions and online learning designers
should recognize generational differences as assets that enhance learning out-
comes through complementary perspectives and skills. Moving forward, the field
of educational technology must move beyond simplistic generational categories
toward more nuanced understanding of individual differences, learning prefer-
ences, and adaptive capabilities, developing age-inclusive approaches that leverage
the strengths of all generational cohorts to create effective and equitable digital
learning environments.
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ABSTRACT

The rapid proliferation of mobile learning technologies has reshaped English learning contexts,
givingrise to fragmented learning patterns and increasing demands for personalization. However,
feedback mechanisms in current mobile English learning systems remain overly focused on
knowledge error correction, with limited consideration of learners’ cognitive processes, thereby
constraining learning effectiveness. The deep integration of learning behavior analytics with
intelligent feedback is regarded as a promising pathway to address this limitation. This study
aims to address a central research question: how can fine-grained learning behavior analytics
be leveraged to integrate observable behavioral data with latent metacognitive states in order to
construct a pedagogically adaptive and personalized intelligent feedback mechanism for mobile
English learning? To this end, a multi-task deep knowledge tracing (DKT) approach incorporating
metacognitive assessment was proposed. On this basis, a closed-loop framework integrating data
perception, joint modeling, and multidimensional feedback was constructed, with optimization
strategies tailored to mobile learning scenarios. Experimental results based on real-world mobile
learning data demonstrated that the proposed approach significantly outperformed conventional
DKT models in both knowledge tracing accuracy and metacognitive state recognition accuracy.
Moreover, the resulting intelligent feedback mechanism effectively enhanced learners’ English
learning performance and metacognitive abilities. This study extends existing language learning
theory through the integration of metacognitive modeling with knowledge tracing, introduces a
discipline-adaptive multi-task intelligent feedback modeling paradigm, and provides a practical
pathway for the intelligent enhancement of mobile English learning systems.

KEYWORDS
mobile English learning, learning behavior analytics, metacognitive assessment, deep knowl-
edge tracing (DKT), intelligent feedback mechanism, multi-task learning

1  INTRODUCTION

The widespread adoption of mobile terminals and the continuous evolution
of mobile Internet technologies have profoundly redefined the temporal and
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spatial boundaries of English learning. As a result, fragmentation and ubiquity have
emerged as defining characteristics of contemporary mobile English learning envi-
ronments [1-3]. In parallel, the deep integration of intelligent technologies—such as
artificial intelligence and big data—with the educational domain [4, 5] has reached
a global consensus as a critical driver of digital education transformation, thereby
offering technological opportunities to address the long-standing limitations of per-
sonalization in traditional language education. Despite these advances, substan-
tial deficiencies remain in the feedback mechanisms employed by current mobile
English learning platforms. First, feedback content has tended to be highly homoge-
nized, rendering it insufficiently responsive to individual learners’ cognitive differ-
ences [6, 7]. Second, feedback logic has been predominantly restricted to correctness
judgments at the knowledge level, while the underlying cognitive processes and psy-
chological states reflected in learning behaviors have largely been neglected. Third,
feedback delivery has shown limited adaptability to fragmented mobile learning
contexts, with inadequate lightweight design and insufficient immediacy, thereby
constraining its practical effectiveness [8, 9].

Against this backdrop, the introduction of learning behavior analytics and
metacognitive theory has been widely recognized as providing essential support
for optimizing intelligent feedback mechanisms [10-12]. Learning behavior data
encompass not only observable indicators—such as response accuracy and inter-
action operations—but also latent dimensions, including confidence perception and
strategy selection, enabling a more precise characterization of learners’ authentic
learning states [13, 14]. Moreover, metacognitive interventions have been demon-
strated to effectively guide learners’ self-monitoring and self-regulation processes,
playing a critical role in enhancing learner autonomy and learning effectiveness in
language acquisition contexts [15, 16]. The systematic integration of learning behav-
ior analytics and metacognitive modeling therefore establishes a solid foundation
for the development of intelligent feedback mechanisms with enhanced pedagogical
value in mobile English learning environments.

Building on the foregoing context, four core research questions are addressed in
this study: (a) how a multidimensional learning behavior and metacognitive data
acquisition system can be constructed to accommodate mobile English learning
scenarios; (b) how metacognitive assessment can be integrated with DKT to enable
accurate joint modeling of learners’ knowledge states and cognitive characteristics
in English learning; (c) how a three-dimensional intelligent feedback mechanism—
encompassing knowledge error correction, metacognitive guidance, and learning
behavior strategy optimization—can be designed based on precise modeling out-
comes; and (d) how the effectiveness of the proposed intelligent feedback mech-
anism in improving English learning performance and metacognitive ability can
be empirically validated. In response to these questions, the primary objective of
this study is defined as the construction of a behavior-cognition-metacognition inte-
grated intelligent feedback mechanism for mobile English learning. Through this
framework, feedback content is intended to be fully personalized, feedback logic is
pedagogically grounded, and feedback presentation is contextually adapted, thereby
providing learners with comprehensive and multidimensional learning support.

The remainder of this study is organized below. Section 2 elaborates on the core the-
oretical foundations underpinning the research and establishes the overall research
framework. Section 3 designs and implements a multidimensional learning behavior
and metacognitive data acquisition system tailored to mobile learning contexts. Section 4
proposes a multi-task DKT model incorporating metacognitive assessment, with detailed
descriptions of the model architecture and training optimization procedures. Section 5
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constructs a three-dimensional intelligent feedback mechanism based on model out-
puts and optimizes feedback presentation and delivery strategies for mobile scenarios.
Section 6 validates the performance of the proposed model and the effectiveness of
the intelligent feedback mechanism through controlled experiments. The final section
summarizes the principal findings and conclusions.

2 RESEARCH FRAMEWORK

A closed-loop research framework consisting of data acquisition-joint modeling-
feedback generation-effect validation was established in this study. The constituent
modules are tightly interconnected and iteratively refined through bidirectional inter-
actions, thereby ensuring the precision, adaptability, and effectiveness of the intelligent
feedback mechanism. The data acquisition module is designed to collect multidimen-
sional data aligned with mobile English learning scenarios. Inputs include learners’
diverse learning behaviors on mobile platforms as well as metacognition-related infor-
mation. Through data cleaning and feature engineering procedures, standardized
datasets are produced as outputs, providing high-quality data support for subsequent
modeling processes. The joint modeling module is driven by a multi-task DKT model
incorporating metacognitive assessment. Standardized data generated by the data
acquisition module are taken as inputs. Through a multi-task learning architecture,
knowledge state tracing and metacognitive trait identification are simultaneously per-
formed. Outputs consist of precise diagnostic results, including learners’ knowledge
weaknesses, metacognitive state categories, and behavioral strategy tendencies.

The feedback generation module constructs three-dimensional intelligent feed-
back content based on the diagnostic outcomes of the joint modeling module while
optimizing feedback presentation and delivery strategies for mobile learning con-
texts. Inputs comprise the diagnostic results produced by joint modeling, whereas
outputs include personalized feedback targeting knowledge error correction, meta-
cognitive guidance, and learning behavior strategy optimization. Through this pro-
cess, feedback content is ensured to align closely with learners’ needs, and feedback
forms are adapted to fragmented mobile learning scenarios. The effect validation
module evaluates the effectiveness of the intelligent feedback mechanism through
controlled experiments. Data on learning performance, metacognitive ability, and
user experience are collected after the deployment of the feedback mechanism.
These evaluation data serve as inputs, and empirical conclusions regarding feedback
effectiveness are generated as outputs. Issues identified during validation are sub-
sequently fed back into the data acquisition and joint modeling modules, enabling
iterative optimization of the overall framework. Within the entire framework, the
MetaKD-DKT model serves as the core driving component. Its capability for joint
diagnosis of knowledge and metacognition functions as a critical bridge between
data acquisition and feedback generation, ensuring that the intelligent feedback
mechanism achieves its central objectives of personalization, pedagogical ground-
ing, and contextual adaptation through fine-grained learning behavior analytics.

3  CONSTRUCTION OF THE MOBILE ENGLISH LEARNING BEHAVIOR
AND METACOGNITIVE DATA SYSTEM

Data acquisition is designed with the primary objective of supporting the joint
assessment of knowledge states and metacognition. The construction of the data
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system adheres to three core principles—multidimensionality, quantifiability, and
contextual adaptability—to ensure that learners’ learning states and cognitive traits
can be comprehensively and accurately characterized. The data system encom-
passes three categories of core data. Basic profile data, including learners’ age,
English proficiency level, and learning goals, are collected to provide a foundational
basis for subsequent personalization. Observable learning behavior data comprise
response sequences, mobile interaction behaviors, fragmented learning character-
istics, and device-assisted behaviors. Specifically, response sequences include item
identifiers, correctness, and response time; mobile interaction behaviors involve
touch duration, swipe frequency, and mis-touch rollback actions; fragmented
learning characteristics cover learning time slots, session duration, and interrup-
tion frequency; and device-assisted behaviors include voice reading and dictio-
nary usage. Metacognitive data consist of response confidence, problem-solving
traces, and post-task reflective behaviors. Response confidence is categorized into
four levels—guessing, uncertain, relatively certain, and highly certain. Problem-
solving traces include hint viewing and option switching, whereas post-task reflec-
tive behaviors encompass incorrect-item marking, note taking, and willingness to
reattempt practice.

Data acquisition is implemented through a combination of automated logging
and supplementary survey-based collection. The primary acquisition tool is an
event-logging plug-in developed using the Flutter framework and embedded within
the mobile English learning application. This plug-in enables real-time and auto-
mated collection of observable learning behavior data, thereby ensuring objectivity
and temporal accuracy. For metacognitive information that is difficult to capture
automatically, supplementary online questionnaires are employed to enhance the
completeness of metacognitive data. Data storage adopts a hybrid strategy integrat-
ing local caching and cloud synchronization. SQLite is used to support temporary
local data caching, while cloud synchronization is implemented through Alibaba
Cloud Object Storage Service (OSS). This design effectively mitigates data loss risks
caused by unstable mobile network conditions and ensures the integrity and secu-
rity of the collected data.

4  DESIGN OF THE METAKD-DKT MODEL INCORPORATING
METACOGNITIVE ASSESSMENT

The MetaKD-DKT model is designed around the dual core objectives of knowl-
edge tracing and metacognitive assessment, thereby overcoming the limitation of
conventional knowledge tracing models that focus exclusively on knowledge states.
This design is grounded in the intrinsic association between learning behaviors and
metacognition. By simultaneously capturing learners’ levels of knowledge mastery
and metacognitive characteristics, a comprehensive and precise diagnosis of learner
states is achieved. A multitask learning architecture is adopted, in which collabora-
tive training of the primary and auxiliary tasks enables the model to acquire dis-
criminative metacognitive features while learning the core capability of knowledge
tracing. As a result, model generalization performance and diagnostic accuracy are
effectively enhanced, providing high-precision data support for the subsequent
construction of a three-dimensional intelligent feedback mechanism. The overall
architecture of the MetaKD-DKT model incorporating metacognitive assessment is
illustrated in Figure 1.
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Fig. 1. Architecture of the MetaKD-DKT model incorporating metacognitive assessment

The model architecture consists of an encoding layer and a multi-task learning
layer, enabling multidimensional feature fusion and multi-objective joint optimi-
zation. The encoding layer employs a Transformer encoder, whose self-attention
mechanism is more effective than traditional structures based on long short-term
memory (LSTM) in capturing long-range dependencies in sequential learning
behaviors. Inputs are provided in the form of multidimensional vectors integrat-
ing learning behavior features, metacognitive features, and English subject-specific
features. After encoding, historical state representations embedding comprehensive
information are generated. The multi-task learning layer comprises one primary
task and two auxiliary tasks. The primary task is English knowledge tracing, with
the objective of predicting the probability of a learner’s correct response to the next
item, thereby enabling precise identification of knowledge weaknesses. Auxiliary
Task 1 focuses on metacognitive accuracy prediction, in which metacognitive
biases—such as overconfidence or underconfidence—are identified by evaluating
the alignment between learners’ confidence levels and their actual knowledge mas-
tery. Auxiliary Task 2 targets mobile learning behavior prediction, with emphasis
placed on anticipating learners’ subsequent metacognitive behaviors, including
incorrect-item marking and hint consultation. To balance training priorities across
tasks, a weighted loss function is adopted, which is defined as:

Ltotal = wlLkd + wZLmeta + wBLbehavior (1)

where, L, ,denotes theloss associated with the knowledge tracing task, with @, =0.6.

The term L, represents the loss for metacognitive accuracy prediction, whereas

Lyohavior COTTESPONdS to the loss for mobile learning behavior prediction, with
w,=w,=0.2.

Model training was implemented using Python 3.9 and the PyTorch 2.0 frame-
work. Parallel acceleration was achieved with an NVIDIA Tesla V100 GPU, thereby
ensuring computational efficiency during training. Hyperparameter optimization
was conducted via a grid search strategy, with primary attention devoted to key
parameters of the Transformer encoder. The search space included 2-4 encoder lay-
ers, hidden layer dimensions ranging from 128 to 512, and learning rates spanning
from 1e™ to 1le-? Optimal hyperparameter configurations were selected through
exhaustive traversal of parameter combinations in conjunction with validation set
performance. Model convergence was assessed by continuous monitoring of the
validation loss curve. When no decrease in validation loss was observed for five
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consecutive epochs, an early stopping strategy was triggered to terminate training.
This procedure can effectively mitigate the risk of overfitting and ensure robust gen-
eralization performance on unseen data.

5 CONSTRUCTION OF A THREE-DIMENSIONAL INTELLIGENT
FEEDBACK MECHANISM FOR MOBILE ENGLISH LEARNING
BASED ON METAKD-DKT

The design of the three-dimensional intelligent feedback mechanism is guided
by three core principles: pedagogical adaptability, personalization, and contextual
adaptability. These principles are intended to ensure the educational value, pre-
cision, and practical usability of the feedback. Under the principle of pedagogical
adaptability, feedback content is required to closely align with the instructional logic
of English language education and to focus on the core objectives of language knowl-
edge construction and learning ability development. Consequently, feedback is
designed not only to perform error correction but also to provide instructional guid-
ance. The principle of personalization is grounded in the diagnostic outputs of the
MetaKD-DKT model. Differentiated feedback content is generated based on learners’
identified knowledge weaknesses and metacognitive characteristics, thereby avoid-
ing homogenized feedback delivery. The principle of contextual adaptability empha-
sizes the fragmented nature of mobile learning scenarios. Accordingly, lightweight
and multimodal feedback forms are adopted to balance informational completeness
with contextual convenience, ultimately enhancing feedback reception efficiency
and learners’ willingness to apply the feedback.

The generation of three-dimensional feedback content is driven by the high-
precision diagnostic results produced by the MetaKD-DKT model. Through a quanti-
tative matching mechanism, diagnostic features are accurately mapped to feedback
content, forming three mutually coordinated feedback dimensions: knowledge-level
feedback, metacognitive feedback, and learning behavior strategy feedback. To quan-
tify the degree of correspondence between model diagnostic results and feedback
templates, a feedback matching score model is introduced and defined as follows:

S, = Za)l -sim(F,T) (2)
i=1

where, S denotes the feedback matching score. The term F, represents the i-th
category of diagnostic features output by the MetaKD-DKT model, such as identified
knowledge weaknesses, types of metacognitive bias, and behavioral tendencies. The
term 7T, corresponds to the feature representation of the feedback template in the
same dimension. The function sim( ) denotes the cosine similarity, which is used
to compute the degree of correspondence between features. The weight e, reflects

the relative importance of the i-th diagnostic feature, satisfying zq =1. Weight
i=1

allocation is determined using the analytic hierarchy process (AHP) based on the

contribution of each feature to learning improvement.

At the knowledge level, feedback is centered on the knowledge weaknesses pre-
dicted by the model. Optimal knowledge correction templates are selected according
to the feedback matching score, and targeted feedback content is delivered to directly
remediate language knowledge gaps. At the metacognitive level, which constitutes
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the core innovation of the proposed mechanism, feedback is generated based on the
model’s metacognitive accuracy assessment. For distinct bias patterns, such as over-
confidence and underconfidence, targeted guidance templates are selected through
matching score computation. Specifically, overconfidence patterns are addressed
by templates emphasizing checking habits and self-verification strategies, whereas
underconfidence patterns are matched with positive reinforcement-oriented tem-
plates. At the behavioral strategy level, feedback is driven by the model’s mobile
learning behavior predictions. Strategy templates suited to English learning contexts
are selected via matching score evaluation, and content such as efficient answering
strategies for long reading passages and fragmented vocabulary memorization tech-
niques is delivered.

To accommodate fragmented mobile learning scenarios, targeted optimizations
are implemented with respect to both feedback presentation format and delivery
timing. For presentation, a hybrid approach combining pop-up notifications and mes-
sage center archiving is adopted to support immediate alerts as well as subsequent
review. Knowledge-level feedback is presented in the form of text accompanied by
micro-lesson thumbnails, balancing informational brevity with opportunities for
deeper exploration. Metacognitive feedback is delivered through a dual-modality
design integrating audio and text, thereby accommodating contexts such as com-
muting in which reading is inconvenient. Behavioral strategy feedback is displayed
using step-by-step graphical and textual representations to reduce cognitive load
and lower the threshold for strategy adoption. Feedback delivery timing is dynami-
cally adjusted based on learners’ fragmented learning patterns. To this end, a learn-
ing time-slot effectiveness evaluation index is introduced and defined as follows:

T 1
E = focus o+ (3)
© T 1+exp(-BT )

total total

where, E, denotes the learning time-slot effectiveness score, T, represents
focused learning duration, and T, denotes the total duration of a single learning
session. The parameter ¢ corresponds to the focus weight, whereas B represents
the duration decay coefficient. When E, < 6, the learning session is classified as
short-duration fragmented learning, and concise, highly distilled core prompts are
delivered, where §denotes a predefined threshold. When E, > 6, the session is identi-
fied as a complete learning time slot, and in-depth feedback incorporating principle
explanations and practice recommendations is delivered, thereby ensuring align-
ment between feedback depth and learning context.

The intelligent feedback mechanism is implemented through an end-cloud col-
laborative architecture, enabling full-process closed-loop operation while balancing
the lightweight constraints of mobile terminals with the computational demands of
model inference. To quantitatively evaluate the system’s real-time performance, the
total feedback latency is defined as:

D D +D.. +D 4)

total — upload infer push

where, D, , denotes the overall feedback latency, D, ., represents the latency
associated with data transmission from the mobile device to the cloud, D, ,, denotes
the latency incurred by cloud-based MetaKD-DKT model inference and feedback
generation, and D, corresponds to the latency involved in delivering feedback
from the cloud to the mobile terminal. This formulation enables quantitative assess-
ment of system responsiveness and provides guidance for optimizing end-cloud
interaction parameters.
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Fig. 2. Principle of the three-dimensional intelligent feedback mechanism for mobile English learning
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The mobile terminal is responsible for lightweight tasks, including the real-time
acquisition of learning behavior data, preliminary extraction of basic features, and
terminal-level presentation of feedback content. Through localized lightweight pro-
cessing, network transmission load and energy consumption are effectively reduced.
The cloud side is tasked with core computational tasks. The MetaKD-DKT model is
deployed to perform inference-based diagnostics, and the feedback rule engine is
executed to generate personalized feedback content. Cloud computing resources are
leveraged to ensure the efficiency of both model inference and feedback genera-
tion. The overall interaction process forms a closed loop consisting of data upload,
cloud-based inference, feedback generation, and real-time delivery, thereby ensur-
ing both the timeliness and precision of feedback. The operational principle of the
three-dimensional intelligent feedback mechanism for mobile English learning is
illustrated in Figure 2.

6  EXPERIMENTAL DESIGN AND RESULTS ANALYSIS

6.1 Experimental objectives and hypotheses

The core objectives of the experiments are twofold. First, the superiority of the
MetaKD-DKT model incorporating metacognitive assessment is evaluated with
respect to knowledge tracing accuracy and metacognitive state identification.
Second, the effectiveness of the three-dimensional intelligent feedback mechanism
constructed on the basis of the MetaKD-DKT model is examined in terms of its ability
to enhance mobile English learning outcomes and learners’ metacognitive ability.
In accordance with these objectives, the following experimental hypotheses were
formulated:

H1: The MetaKD-DKT model achieves significantly higher knowledge tracing
accuracy than the conventional DKT model and single-task DKT models.
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H2: Learners’ metacognitive states can be accurately identified by the MetaKD-
DKT model, with metacognitive accuracy prediction performance superior
to that of the comparison models.

H3: The three-dimensional intelligent feedback mechanism based on MetaKD-
DKT leads to significantly greater improvements in English learning per-
formance and metacognitive ability than the traditional “answer-feedback”
mechanism focused solely on response correctness.

6.2 Experimental variables and design

A controlled experimental design was adopted, in which the variable structure
and implementation procedure were explicitly specified. The independent variable
was the type of intelligent feedback mechanism, defined at two levels: the experimen-
tal group was provided with the three-dimensional intelligent feedback mechanism
based on MetaKD-DKT, whereas the control group was provided with a traditional
correctness-based “answer-feedback” mechanism. The dependent variables com-
prised four categories of core indicators: knowledge mastery, metacognitive ability,
learning behavior characteristics, and user experience. The experimental partici-
pants consisted of 200 active users of a mobile English learning application, covering
three proficiency levels (beginner, intermediate, and advanced). Participants were
randomly assigned to an experimental group (n=100) and a control group (n = 100).
No statistically significant differences were observed between the two groups with
respect to age distribution, baseline English proficiency, or average learning dura-
tion, thereby ensuring intergroup comparability. The experimental period spanned
two months and was divided into three phases. During the pretest phase (Week 1),
baseline data for both groups were collected through standardized tests and ques-
tionnaires. During the intervention phase (Weeks 2-7), identical learning content
was used by both groups, while different feedback mechanisms were applied during
routine learning activities. During the posttest phase (Week 8), outcome evaluation
was conducted using tests and questionnaires that are parallel to those administered
during the pretest phase.

6.3 Experimental results and analysis

Model performance comparison results. Table 1 reports the performance dif-
ferences between the MetaKD-DKT model and the comparison models. The results
indicate that the knowledge tracing accuracy of MetaKD-DKT reaches 86.3%, which
is substantially higher than that of the conventional DKT model (78.5%) and the
single-task DKT model (81.2%). In terms of prediction error, the MetaKD-DKT model
achieves an RMSE of 0.182, which is lower than the corresponding values observed
for the comparison models (0.235 and 0.207, respectively). These findings demon-
strate that knowledge state prediction is performed with greater precision and
reduced error by the proposed model. With respect to metacognitive accuracy pre-
diction, the MetaKD-DKT model attains an F1-score of 83.7%, markedly exceeding
that of the conventional DKT model (62.1%) and the single-task DKT model (69.5%).
This result confirms that metacognitive states and their alignment with knowledge
mastery are effectively captured by the MetaKD-DKT model. The observed perfor-
mance differences were further validated through one-way analysis of variance
(ANOVA), yielding a statistically significant effect (F = 28.63, p < 0.001). Post hoc mul-
tiple comparisons indicate that the performance differences between MetaKD-DKT
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and each comparison model are statistically significant, thereby providing empirical
support for Hypotheses H1 and H2.

Table 1. Performance comparison of different models

Knowledge Tracing Metacognitive Accuracy
Accuracy (%) Prediction F1 (%)
Conventional DKT 785+3.2 0.235£0.021 62.1+45
Single-task DKT 812£28 0.207 +£0.018 69.5£38
MetaKD-DKT 86.3+£2.1 0.182+0.015 83.7+3.1

Learning outcome comparison results. Table 2 presents a comparison of
English learning outcomes between the experimental group and the control group.
During the pretest phase, no statistically significant differences are observed
between the two groups across the vocabulary, grammar, reading, and listening
modules (p > 0.05), indicating comparable baseline performance. During the posttest
phase, accuracies in the experimental group increase to 82.4%, 79.6%, 77.3%, and
75.8% for vocabulary, grammar, reading, and listening, respectively, corresponding
to improvement gains ranging from 15.2% to 18.7%. By contrast, posttest accuracies
in the control group increase to 72.3%, 68.9%, 65.7%, and 64.2%, with improvement
gains limited to 6.8%-9.3%. In addition, the correctness rate for reattempted incor-
rect items reaches 89.2% in the experimental group, which is substantially higher
than that observed in the control group (73.5%). Independent-samples t-tests indi-
cate that the between-group differences in posttest accuracies and improvement
gains across all modules are statistically significant (t = 4.28-6.35, p < 0.001). These
results demonstrate that the three-dimensional intelligent feedback mechanism
yields a significant enhancement in English learning outcomes, thereby providing
empirical support for Hypothesis H3.

Table 2. Comparison of learning outcomes between the experimental and control groups

Experimental =~ Experimental

Control Group Control Group

1 0, 0
LRI Group (pretest) Group (posttest) MBS (pretest) (posttest) L] LG G

Vocabulary module 64.2+53 824141 18.2 63.8£5.5 72.3+48 85
accuracy (%)

Grammar module 62.1£5.7 79.6 £4.5 17.5 61.9£5.9 68.9+5.2 7.0
accuracy (%)

Reading module 60.5+6.1 77.3+49 16.8 60.2+6.3 65.7+5.6 5.5
accuracy (%)

Listening module 59.3+6.4 758+5.2 16.5 58.9 6.6 642+59 5.3
accuracy (%)

Reattempted 65.7£538 89.2+43 23.5 64.9+6.0 73.5+5.1 8.6
incorrect-item

accuracy (%)

Metacognitive and behavioral improvement results. Table 3 summarizes
changes in metacognitive ability and learning behaviors for both groups. Following
the intervention, the alignment between confidence level and response accuracy in
the experimental group increases to 84.6%, representing a gain of 21.3% relative to
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the pretest. The occurrence rate of proactive reflective behaviors rises from 32.5% to
68.3%, while the adoption rate of recommended learning strategies reaches 72.5%.
Concurrently, the average number of learning interruptions decreases from 2.8
times per week to 1.1 times per week. In the control group, modest improvements
are observed across several indicators; however, all gains remain below 10%, and
no statistically significant change is detected in the frequency of learning interrup-
tions. Paired-samples t-tests indicate that pre- and post-test differences for all indica-
tors in the experimental group are statistically significant (t = 5.12-7.43, p < 0.001).
In contrast, only marginal improvements in confidence-accuracy alignment and
reflective behavior occurrence are observed in the control group (p < 0.05). These
findings demonstrate that the three-dimensional intelligent feedback mechanism
effectively enhances learners’ metacognitive regulation and promotes the forma-
tion of more scientifically grounded learning behavior patterns, thereby providing
further empirical support for Hypothesis H3.

Table 3. Comparison of metacognitive and behavioral indicators between the experimental
and control groups

Indicator Experimental Experimental  Control Group Control Group
Group (pre-Test) Group (post-Test) (pre-Test) (post-Test)
Confidence-accuracy 63.3£6.2 84.6£4.5 62.8+64 69.5+58
alignment (%)
Proactive reflective 32571 68.3£6.3 31.9+73 386%6.9

behavior occurrence (%)

Recommended strategy - 72.5+5.7 - 23.8+6.2
adoption rate (%)

Average learning 28£09 1.1£0.6 2.7£1.0 25£0.8
Interruptions (times/week)

To examine whether the three-dimensional intelligent feedback mechanism
promotes the coordinated development of cognition and metacognition—a core
criterion for evaluating the pedagogical adaptability of the mechanism—the
individual-level association between metacognitive accuracy and knowledge mas-
tery was analyzed at the posttest stage. As illustrated in Figure 3, data points from
the experimental group are densely clustered around the fitted regression line,
exhibiting a strong positive correlation (r = 0.78, p < 0.001). This pattern indicates
that higher levels of knowledge mastery are accompanied by greater accuracy in
learners’ judgments of their own cognitive states. By contrast, data points from
the control group display substantially greater dispersion and demonstrate only
a weak positive correlation (r = 0.42, p < 0.01), suggesting that improvements in
knowledge mastery are not accompanied by commensurate gains in metacognitive
regulation. These findings confirm that the three-dimensional intelligent feedback
mechanism based on MetaKD-DKT not only enhances knowledge mastery among
mobile English learners but also facilitates the synergistic development of cogni-
tive performance and self-regulatory capability through the metacognitive guid-
ance module. In comparison, the traditional correctness-based “answer-feedback”
mechanism is shown to yield limited gains at the knowledge level and fails to
achieve synchronized optimization of cognition and metacognition, thereby
underscoring the educational value of the proposed feedback mechanism in
mobile English learning contexts.
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Fig. 3. Scatter plot of the correlation between metacognitive accuracy and knowledge mastery

User experience analysis results. Table 4 presents the user experience scores
for both groups, together with the results of the reliability and validity analyses of
the measurement scales. The experimental group achieves a mean score of 4.23 for
application usage satisfaction and 4.31 for perceived feedback usefulness, both of
which are significantly higher than the corresponding scores observed in the control
group (3.15 and 2.98, respectively). Independent-samples t-tests confirm that these
differences are statistically significant (t = 8.62, 9.35; p < 0.001). According to the reli-
ability and validity analyses, the Cronbach’s « coefficients for the satisfaction scale
and the feedback usefulness scale are 0.86 and 0.88, respectively, exceeding the com-
monly accepted threshold of 0.80 and indicating good internal consistency. Construct
validity is verified through confirmatory factor analysis, yielding a goodness-of-fit
index (GFI) of 0.92 and a root mean square error of approximation (RMSEA) of 0.06,
which satisfy established psychometric criteria. These results confirm that the pre-
sentation format and delivery timing of the three-dimensional intelligent feedback
mechanism are well adapted to fragmented mobile learning contexts and are effec-
tive in enhancing users’ learning experience.

Table 4. Comparison of user experience between the experimental and control groups
and reliability analysis

Indicator Experimental Group (mean £ SD) Control Group (mean +SD) Cronbach’s &
Application usage 423£0.52 3.15+0.68 0.86
satisfaction
Perceived feedback 431+048 2.98+0.72 0.88
usefulness

Figure 4 provides an intuitive illustration of performance differences and trend
variations among the three models across learners with different English proficiency
levels, thereby validating the generality and stratified adaptability of the MetaKD-
DKT model. Overall, performance improvements are observed for all three models
as learners’ English proficiency increases. However, the MetaKD-DKT model con-
sistently outperforms both the conventional DKT and the single-task DKT across all
proficiency groups, with the most pronounced advantage observed in the beginner
group, highlighting its strong adaptive value for learners with weaker foundational
knowledge. With respect to knowledge tracing accuracy, the MetaKD-DKT model
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maintains the highest performance across beginner, intermediate, and advanced
groups, with the largest performance gap relative to the comparison models occur-
ring in the beginner group. An inverse trend is observed for RMSE, where the
MetaKD-DKT model achieves the lowest values across all proficiency levels, with
errors decreasing steadily as proficiency increases. This pattern indicates superior
predictive precision of learners’ knowledge states across varying baseline levels.
In terms of metacognitive accuracy, the MetaKD-DKT model again demonstrates
leading performance across all proficiency groups. Notably, the performance gains
over the conventional DKT and single-task DKT are most substantial in the beginner
group, confirming the model’s effectiveness in capturing metacognitive state dif-
ferences among learners with diverse proficiency levels. Statistical testing further
indicates that performance differences among the three models are statistically sig-
nificant across all proficiency groups (p < 0.001).
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Fig. 4. Stratified comparison of model performance across English proficiency levels

7  CONCLUSION

In this study, the optimization of the intelligent feedback mechanism for mobile
English learning was systematically investigated through the integration of learning
behavior analytics and metacognitive assessment. The principal findings and core
contributions are summarized as follows:

The key findings demonstrate that the MetaKD-DKT model incorporating meta-
cognitive assessment substantially enhances the precision of English learning state
diagnosis. Knowledge tracing accuracy reaches 86.3%, while the F1-score for meta-
cognitive accuracy prediction attains 83.7%, both of which significantly exceed the
performance of conventional DKT models and single-task variants, enabling coordi-
nated and accurate modeling of knowledge states and metacognitive characteristics.
The three-dimensional intelligent feedback mechanism constructed on the basis of
this model exhibits strong practical effectiveness. Experimental results confirm that
accuracy across English learning modules is improved by 15.2%-18.7%, metacogni-
tive accuracy alignment is increased by 21.3%, proactive reflective behavior occur-
rence and strategy adoption rates are significantly enhanced, learning interruption
frequency is reduced, and user experience ratings are markedly superior to those
associated with traditional feedback mechanisms.
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The core innovations of this study are reflected in three dimensions. First, a mul-
tidimensional learning behavior and metacognitive data system tailored to mobile
learning contexts is established, integrating observable behaviors, mobile interac-
tion features, and latent metacognitive data, thereby providing high-quality data
support for precise diagnosis. Second, a multi-task DKT model incorporating meta-
cognitive assessment is proposed. Through the use of transformer-based encoding
and a weighted loss function, coordinated optimization of knowledge tracing and
metacognitive assessment is achieved, overcoming the limitations of traditional
models constrained to a single cognitive dimension. Third, a three-dimensional
intelligent feedback mechanism integrating knowledge, metacognition, and behav-
ioral strategy is designed. By combining an end-cloud collaborative architecture
with context-adaptive optimization strategies, feedback personalization, pedagogi-
cal grounding, and contextual adaptability are simultaneously realized, addressing a
critical research gap in cognitive regulation and behavioral guidance within mobile
English learning feedback systems.
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ABSTRACT

This study examines how extended reality (XR), which includes both virtual and aug-
mented reality, alters adult English language learners’ real-time language processing in an
ESL setting. We investigate whether immersive and spatially anchored XR environments
can promote deeper lexical retrieval and more fluid semantic integration during every day,
context-rich language practice, going beyond the flat and screen-bound interactions com-
mon in mobile learning apps. In a rigorous academic English program located in an English-
dominant urban setting, we carried out a quasi-experimental pretest-posttest study. In one
group, two complete classes (N = 68) used mobile-tethered XR to interact with vocabulary
and sentence comprehension materials, while the other group used standard smartphone
interfaces. Notably, every participant lived and studied in a real-world ESL environment
where learning English is a daily necessity rather than merely a subject in the classroom. We
recorded response latencies and eye movements during comprehension exercises. ANCOVA
and linear mixed-effects models that controlled for working memory capacity, first-language
background, and baseline proficiency were used to analyze the data. The findings demon-
strated that learners who used XR-MALL (mobile-assisted language learning) processed
target input much more quickly and accurately than those in the control group: contextual
inference accuracy increased by 18% (p = 0.002), and lexical decision times decreased by an
average of 92 milliseconds (p < 0.001). Eye-tracking patterns also revealed that speakers of
Tamil and Hindi had better visual-linguistic alignment in XR, focusing on semantically rel-
evant objects faster and keeping their eyes on them longer when speaking. This shows that
XR is a powerful cognitive framework that aids students in overcoming enduring difficulties
with referential grounding, especially those brought on by the linguistic divide between L1
and L2. XR reconfigures meaning, access, and integration by grounding language learning in
embodied, spatial contexts, rather than just adding novelty. Our results provide useful advice
for developing fair, cognitively responsive MALL tools that appeal to a variety of real-world
learners and theoretically shed light on how situated cognition influences language compre-
hension in immersive settings.
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1  INTRODUCTION

Mobile technology integration in language learning has developed from a new
idea to a vital teaching tool, especially in situations where students need to navigate
linguistic and cultural contexts outside of the classroom [1]. Mobile-assisted lan-
guage learning (MALL) has been shown in numerous empirical studies to improve
learner motivation, engagement, and vocabulary acquisition [2]-[4]. Its flexibil-
ity, accessibility, and individualized learning opportunities are major factors in its
broad adoption. However, significant limits still exist. Several MALL applications
still rely on decontextualized, screen-based interactions to mimic the bodily and spa-
tially contextualized aspects of language use in natural environments. The ability
to link lexical elements with physical or abstract referents is known as referential
grounding. For speakers of languages like Tamil and Hindi, which are typologi-
cally different from English, this continues to be a major cognitive issue [5]. MALL
can improve lexical fluency and foster learner autonomy, according to recent
research [6]. Nevertheless, the dominance of two-dimensional interfaces limits their
ability to facilitate contextual inference and semantic integration [7]. Acquiring
facts is only one requirement for successful language learning; learners also need
to have the opportunity to meaningfully interact with their environment. Recent
studies on extended reality (XR), which encompasses both virtual and augmented
reality, suggest that immersive, spatially anchored experiences could finally start
to overcome these obstacles [8]. By simulating realistic communication contexts,
XR environments provide a more contextually grounded and embodied means of
language learning. Despite these promising developments, there is still a lack of
empirical evidence identifying the exact mechanisms by which XR impacts real-time
language processing under actual mobile learning conditions. This study aimed to
fill this crucial gap. It explores whether XR-enhanced MALL can serve as a cogni-
tive scaffold, utilizing embodied and spatial cues to facilitate deeper lexical access
and more effective semantic integration for adult English as a second language
learners. Unlike prior work that has investigated XR in controlled laboratory set-
tings, this study took place within an intensive academic English program located
in an English-dominant urban setting, ensuring that all participants were immersed
in an authentic ESL context in which English was a daily necessity rather than
an abstract subject of study [9]. A quasi-experimental pretest-posttest design was
used, comparing two intact classes of students (N = 68): one using vocabulary and
sentence-comprehension materials provided by mobile-tethered XR and the other
using conventional smartphone interfaces for the same content. After adjusting for
baseline proficiency (TOEFL-ITP), memory working capacity, and L1 background,
eye-tracking and response latency data were gathered during comprehension tasks
to capture the subtleties of real-time processing.

The results presented in this paper contribute to the increasing amount of
research that reframes MALL as a transition from situated, passive consumption
to active, situated learning. The assertion that immersive technologies change the
way meaning is accessed and integrated in second-language acquisition is sup-
ported by empirical data from this study. In particular, the findings show that XR
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improves contextual inference accuracy while drastically cutting down on lexical
decision times. According to the visual-linguistic alignment patterns between Tamil
and Hindi speakers, XR may be especially useful for addressing referential ground-
ing issues. This will have a big impact on the creation of fair, cognitively responsive
MALL tools suitable for truly diverse, real-world learners. This study looked at the
following research questions:

Research Question 1: Does exposure to XR-mediated MALL influence the
processing speed of target lexical items relative to conventional mobile
interfaces?

Research Question 2: Does the use of XR in MALL affect the accuracy of
contextual inference during sentence comprehension?

Research Question 3: To what extent does immersion in XR environments alter
visual-linguistic alignment patterns among I.1 speakers of Tamil and Hindji, as
measured through eye-tracking metrics?

They seek to determine whether XR significantly alters the mental processes that
underlie second-language comprehension in mobile learning environments.

2 LITERATURE REVIEW

Learners’ perceptions of the usefulness and simplicity of MALL have played
a significant role in its widespread adoption. Ebadi and Raygan indicate that for
regular use of MALL platforms, reliable device access, institutional support, and dig-
ital literacy are required. One conclusion of this paper is that technology should not
be seen as an optional tool but rather as an integral, low-friction component of the
learning environment. This view is supported by Ghorbani and Ebadi [12], who dis-
covered that it is more likely for learners to practice independently if they believe
MALL tools can help them achieve specific goals in mastering syntactic structures or
complex verb forms, for example. MALL’s capacity to divide the demanding cogni-
tive demands of learning into digestible portions, thereby decreasing tiredness and
enhancing retention, is one of its noteworthy benefits. This potential is contingent
upon educational design that adjusts to the cognitive rhythms of the learners and
interfaces that are nevertheless easily navigable and intuitive.

2.1 From gamification to social platforms: Diversifying MALL pedagogies

Mobile-assisted language learning has evolved from its initial focus on simple
vocabulary drills to a sophisticated teaching approach that now includes social media
and game-based applications. Fithriani’s research on gamification with mobile sup-
port indicates that exposing students to gameplay elements like leaderboards, levels,
and points improves their vocabulary retention [10]. Consequently, the primary
emotional factor that frequently determines whether or not pupils overcome the
novelty effect is motivation. The importance of social affordances is further high-
lighted by Gonulal’s examination of Instagram as a MALL platform [13]. Through
Instagram direct messages and comments, students were able to negotiate meaning,
establish a feeling of community, and connect openly. These interactions fostered
language autonomy and resilience. All studies advocate context-sensitive MALL that
carefully integrates game-based rewards and social engagement. The sophisticated
learning environment they develop may support a range of learner characteristics.
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2.2 Bridging the gap between technology and teacher practice

Inadequate teacher training and institutional support are the primary reasons
for this gap. Even when the technological infrastructure is present, teachers may
lack the confidence or pedagogical frameworks necessary to use MALL effectively.
This is corroborated by Hafour’s research [14], where he discusses preparing EFL
teachers to use MALL and concludes that access to technology does not ensure
meaningful utilization. Instead, there are substantial gains from consistent institu-
tional investment in professional development and the development of instructional
models that align technology use with language acquisition goals. Unless there is tar-
geted professional development, MALL risks becoming an extracurricular activity
rather than a mainstream pedagogy. Garcia-Martinez et al. [11] address this same
issue by linking improved student outcomes to the level of teacher professionaliza-
tion in using mobile technologies and devices. Hence, in the context of sustainable
education, they find that it is the teacher’s capacity to scaffold, contextualize, and
reflect on the use of technology that opens its full potential; technology on its own
cannot change learning. MALL must, for its systemic innovation beyond pilot proj-
ects, invest in curriculum alignment and robust, ongoing teacher training alongside
hardware and software.

3  METHODS AND MATERIALS

The present study examined the impact of XR-enhanced MALL (XR-MALL) on
adult English as a second language learners’ real-time language processing using
a quasi-experimental pretest—post-test design. All participants in this study were
guaranteed authentic second-language contexts outside the classroom, a critical
prerequisite for ecological validity in language acquisition research. Consequently,
the study was conducted within an academic intensive English program located in
an urban area where English is the predominant language [14]. Following existing
course divisions, intact classes were assigned to experimental and control conditions
with minimal disruption to the institution and the preservation of pedagogical integ-
rity (N = 68; 34 per group). Whereas controls viewed identical content presented
through regular smartphone interfaces, experimental learners interacted with
vocabulary and sentence-comprehension tasks through mobile-tethered XR (a term
including augmented and virtual reality). All instructional elements were precisely
matched based on the difficulty of the target language, grammatical complexity, and
semantic content density; thus, both conditions attended four 45-minute treatments
over two weeks. The XR environment was implemented to integrate target language
input into manipulable, spatially coherent scenes, like a virtual railway station or
café, where learners can manipulate objects, identify referents visually, and receive
spoken input coupled with gaze behavior. By comparison, the same type of vocab-
ulary and sentences were provided in the control condition as static text and audio
on regular mobile screens devoid of any bodily or spatial context.

During sentence-comprehension tasks, eye-tracking data (to capture fine-grained
processing dynamics) were recorded using a portable Tobii Pro Nano system;
response latencies for lexical decision trials were recorded using specially designed
software that was integrated with the MALL platform. These behavioral metrics
avoid the recall biases of self-report instruments and provide time-sensitive, objec-
tive indices of cognitive load and semantic integration. Before the intervention, each
participant completed a baseline test comprising the TOEFL-ITP to covariate English
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proficiency, a digit-span task to assess working memory capacity, and a language
background questionnaire to covariate L1 effects, particularly whether the partici-
pants were native speakers of Hindi (n = 16) versus native speakers of Tamil (n = 52).
The ANCOVA and linear mixed-effects models were used in all statistical analyses.
ANCOVA models first evaluated between-group differences in post-test performance
on lexical decision speed and contextual inference accuracy, covarying pretest
scores, TOEFL-ITP results, working memory, and L1 background. Complementing
these, trial-level eye-tracking metrics (e.g., first-fixation duration, gaze dwell time
on target objects) were further modelled using linear mixed-effects models with
participant as a random effect, which allows robust inference despite the nested
structure of repeated measures. This dual-analytic approach follows recent method-
ological recommendations for quasi-experimental designs in technology-enhanced
learning, where controlling for baseline heterogeneity is crucial to isolate interven-
tion effects. Ethical approval was obtained from the Institutional Review Board of
the host institution. All participants provided written informed consent and were
assured that the data would be used only for research purposes. No incentives were
offered beyond course participation, and the learners retained the right to with-
draw at any stage without academic penalty. The methodological representation is
presented in Figure 1.

Study Initiation
(Quasi-Experimental Design)

Participants (N=68)
Intact Classes

Group Assignment
XR-MALL vs. Control

Baseline Assessment
(TOEFL-ITP, WM, L1)

4-Session Intervention
(XR-MALL or Smartphone)

Comprehension Tasks
(Eye-tracking & Response Latency)

Statistical Analysis
(ANCOVA, LMM)

Findings
(Speed, Accuracy, Eye Movements)

Fig. 1. Schematic representation of the methodology
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3.1 Interactive mobile app used in the study

Monoxer is the mobile learning app used in this investigation. Monoxer Inc.,
was chosen due to its foundation in well-established cognitive science principles,
especially those pertaining to long-term memory retention, rather than its novelty.
Monozxer incorporates fundamental evidence-based techniques like spaced repeti-
tion, retrieval practice, and the testing effect and is specifically designed to support
the acquisition and retention of large volumes of declarative knowledge [27], [28].
Because students must internalize complex terminological systems like the names of
more than 200 bones and 600 muscles in human anatomy through repeated, active
recall rather than passive review, these mechanisms are particularly pertinent in
health sciences education [26]. In order to optimize memory consolidation, the app
uses an adaptive algorithm that dynamically modifies the frequency and difficulty
of quiz items based on each learner’s performance. This allows the app to personal-
ize the rehearsal schedule.

Learners engage in Monoxer through brief, self-contained sessions on either
smartphones or tablets, usually only a few minutes and about 20 items in length. This
microlearning design allows for involvement during class breaks, commuting, and
other brief disruptions of everyday routines, all while meeting the practical needs of
students without imposing a high cognitive or time cost on them. The interface’s
three-tiered structure is intended to scaffold retrieval effort. Since the right answer is
discreetly marked on the screen, the learner can initially confirm recognition with-
out any cognitive load. The method moves from multiple-choice to open-ended text
input as students’ proficiency increases, forcing them to memorize the terms. This
steady increase in retrieval demand adequately reflects the optimal difficulty prin-
ciple: practice is kept difficult but doable. Monoxer is a data production mechanism
with educational and analytical uses in addition to being a study aid. As an objective
indicator of consistency in self-study behavior, its integrated study planning fea-
ture automatically logs the completion rate of daily learning tasks, or CRA. It assigns
them based on each user’s retention curve. Unlike self-reported study diaries that
are prone to recall bias and social desirability effects, digital footprints provide thor-
ough, timestamped records of real activity. Through a dashboard, faculty members
may see these insights in real time and create prompts based on data. Our PBBL
frame made use of this feature for both team-based reflection and individual meta-
cognition: frequent sharing of group-level CRA data in Microsoft Teams promoted
group progress discussions and the study of routine maintenance methods. Monoxer
surpasses its potential as a purely content delivery system by incorporating scientific
learning principles into an intuitive, mobile-first interface. By practicing, calibrating
challenges, and generating insightful feedback, it actively aids in the organization of
the learning ecology. Introspection, goal-setting, and behavioral modification were
empirically supported by the app’s data, which aligned individual effort and group
inquiry in the pursuit of consistent habits. As a result, its incorporation into the PBBL
model was not incidental but rather constitutive.
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STUDY INITIATION
(Pre-PBBL)

INDIVIDUAL MOBILE CLASSROOM-BASED
LEARNING LEARNING
(Monoxer App)

PLANNED & UNPLANNED DATA-DRIVEN

SYNCHRONOUS SESSIONS FEEDBACK
(Group CRA on Teams)

FINAL PRODUCT:
YouTube Shorts Video

OUTCOMES:
Increased Self-Study Time,
Improved Test Scores

Fig. 2. Cyclical architecture of a project-based blended learning model

Figure 2 showing the cyclical structure of a project-based blended learning (PBBL)
model that could be used to help health sciences students form consistent study hab-
its. Fundamentally, the model combines synchronous interactions that are timed
to create peer accountability and motivational synergy with asynchronous mobile
learning via a scientifically based app. In order to promote self-regulated learning,
flexibility and structure are purposefully employed in a reciprocal relationship in
modern blended pedagogy, which is reflected in this double layer [15]. Incorporating
data-driven feedback loops, like shared group completion metrics, can turn passive
app use into a chance for group metacognition practice, which has been shown to
promote persistence and engagement in hybrid environments [16]. Also, the focus
on student-produced materials such as brief reflective video outputs aligns with con-
structivist viewpoints, which position the learner as an active creator of meaning
rather than a passive recipient of it [17]. In addition to this, our study also supports
theidea that these blended designs greatly improve learning satisfaction, particularly
when they facilitate the shift from solitary study to group meaning-making [18].
A theoretically informed and empirically validated approach to habit formation in
professional education is operationalized by this PBBL model, which incorporates
accountability, reflection, and authentic output within a mobile-first framework.

3.2 Statistical analysis
We used a mixed-methods analytical approach based on multilevel modelling

and inferential statistics to answer the three research questions. All models adjusted
for the following important covariates because of the quasi-experimental design
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and the existence of baseline heterogeneity among participants: working mem-
ory capacity (tested using forward and backward digit-span tasks), first-language
background (Tamil versus Hindi), and initial English proficiency (as indicated by
TOEFL-ITP scores). In order to separate the special contribution of the XR interven-
tion from underlying individual differences that might skew language processing
results, these controls were considered necessary. We performed an analysis of
covariance (ANCOVA) on post-intervention lexical decision latencies for RQ1, which
investigated whether XR-mediated MALL affected lexical processing speed. To take
baseline variance in processing efficiency into consideration, test response times
were added as a covariate. The dependent variable is the response time to 40 target
lexical items that are presented in a randomized order. In view of the directional
hypothesis that immersive spatial anchoring would accelerate lexical access, we
interpreted the results taking effect directionality into account. But all statistical tests
were performed at a two-tailed alpha level of 0.05 to maintain methodological rigor.

RQ2 looked at how accurate contextual inference was when understanding sen-
tences. Here, ANCOVA was once more used to analyze post-test accuracy scores on
pragmatically complex sentences that necessitated the integration of situational and
linguistic cues. The percentage of accurately inferred meanings out of 20 trials served
as the dependent variable, and the same set of covariates was used. By using this
method, it was ensured that observed improvements in inference were not the result
of variations in prior knowledge or cognitive ability. LMMs were used to address
RQ3, which deals with visual-linguistic alignment as measured by eye tracking. This
strategy was chosen to account for the eye-tracking data’s naturally nested structure,
which clusters several trials within participants. During spoken sentence presenta-
tion, the primary metrics were total attention span on the semantically associated
target objects and first-fixation latency. In order to model variability at the individ-
ual and stimulus levels, fixed implications included condition, .1 group, and their
interaction, as well as random intercepts for participants and items. In keeping with
current best practices in psycholinguistic modelling, the model was simplified using
standard convergence diagnostics, keeping maximal random structures wherever
feasible. R 4.4.1 was used for all analyses. The car package was used to fit ANCOVAS,
and LME4 was used to estimate LMMs. For ANCOVA, effect sizes are expressed as
partial eta-squared (n?y), and for mixed models, conditional R* measures the amount
of variance accounted for by both fixed and random effects. Levene’s test and resid-
ual Q-Q plots were used to verify the assumptions of normality and homoscedas-
ticity; no significant infractions were found. Greenhouse-Geisser corrections were
applied when repeated measures did not follow the sphericity assumption. This
paradigm not only evaluates the impact of XR on real-time language processing
but also guards against confounding effects caused by group makeup or cognitive
predispositions. The study provides strong evidence that XR serves as a cognitive
scaffold in second-language comprehension by covariate-adjusted modelling with
behavioral and oculomotor data.

4  RESULTS

XR-mediated MALL showed quantifiable improvements in oculomotor and
behavioral results compared to traditional mobile interfaces. Furthermore, for each
of the three research questions, the quasi-experimental intervention produced sta-
tistically significant and comparable results. All analyses account for TOEFL-ITP,
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capacity for working memory, and first-language background (Hindi vs. Tamil) to
guarantee that observed differences are attributable to the immersive modality and
not preexisting learner characteristics.

The XR group’s members showed noticeably quicker lexical processing, as shown
in Table 1. Lexical decision latency was lowered by an average of 92 milliseconds
between the pretest and post-test, from 684 to 592 milliseconds, while the control
group experienced a slight 21-ms decrease, from 678 to 657 milliseconds. F (1, 63) =
18.74, p <.001, partial n? =.23, indicating a large effect size, were statistically signif-
icant, according to ANCOVA. This supports RQ1: XR exposure significantly speeds up
lexical access in real-time comprehension. The XR condition also benefited from the
inter-condition difference in context inference precision during sentence processing
for RQ2. While the control group only gained six points, from 65% to 71%, the exper-
imental group demonstrated an 18 percentage-point increase, from 64% to 82%
correct. ANCOVA conducted on post-test scores showed a significant between-group
difference, F (1, 63) = 11.36, p =.002, partial n? = .15. Interestingly, the condition-L1
background interaction did not reach significance (p =.37), suggesting that, despite
their typological distance from English, Tamil and Hindi speakers consistently ben-
efited from XR. Eye-tracking data provided convergent evidence for RQ3. According
to linear mixed-effects models, XR learners sustained gaze for an average of 210 ms
longer during critical spoken input windows ( = 210.1, SE = 34.2, p < .001) and
fixated on semantically relevant target objects an average of 147 ms faster than
controls (B = -147.3, SE = 28.6, p < .001). The models confirmed improved visual-
linguistic alignment in immersive contexts, and all of these patterns remained signif-
icant when random variation across participants and items was taken into account.
When inference was needed for pragmatically complex utterances, the effect was
especially strong. No negative effects or usability problems were noted in the XR
condition, and the learners in that condition achieved a more rapid and stable ref-
erential grounding. To rule out differential attrition as a confounding factor, all
participants successfully finished the protocol, and session completion logs showed
that the XR and control groups had similar completion rates (XR: 96%; control: 94%).

Table 1. Summary of key outcomes by condition (N = 68)

XR Control .

Outcome Measure Group (m+sd) Group (m +sd) (Post — Pre) f Values Sig
Lexical decision Pre: 684 + 89 Pre: 678 £92 -92vs.-21 | F(1,63)=18.74 | <001 | .23
latency (ms) Post: 592£76 | Post: 657 £ 85
Contextual inference | Pre: 64 +12 Pre: 65+ 11 +18 vs. +6 F(1,63)=1136|.002 | .15
accuracy (%) Post: 82+ 9 Post: 71 +10
First-fixation latency | 312 £48 459 £ 62 147 i(66)=-5.15 | <001
on target (ms)
Dwell time on 842+ 97 632+ 88 +210 1(66) =6.14 <.001
target (ms)

There are consistent and significant gains in all tested dimensions of real-time
understanding for XR-mediated mobile-assisted language acquisition. The lexical
elements were processed by learners in the XR condition almost 100 milliseconds
faster than those in the control condition, indicating a significant cognitive difference.
Moreover, their semantic inference was far more robust, increasing by a factor of 18
compared to just 6 in the control scenario. Eye-tracking data extends these benefits.
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Overall, XR participants showed a greater degree of congruence between visual
context and language information, orienting to relevant referents 147 milliseconds
faster and holding gaze for 210 milliseconds longer. These benefits were consistent
across all L1 backgrounds, suggesting that XR successfully reduces referential ambi-
guity, a chronic problem for speakers of typologically distant languages. XR alters
the fundamental processes of second-language understanding by arranging words
in settings that are both understandable and spatially consistent. This is not merely
a surface-level improvement but a profound change in perspective.

5  DISCUSSION

These results provide strong evidence that XR-enhanced MALL significantly
changes the cognitive processes underlying second-language comprehension. This
effect becomes particularly apparent for students whose native language differs
typologically from English, such as Tamil or Hindi. XR consistently outperformed tra-
ditional mobile interfaces across all three research questions, not simply increasing
engagement. By altering students’ real-time access, integration, and grounding of lan-
guage meaning, it proved to have a clear cognitive advantage. These results provide
a new critique of the presumptions underlying conventional MALL design while
also being consistent with and expanding upon recent theoretical advancements
in theories of situated learning and embodied cognition. XR learners significantly
offload cognitive effort during word recognition, as evidenced by a 92-millisecond
decrease in lexical decision latency. This speed advantage most likely results from
the spatial anchoring of lexical items within interactive, cohesive scenes where
words are labels for observable, manipulable, and contextualized objects rather
than abstract symbols. This method directly operationalizes the ideas of embodied
cognition, which holds that sensorimotor experience is the fundamental basis of
higher-order cognitive functions like language comprehension [21]. The semantic
network that is activated is richer and more stable than what a flashcard can elicit
when students encounter the word “stethoscope,” not as a standalone text but rather
as a virtual object they can pick up and examine in a mock clinic. Such a finding
is consistent with Isbell et al’s [21] argument that extraneous load is reduced and
germane processing, which is mainly lacking in flat, screen-bound MALL applica-
tions, is significantly increased when physical or virtual interaction is coupled with
cognitive tasks.

Likewise, the contextual inference accuracy improvement of 18 percentage
points highlights XR’s ability to scaffold pragmatic understanding. Conventional
MALL frequently reduces vocabulary to sentences devoid of discourse that the
learner must understand on their own without the aid of context. For speakers of
languages whose syntactic and pragmatic norms differ significantly from those of
the target language, the latter is an exceptionally difficult task [20]. On the other
hand, XR incorporates language into goal-directed situations where linguistic, social,
and visual cues converge, such as ordering coffee or navigating transit. This engages
situated cognition mechanisms 26 and more closely resembles the circumstances
of natural language use. Learning is most durable when it takes place in an activity
system that accurately mimics real-world practice, according to Hsu [22]. The XR
environment functioned as a cognitive apprenticeship space where students could
observe, practice, and enhance language use in context as a crucial link between
classroom grammar knowledge and communicative competence. This interpretation
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is supported by convergent neural-behavioral evidence from eye-tracking data. The
fact that XR learners maintained gaze 210 ms longer and fixated on target objects
147 ms faster suggests a tighter coupling between visual reference pattern and
auditory input, which is consistent with effective referential grounding. Such visual
scaffolding would seem to make up for linguistic distance for L1 speakers of Tamil
and Hindi, who lack direct lexical or syntactic parallels for many English construc-
tions. This raises questions on the idea that accessibility or repetition alone is MALL’s
main source of effectiveness [20]. Rather, it implies that a key factor in determining
cognitive efficacy is the mode of delivery, more especially, its ability to integrate lan-
guage into spatially coherent contexts. Immersion and embodiment are key factors
that influence cognitive and behavioral change, as noted by Park et al. [19] in their
review of immersive technologies. Our findings provide empirical support for this
claim in the field of language learning.

Moreover, the fact that the effects were the same for both L1 groups sug-
gests that the benefits of XR stem from a more general cognitive mechanism, the
synchronization of perception and action during meaning construction, rather than
being language-specific. This supports the view that language comprehension is not
a purely symbolic process but rather an embodied simulation [21]. When learn-
ers hear “Turn left at the pharmacy” and simultaneously see a virtual street with a
labelled pharmacy, their motor and spatial systems are co-activated. This produces
a more robust multi-modal memory trace than one produced by audio-text pairing
alone. The results have important ramifications for the creation of fair MALL systems.
Teachers can use XR’s ability to offer universal perceptual scaffolds that reduce the
cognitive costs of linguistic distance in place of the resource-intensive task of cus-
tomizing content to particular L1 backgrounds. Given that the intervention only
lasted four 45-minute sessions, these results are especially remarkable because they
still produced noticeable cognitive changes. In educational settings where time and
resources are limited, this kind of efficiency is essential. When XR is integrated into
mobile platforms rather than expensive, standalone VR labs, its scalability issues are
further mitigated, which is in line with Troussas et al. [23] research on the adoption
of mobile learning. Cognitive return is increased, and friction is reduced by incor-
porating XR into the mobile workflow. Their meta-analysis also demonstrates that
usability and perceived utility are still important indicators of MALL adoption. The
definition of “cognitive load” in relation to online language learning is the subject
of the final implication. Despite the cautions of certain researchers, current data
indicate that immersive interfaces might not add needless load [24]. Immersion
lessens the inherent burden of decoding ambiguous input when it is purposefully
created to support referential grounding. This outcome is in line with Li et al.’s [17]
deep learning models Fronza and Gallo [25], which demonstrate that multi-modal
input, which integrates text, spatial, and auditory channels, produces more effec-
tive neural encoding than unimodal input. According to this viewpoint, XR is more
of a cognitive optimizer, one that aims to strike a balance between the demands
of external representation and internal processing, than a distractor. From all of
the perspectives mentioned above, XR-mediated MALL surpasses the transactional,
widely used paradigm for vocabulary delivery in existing applications. Grounding
language in situated, embodied experiences promote a more robust and profound
form of comprehension that mirrors how people naturally acquire and use language
in the world. Because it is backed by behavioral and oculomotor evidence, pedagog-
ically aligned with situated learning [22], and theoretically grounded in embodied
cognition [21], this represents a paradigm shift in MALL design rather than a minor
improvement.
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6  LIMITATIONS AND SCOPE FOR FUTURE RESEARCH

Several methodological and contextual limitations must be taken into account,
even though the current findings strongly support the effectiveness of XR-enhanced
MALL in improving contextual inference and accelerating lexical access among adult
L2 learners. Initially, the study was carried out in a single intensive English program
located in an urban setting where English is the primary language, giving partic-
ipants authentic exposure to the second language outside of the classroom. While
improving external validity for ESL contexts, this ecological advantage restricts the
results’ applicability to EFL contexts, where learners may need to rely more on con-
trolled practice and explicit instruction because they do not regularly interact with
the target language. To make up for the lack of ambient linguistic input in these
settings, the cognitive scaffolding provided by XR might need to be more directive
or pedagogically framed. Second, the intervention’s four 45-minute sessions spread
over two weeks were adequate to identify short-term processing effects, but not
long-term retention, productive language use, or the durability of behavioral change.
Lei et al. [15] caution that without systematic review and spaced reinforcement
over long periods of time, short-term gains in MALL interventions frequently do
not translate into long-lasting learning outcomes. Third, although the study adjusted
for baseline proficiency and working memory, it did not account for individual
differences in spatial ability or prior immersive technology experience. These fac-
tors may interact with the cognitive benefits of XR. For example, learners with lower
spatial aptitude may encounter more needless cognitive load in 3D environments,
counteracting the advantages of referential grounding. The following is a list of
some significant research directions. Longitudinal research is needed to determine
whether XR-mediated increases in comprehension efficiency result in steady
improvements in academic literacy, speaking, or writing. Comparative studies across
different linguistic and educational contexts are also necessary to ascertain whether
the benefits of XR are consistent across varying degrees of linguistic distance and
institutional support, especially in formal EFL classrooms in Asia, the Middle East, or
Latin America. Future research should therefore concentrate on adaptive XR designs
that modify immersion intensity according to learner profiles (e.g., spatial ability, L1
background, and proficiency level). This will surpass universally applicable adap-
tive cognitive scaffolding. These enhancements would align MALL with embodied
cognition principles and the practical realities of global language education, where
equity and accessibility must remain top design priorities.

7  CONCLUSION

This study shows that it is possible to successfully develop consistent study habits
among health sciences students, especially during the critical first year, by combin-
ing project-based learning with a mobile app-enhanced, data-informed approach.
Students were inspired to study more often and were able to understand the value
of consistency when daily app-based practice was incorporated into a cooperative
group project. Individual effort was converted into group practice through the team
discussions and shared goals, and the mobile app provided objective evidence of
improvement. Students moved from intermittent, reactive studying to a more
planned, contemplative, and sustained habit, which resulted in more than just more
time spent studying alone. Academic achievement improved in measurable ways as
a result of this model’s consistency. It is a powerful illustration of the self-directed,
life-long learning that is expected of health professionals after they graduate because
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of its simplicity and reality. The framework provides enough structure and social
support to promote the early development of these habits. Additionally, it offers
a practical and scalable approach to rethink how professional training may help
students thrive right away.

8  DECLARATION OF GENERATIVE AI AND AI-ASSISTED
TECHNOLOGIES IN THE WRITING PROCESS

Microsoft Copilot was the only program we used to proofread the English text.
The authors are responsible for the content and accuracy of the final version.
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ABSTRACT

The global prevalence of mental disorders such as depression and anxiety continues to rise.
Traditional music therapy faces challenges such as a lack of immersion, delayed emotional
response, and rigid rehabilitation pathways, making it difficult to meet the demand for per-
sonalized treatment. The immersive characteristics of virtual reality (VR) and the portability of
interactive mobile technologies provide technical support to overcome these limitations, with
accurate emotion recognition being a key prerequisite for personalized intervention. This paper
aims to construct an immersive music therapy environment based on the deep integration of
VR and interactive mobile technologies and proposes a dual-level fusion method for multimodal
emotion recognition, combining feature-level and model-level integration to dynamically opti-
mize the psychological rehabilitation path. Methodologically, we first design a “hardware collab-
oration-software adaptation-interactive feedback loop” architecture that integrates physiological
signal acquisition, VR scene rendering, and mobile interaction control modules. Multimodal
data, including EEG, ECG, facial expression images, and subjective emotional ratings, are col-
lected. These are then aligned and weighted across modalities at the feature level to extract
high-level features, and deep learning models with attention mechanisms at the model level are
used for precise emotion classification. Finally, based on real-time emotion recognition results,
an optimization algorithm driven by reinforcement learning is developed to dynamically adjust
music parameters and VR scene elements. The study confirms that the integration of VR and
interactive mobile technologies can break through the limitations of traditional therapy scenar-
ios. The dual-level fusion strategy provides higher accuracy and robustness for emotion recogni-
tion, while the dynamic optimization mechanism offers personalized solutions for psychological
rehabilitation, with significant academic innovation and clinical application potential.
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1  INTRODUCTION

The global mental health crisis continues to worsen. According to a report from the
World Health Organization (WHO), approximately 280 million people worldwide suffer
from depression, and 260 million people are affected by anxiety disorders [1, 2]. These
mental health disorders have become one of the leading causes of disability-adjusted
life years lost globally, resulting in social and economic losses amounting to trillions of
dollars each year [3, 4]. Against the backdrop of increasing life pressures, the imbalance
between the supply and demand for traditional psychological treatment resources has
become more apparent. Developing efficient, convenient, and personalized treatment
technologies has become an urgent need in the global public health field [5, 6]. Music
therapy, as a core non-pharmacological intervention, is widely applied in psychological
rehabilitation. However, traditional models face significant bottlenecks: treatment sce-
narios are limited to fixed clinics, making it difficult to create a deeply immersive emo-
tional resonance environment [7]; emotional assessments rely on patient self-reports
and therapists’ experiences, which are delayed and highly subjective [8]; rehabilitation
pathways are based on general guidelines, lacking individual dynamic adaptability,
which severely restricts their clinical effectiveness and promotion [9].

The immersive characteristics of virtual reality (VR) can create highly realistic treat-
ment scenarios and reduce patients’ psychological defenses [10]; interactive mobile
technologies break spatial limitations, enabling portability and real-time treatment
[11]; multimodal emotion recognition integrates objective data to provide core support
for personalized treatment. The fusion of these three elements offers a new path to
overcome these bottlenecks [12]. However, existing research has clear deficiencies: the
integration of VR and mobile technologies is mostly functional addition, lacking the
“Immersion-interaction-data” closed-loop architecture [13]; feature-level fusion in mul-
timodal emotion recognition faces the challenge of data heterogeneity, while model-
level fusion is highly complex and lacks adaptation to patients with psychological
disorders[14]; rehabilitation path optimization relies on historical data, lacking real-time
emotional feedback, and core intervention variable regulation is insufficiently refined
[15]. Currently, the field has yet to form an integrated solution of “VR-interactive mobile
fusion environment + high-precision multimodal emotion recognition + dynamic reha-
bilitation path optimization,” which provides the core entry point for this study.

This study sets three main objectives: @ to construct a VR-interactive mobile fusion
music therapy environment with both high immersion and portability; @ to propose
a feature-level and model-level dual-fusion multimodal emotion recognition method;
® to design a rehabilitation path dynamic optimization mechanism based on real-time
emotional feedback. The innovations are reflected in three aspects: ® Architectural
innovation, achieving the organic unity of immersion experience and mobile control
through device protocol adaptation and data synchronization; @ Methodological inno-
vation, using cross-modal feature alignment and attention-weighted fusion strategies
to improve emotion recognition accuracy and robustness; @ Mechanism innovation,
constructing a closed-loop optimization model driven by reinforcement learning to
dynamically adjust treatment parameters and achieve personalized rehabilitation.

The structure of the paper is as follows: Chapter 2 describes the architecture
design and core module implementation of the immersive treatment environment;
Chapter 3 details the dual-level fusion method for multimodal emotion recognition;
Chapter 4 builds a reinforcement learning-driven rehabilitation path optimization
mechanism; Chapter 5 verifies the effectiveness of the solution through clinical
experiments; Chapter 6 discusses the research value, limitations, and future direc-
tions; Chapter 7 summarizes the core findings and prospects for application.
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2  CONSTRUCTION OF IMMERSIVE MUSIC THERAPY ENVIRONMENT

This study is based on the hierarchical architecture model of multimodal interac-
tion and rehabilitation path optimization in the immersive music therapy environ-
ment shown in Figure 1. A six-level collaborative architecture is designed: Technology
Layer — Perception Interaction Layer — Data Processing Layer — Algorithm Decision
Layer — Application Layer — Feedback Optimization Layer. This architecture achieves
the organic integration of immersive experience and real-time interaction through
precise hardware and software adaptation. The technology layer adopts a 5G +
Wi-Fi 6 dual-mode transmission protocol, and the hardware integrates the Oculus
Quest 2 VR headset, Android/iOS mobile terminals, and multimodal physiological
data collection devices. The software relies on Unity3D, Flutter, and microservice
cloud platforms for cross-terminal collaboration. The perception interaction layer
synchronously collects physiological signals such as electroencephalography (EEG),
electrocardiography (ECG), skin conductance, and facial expression behavior charac-
teristics. It also enables bi-directional interaction of scene interaction and parameter
adjustment through VR headsets, motion controllers, and mobile terminals. The data
processing layer is deployed on edge cloud nodes and provides high-quality data for
subsequent analysis through filtering, ICA denoising, and normalization algorithms.
The algorithm decision layer adopts a feature-level and model-level dual-fusion
multimodal emotion recognition method, combined with reinforcement learning
algorithms, to dynamically output optimized music parameters, VR scenes, and
interaction tasks. The application layer provides treatment plan recommendations,
multimodal data visualization, and HL7 standard data interface functions. The feed-
back optimization layer closes the feedback loop of algorithm decision results to the
interaction and application layers while continuously optimizing the intervention
strategy based on the patient’s subjective Self-Assessment Manikin (SAM) scores. This
six-level architecture forms a complete closed loop of Collection — Transmission —
Processing — Decision — Application — Feedback, providing systemic support for the
technical implementation and clinical application of immersive music therapy.

Functional Implementation
A

Physiological ~Low-latency VR scene
signal collection transmission interaction

Technology Perception Mobile terminal
Layer Interaction Layer  1nteraction
Treatment Multimodal

progress Multimodal data perception
monitoring _Synchronization i teraction

Feature ~ Model layer  Learning

layer fusion e R T

P Data fusion  Algorithm  Technical
rocessmg Tt g C

Layer Multimodal Decision Layer interaction

emotion  Real-time emotional feedback|
recognition Path optimization algorithm

Psychological — Treatment cycle
rehabilitation goals management
Application Feedback Rehabilitati

Tayer Optimization 11eatment S5 me
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Fig. 1. Hierarchical architecture model of multimodal interaction and rehabilitation path optimization
In immersive music therapy environment
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Core modules collaborate to ensure the immersion and reliability of treatment.
VR scenes are designed with clinical requirements for both relaxing and stimulat-
ing systems. Environmental psychology is referenced to optimize scene parameters,
and detail-level technologies are used to improve rendering efficiency. A field-of-
view adaptive adjustment is applied to control the incidence of dizziness below 5%.
The music library integrates international therapeutic music resources and estab-
lishes a database of parameters such as rhythm, pitch, and volume. Scene-music
mapping algorithms are used to ensure smooth transitions when switching between
parameters. The core functions of the mobile app include intelligent treatment plan
recommendations, real-time display of emotional and physiological indicators, and
slider-based parameter adjustment, compatible with HL7 standards for data integra-
tion with clinical systems. Physiological signal preprocessing targets noise removal:
a 50Hz notch filter is used to eliminate power line interference, a 4-30 Hz low-pass
filter extracts effective EEG signals, independent component analysis (ICA) separates
eye movement and muscle artifacts, and the data is finally normalized using Z-score
normalization, mapping multimodal data to the same feature space to provide
high-quality input for subsequent emotion recognition.

3  MULTIMODAL EMOTION RECOGNITION METHOD
3.1 Emotion modal data collection plan

The emotion modal data collection in this study strictly follows clinical experi-
mental protocols and data standardization principles. The experimental subjects
are patients diagnosed with depression/anxiety disorder according to the diagnostic
criteria of the Diagnostic and Statistical Manual of Mental Disorders (DSM-5). Inclusion
criteria: age 18-55 years, primary school education or above, and ability to cooperate
with the collection process. Exclusion criteria: comorbidity of severe physical diseases,
history of epilepsy, allergy to VR devices, or cognitive dysfunction. The data collection
process is divided into three stages: the baseline testing stage, where the participant’s
basic physiological signals and facial expression data are collected for five minutes
in a quiet environment, along with completing a basic information questionnaire;
the emotion induction stage, where different valence images from the International
Affective Picture System are selected and combined with a self-constructed standard-
ized emotional music library, presented through an immersive VR scene to induce the
target emotion; and the data recording stage, where multimodal data is continuously
collected until the presentation of the inducing materials is complete. The collected
data includes three types: physiological data collected using specialized equipment,
EEG recorded through a 16-channel amplifier at key electrode points in the interna-
tional 10-20 system (Fp1, Fp2, etc.), ECG to record heart rate, RR interval, and other
indicators, and skin conductance response to record peak and rise slope; behavioral
data captured by the VR headset’s built-in high-definition camera to capture facial
expression images, with 68 facial feature points extracted based on the Dlib library;
subjective data collected through a self-assessment model, where the participant rates
each emotional induction material on a 1-9 scale for pleasure and arousal levels,
providing complementary verification of objective data and subjective experiences.

3.2 Feature-level fusion strategy

The goal of single-modal feature extraction is to accurately capture the emotional
representations of each modality. Differentiated extraction schemes are designed for
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different data types. In terms of physiological features, EEG signals extract time-domain
and frequency-domain features based on preprocessed data. Time-domain features,
such as mean, standard deviation, and kurtosis, reflect the signal amplitude distri-
bution characteristics. Frequency-domain features, calculated through fast Fourier
transform, include power spectral density of o waves (8-13Hz), p waves (14-30Hz),
and 6 waves (4-7Hz), representing the brain’s electrical activity rhythms under dif-
ferent emotional states. ECG features focus on heart rate and heart rate variability
indicators, extracting core parameters such as the mean RR interval, standard devia-
tion, and root mean square of adjacent RR interval differences. GSR features extract
signal peak values, rising slopes, and mean amplitudes, reflecting skin conductance
responses triggered by emotional arousal levels. In terms of behavioral features, a light-
weight CNN architecture is used to extract features from preprocessed facial expres-
sion images. Depth wise separable convolutions are employed to reduce the model
parameters while retaining key facial expression features, ultimately outputting a
256-dimensional facial depth feature vector. Subjective features directly quantify the
pleasure and arousal ratings from the self-assessment model into a 2-dimensional fea-
ture vector, achieving numerical representation of subjective emotional experience.

The focus of feature-level fusion is to address the data heterogeneity problem of
multimodal data and construct high-level feature representations for cross-modal
collaboration. The first step is to perform feature alignment: for time-series physio-
logical data like EEG and ECG, frame-level synchronization is performed based on
timestamps; all single-modal features are Z-score normalized, mapping feature val-
ues to the [0,1] range to eliminate dimensional differences. Based on this, a dynamic
weighted fusion strategy is designed. The contribution of each single-modal feature
to emotion recognition is calculated through a validation set experiment, and higher
weights are assigned to modalities with higher contributions. The specific fusion
formula is defined as follows:

V: a)lEEEG + wZEECG + wSEGSR + w4EFace + wSESAM (1)

where, V is the fused feature vector, o, is the weight of the i-th single-modal fea-
ture, and F,,, F,. ... correspond to each single-modal feature vector. This strategy
not only avoids information redundancy caused by simple feature concatenation
but also strengthens the representation ability of effective information through
dynamic weight allocation, providing high-recognition multimodal base features for

subsequent model-level fusion.

3.3 Model-level fusion strategy

To address the limitations of feature-level fusion in mining complex inter-
modal associations and eliminating redundant information, this study constructs a
multi-model ensemble architecture based on a cross-modal attention mechanism,
achieving deep collaborative learning and precise representation of multimodal
emotional information. Based on the characteristics of different modal data, a het-
erogeneous base model system is designed: physiological features with strong tem-
poral dependence are input to a bidirectional long short-term memory network
(BiLSTM) to capture the temporal evolution patterns of emotional states; deep facial
expression features are input to a lightweight convolutional neural network (CNN)
model to further extract local key emotional representations; and subjective fea-
tures, along with intermediate features from the above modalities, are integrated
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and input to a multi-layer perceptron (MLP) to adapt to the nonlinear mapping
requirements of high-dimensional heterogeneous data. The core innovation lies in
the introduction of a cross-modal attention mechanism. By constructing an atten-
tion weight matrix, the importance coefficient of each base model’s output result is
dynamically learned. For example, in anxiety emotion recognition, higher weight
is assigned to the EEG feature model, which contributes more, while also uncover-
ing the potential intermodal associations, achieving adaptive fusion of multi-model
outputs and generating a more compact and information-rich shared emotional
feature vector.

To ensure the generalization ability and classification performance of the model,
a multi-dimensional regularization collaborative optimization mechanism is estab-
lished to effectively suppress overfitting. During model training, L, regularization is
applied to penalize the weight parameters of each base model, reducing model com-
plexity by adding a weight squared term to the loss function. The weight squared
term expression is given by:

Ltotal: LCE + AZ"WHE (2)

where L, is the cross-entropy loss, A is the regularization coefficient, and W
is the model weight matrix. Dropout layers are embedded in both CNN and MLP
layers, with a deactivation probability of 0.2 to randomly mask some neurons and
avoid over-reliance on local features. Additionally, early stopping is employed to
monitor the validation set loss, and training is terminated when the loss does not
decrease for 10 consecutive training epochs, retaining the model parameters with
the best generalization performance. The optimizer used for model optimization is
Adaptive Moment Estimation (Adam), with an initial learning rate of 0.001, and a
cosine annealing strategy is used to dynamically adjust the learning rate, improv-
ing training stability and convergence speed. Finally, the fused shared features are
input into a Softmax classifier, which outputs the probability distribution of four
emotional states: joy, calmness, anxiety, and depression, completing the emotion
recognition task.

V:Zwi]:;

Loss=L + )«"W”2

4  PSYCHOLOGICAL REHABILITATION PATH OPTIMIZATION

The precise construction of the rehabilitation path is based on the dissection
of core elements and scientific initial configuration, laying the foundation for
subsequent dynamic optimization. This study identifies five core elements of
the rehabilitation path, forming a multidimensional collaborative intervention
system: the treatment goal distinguishes between short-term and long-term levels,
with the short-term focusing on immediate relief of anxiety/depression emotions
and the long-term aiming for comprehensive restoration of psychosocial func-
tions; the treatment cycle is set to 8-12 weeks according to clinical guidelines, with
two treatments per week, each lasting 45 minutes; the music parameter combi-
nations cover three core dimensions: rhythm, pitch, and volume; VR scene types
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are adapted to the treatment stages, initially using a relaxing natural scene and
switching to an encouraging dynamic scene based on emotional improvement;
interactive tasks include lightweight tasks such as scene exploration and virtual
instrument playing to enhance patient engagement. The initial path generation
relies on the core recommendations from the China Depression Disorder Prevention
and Treatment Guidelines (2023 Edition) and the Anxiety Disorder Diagnosis and
Treatment Guidelines (2021 Edition), combined with the consensus experience of
three senior experts in psychotherapy. The initial path is divided into three levels—
mild, moderate, and severe—based on the patient’s initial Self-Rating Depression
Scale (SDS)/Self-Rating Anxiety Scale (SAS) scores. A differentiated initial path library
is constructed; for example, in the case of severe patients, the initial path focuses
on low-stimulation relaxing music and forest VR scenes, gradually increasing the
intervention intensity.

The reinforcement learning-driven optimization model provides intelligent
technical support for the dynamic adjustment of the rehabilitation path. Its core
lies in achieving adaptive iteration of the path through environmental interaction
and reward feedback. This study deeply binds the core components of reinforce-
ment learning with the treatment scene: the agent is defined as the immersive
music therapy system, responsible for perceiving the patient’s state and executing
path adjustment actions; the environment includes the VR immersive scene and
the patient’s real-time state, forming a dynamic interaction carrier; the state space
is represented by a high-dimensional vector, including key physiological indicators
such as multimodal emotion recognition results, treatment progress ratio, real-time
SDS/SAS scores, and heart rate variability, forming a 32-dimensional state vector;
the action space focuses on fine-tuning the three main intervention variables,
with music parameters supporting rhythm adjustments of +5 BPM, pitch adjust-
ments of 1 scale, and volume adjustments of £5 dB, while VR scenes provide four
scene switching options, and interactive tasks include updates to three difficulty
levels; the reward function design adopts a deviation quantification mechanism,
defined as:

R=1-|S S

real tar

/S 3)

max

where S, is the real-time emotional scale score of the patient, S, is the tar-
get score for the corresponding treatment stage, and S, is the maximum score.
When S, approaches S, , the reward value approaches 1; otherwise, it decreases.
The optimization algorithm uses Deep Q-Network (DQN) to build a “convolutional
layer-fully connected layer” neural network architecture, with the convolutional
layer extracting high-dimensional features from the state space. The fully con-
nected layer fits the action value function, and the experience replay mechanism
stores historical interaction data and randomly samples for training. The target net-
work periodically updates the policy, ensuring the model converges to the optimal
treatment path.

The dynamic execution mechanism ensures the effectiveness and individual
adaptation of the optimized path through real-time feedback loops and personal-
ized adjustments. This study designs a four-stage closed-loop execution process of
“Emotion Recognition—Path Evaluation - Parameter Adjustment—Effect Monitoring,”
setting every two treatment cycles as an adjustment window. First, based on the
multimodal emotion recognition results and SDS/SAS retest data, the effectiveness
of the current path is evaluated. Then, the reinforcement learning model generates
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the optimal adjustment plan, simultaneously updating the music parameters, VR
scenes, and interactive tasks. The adjusted path is executed in subsequent treat-
ments, while real-time monitoring of the patient’s physiological indicators and emo-
tional state provides data support for the next round of adjustments. To account
for individual patient differences, an individual difference factor yis introduced to
dynamically optimize the weight distribution of the reward function. For elderly
patients or those with a long course of illness, yis set to a lower value to slow down
the adjustment rate of intervention intensity, while for younger or more responsive
patients, the yvalue is increased to accelerate the path optimization. This mecha-
nism achieves the precise transformation of the rehabilitation path from “general-
ized” to “personalized,” ensuring that the intervention strategy highly matches the
individual characteristics of the patient and the treatment dynamics. Figure 2 pres-
ents the multimodal data interaction and rehabilitation path optimization process
flowchart for the immersive music therapy environment, visually demonstrating
the complete closed-loop process of “Patient Treatment Interaction — Multimodal
Data Collection — Emotion Recognition and Path Optimization — Treatment Plan
Adjustment Feedback.”

Multimodal Emotion
data » recognition and
collection path optimization
W W 2\
. EEG signal collection : f PhySio!‘)gical feature
Physiological | ECG signal collection extraction Emotion
perception | GSR signal collection Facial expression analysis recomuition
interaction | F: alcllal €xpression unage Multimodal feature fusion ®
collection J . Emotional state classification
Therapeutic music playback } ' Dynamic music parameter
Music Volume and pitch adjustment Music
g . adjustment Style adaptation recommendation| . .~ .
teractio : by optimizatiol Treatment
Patient feraction | Music style SWI_“II‘"‘g Rhythm and pitch control phim " plan
tr s Audio Jeedback sAudio effect enhancement ya
interaction ) | R Scene element update feedback
cene element interaction i
VR scene Motion recognition i‘;}fzf;:ﬁ difficulty Scene
interaction IS-Iaphc feedbatck re;lepttmn t Visual effect optimization optimization
Cene parameter agjustment . Motion feedback adaptation
Multi-device synchronized /' Dynamic rehabilitation path
Technical control planning ) Path
Real-time data transmission Treatment cycle adjustment SR
support A S, o —" optimization
Device status monitoring Task sequence optimization
Network resource allocation . Personalized plan generation
2 Ng

Fig. 2. Multimodal data interaction and rehabilitation path optimization process flowchart
for immersive music therapy environment

5  EXPERIMENT DESIGN AND RESULT ANALYSIS
5.1 Experiment design

This experiment strictly follows the protocol of a randomized controlled clinical
trial. A total of 120 patients diagnosed with depression/anxiety were selected as
experimental subjects, with the sample size determined using GPower3.1 software.
The inclusion criteria are as follows: meeting the diagnostic criteria of the DSM-5,
SDS score > 53 or SAS score > 50, age between 18-60 years, ability to operate
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VR devices, and voluntary signing of the informed consent form. Exclusion criteria
include the presence of severe physical illnesses, a history of epilepsy, cognitive
dysfunction, or having received other psychological interventions in the past three
months. Patients were randomly assigned to the experimental group and the con-
trol group, each with 60 individuals, using a random number table. Baseline data
comparison showed no significant differences between the two groups in terms of
age, gender ratio, disease duration, and initial SDS/SAS scores (P > 0.05), indicat-
ing comparability between the groups. In terms of equipment, the experimental
group used the Oculus Quest 3 VR headset, a 16-channel EEG amplifier, a portable
ECG sensor, and a self-developed therapeutic interactive app, with data process-
ing supported by Alibaba Cloud’s edge computing nodes. The control group used
a professional audio system and a tablet with a standard music library installed.
The experimental treatment cycle lasted for 10 weeks, with both groups undergo-
ing treatment three times a week, each session lasting 45 minutes. Data collection
occurred before treatment, every two weeks during treatment, and after treatment
in stages. Equipment calibration was completed before treatment, real-time oper-
ational status was recorded during treatment, and subjective rating data was col-
lected post-treatment.

5.2 Experiment results analysis

Table 1. Immersive treatment environment performance test results

Evaluation 2L nuBE LUy Compliance
Dimension Specific Indicator Unit Group Reference S t‘; tus
Test Value Standard
Immersion IPQ Scale — Spatial | Points (1-5) 42+03 >3.5 Points Compliant
Presence
IPQ Scale — Sense | Points (1-5) 40+£04 >3.0 Points Compliant
of Reality Loss
IPQ Scale — Points (1-5) 43403 >3.5 Points Compliant
Involvement
IPQ Total Score Points (1-5) 42403 >3.5 Points Compliant
Real-Time EEG Signal ms 123+15 <20 ms Compliant
Performance Collection Delay
Multimodal Data ms 285+2.1 <50 ms Compliant
Transmission Delay
VR Scene Switch ms 352430 <50 ms Compliant
Delay
Music Parameter ms 18.7£1.8 <30 ms Compliant
Adjustment Delay
Stability Continuous h 72 248 h Compliant
Operation Time
Device Failure Rate | % 0.8 <2% Compliant
Data Loss Rate % 0.3 <1% Compliant
User Adaptability | Dizziness Rate % 4.2 <10% Compliant
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To verify whether the constructed VR-interactive mobile integrated treatment
environment meets clinical needs in terms of immersion, real-time performance,
and stability, a performance test experiment was conducted. As shown in Table 1,
the experimental group exceeded industry reference standards in all core perfor-
mance indicators:

e Immersion: The IPQ scale scores in the three dimensions of spatial presence,
sense of reality loss, and involvement, as well as the total score, all exceeded
the qualified threshold of 3.5 points. Specifically, spatial presence and involve-
ment scored above 4.0 points, indicating that the VR scene effectively creates an
immersive therapeutic atmosphere.

o Real-Time Performance: Key processes, including EEG signal collection and data
transmission delays, were controlled within 50ms. Music parameter adjustments
and scene switching had delays of 18.7ms and 35.2ms, respectively, meeting
the technical requirements for real-time emotional feedback and dynamic path
adjustments.

e Stability: The device was continuously operated for 72 hours, with a failure rate
of only 0.8% and a data loss rate of 0.3%. The dizziness rate was as low as 4.2%,
demonstrating the clinical applicability of the environment.

In conclusion, the core performance of the constructed environment meets the
standards, providing reliable technical support for the subsequent implementation
of personalized treatments.

Table 2. Performance comparison of different emotion recognition methods

Recognition Method Accuracy (%) Precision (%) Recall (%) F1 Score (%) ‘2 [lllfe
Single Modality | EEG Recognition 72.3+15 718+ 1.7 705+16 | 711+15 | 0.782
Methods Alone

Facial Expression | 75.6+1.3 749+ 14 732+15 | 740+14 | 0.805

Recognition

Alone
Single Fusion | Feature Layer 835+1.2 829+1.3 81.7+12 | 823+12 | 0.868
Methods Fusion Only

Model Layer 842+1.1 835+1.2 824+11 | 829+11 | 0875

Fusion Only

91.6+0.8 91.6+0.8 90.8+0.9 902+08 | 90.5+08 | 0.943
Ablation Removing Feature 803+14 796+1.5 785+14 790+14 | 0.841
Experiments Layer Fusion

Removing Model 795+ 1.3 789+ 14 778+13 | 783+13 | 0.836

Layer Fusion

To verify the recognition performance of the proposed feature-layer-model-
layer two-level fusion method and the necessity of the two-level fusion strategy,
comparative and ablation experiments were conducted. As shown in Table 2, the
proposed method significantly outperformed the single-modality and single-fusion
methods in all core indicators: the accuracy reached 91.6%, which is an improve-
ment of 16.0 percentage points compared to the best single-modality method and
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7.4 percentage points compared to the best single-fusion method (model layer
fusion); the F1 score and AUC value reached 90.5% and 0.943, respectively, reflect-
ing the method’s advantage in classification accuracy and generalization ability.
The ablation experiment results showed that removing either the feature-layer or
model-layer fusion resulted in a noticeable decrease in recognition performance.
The accuracy dropped to 80.3% and 79.5%, and the F1 score dropped by more than
11 percentage points, indicating that the cross-modality information integration at
the feature layer and the attention-weighted integration at the model layer form a
synergistic effect, both of which are essential. In conclusion, the proposed two-level
fusion method can achieve accurate emotion state recognition for patients with psy-
chological disorders and provide reliable data input for dynamic optimization of
rehabilitation pathways.

Table 3. Comparison of rehabilitation effect scores between the experimental group and the control group (X £ s, points)

Change Rate  Intergroup
Evaluation Indicator Group Pretreatment R from Baseline  Difference
Treatment Treatment Treatment
After Treatment (P Value)
Depression Scale (SDS) | Experimental Group 62573 53268 | 451459 402+52 -35.7% <0.01
Control Group 63.1+£75 586+7.1 52.3+6.5 485+6.1 -23.1%
Anxiety Scale (SAS) Experimental Group 58.6 £6.9 495£6.2 | 423%55 378149 —35.5% <0.01
Control Group 592+£72 548+68 | 49.1+6.2 453+5.8 —23.5%
Quality of Life Scale— | Experimental Group 58.2£6.5 645+6.1 | 70.3+58 75.6+5.3 +29.9% <0.01
Physical Di i
YSICALZIERSION 1 control Group 578+67 | 602463 | 635459 | 668+56 +15.6%
Quality of Life Scale — Experimental Group 553+£7.1 62.1£6.5 68.4+6.0 742+£5.5 +34.2% <0.01
Psychological Di i
SYCROI0BICA BIMENSION | 01 trol Group 549+73 | 586+68 | 623462 | 651458 +186%
Quality of Life Scale— | Experimental Group 59.1+6.8 653+£62 | 71.5£59 76.8+54 +29.9% <0.01
Social Relationshi
Dimension P Control Group 58.7£7.0 61.5+65 | 65.2+6.0 68.9+5.7 +17.4%
Quality of Life Scale— | Experimental Group 60.5+ 6.6 66.8+6.1 | 724£58 77.3+5.2 +27.8% <0.01
Environmental
T Control Group 60.1£6.8 63.2£63 | 66.5+59 69.8£5.5 +16.1%
To verify the clinical therapeutic advantages of the optimized rehabilitation path,
a comparison of the rehabilitation effect differences between the experimental group
and the control group was conducted. As shown in Table 3, both groups showed a
reduction in SDS and SAS scores and an increase in quality-of-life scale scores after
treatment. However, the experimental group showed significantly better improve-
ments than the control group: after 10 weeks of treatment, the experimental group’s
SDS and SAS scores decreased by 35.7% and 35.5%, respectively, which was more
than 12 percentage points higher than the control group; the total quality of life
scale score and improvements in the physical, psychological, social relationship, and
environmental dimensions all exceeded 27%, which was 10-16 percentage points
higher than the control group. Statistical analysis showed that the experimental
group showed significant improvements after four weeks of treatment (P < 0.05),
and the trend of improvement continued to strengthen. After 10 weeks of treat-
ment, the intergroup differences reached a significant level (P < 0.01). This indicates
that the dynamically optimized rehabilitation path based on real-time emotional
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feedback can more accurately adapt to patients’ emotional changes. Combined with
the immersive advantages of the VR-mobile integrated environment, it significantly
enhances the improvement of depression, anxiety symptoms, and quality of life,
with notable clinical therapeutic value.

0.9 0.9
Anxiety 0.8 Anxiety 022 0.10 0.8
0.7 0.7
Joy 0.6 Joy 0.12  0.06 0.6
0.5 0.5
Calmness 0.4 Calmness | 0.18 0.12 0.25 0.4
0.3 0.3
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Fig. 3. Performance comparison of multimodal emotion recognition methods’ confusion matrices

To verify the performance advantages of the proposed feature-layer-model-
layer two-level fusion method in emotion recognition for patients with psycho-
logical disorders, this study compared the confusion matrices of single-modality
and two-level fusion methods. From the results in Figure 3, it can be seen that in
single-modality EEG recognition, the accuracy of depression recognition reached
0.75, but anxiety was only 0.42, indicating a clear category bias. In single-modality
facial expression recognition, the recognition accuracy for joy was 0.71, and
depression was 0.79, but the cross-category discriminability for anxiety (0.56) and
calmness (0.45) was insufficient. In the proposed two-level fusion method, the rec-
ognition accuracy for anxiety (0.75), joy (0.66), calmness (0.54), and depression
(0.88) all significantly improved, and the balance of recognition accuracy for each
emotion category and the overall accuracy far exceeded the single-modality meth-
ods. This indicates that the two-level fusion strategy effectively integrates mul-
timodal physiological and behavioral information, overcoming the dimensional
limitations of single-modality data, and enables accurate recognition of complex
emotional states in psychological disorder patients. This provides high-confidence
data input for dynamic optimization of rehabilitation paths, fully demonstrating the
method’s technical adaptability and clinical value in psychological rehabilitation
scenarios.
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Table 4. User experience evaluation results of the experimental group

E\'/aluat.ion Specific Indicator Reference  Compliance
Dimension Standard Status
Imme.rsion IPQ Scale — Spatial Presence Points (1-5) | 42+03 | >=3.5points | Compliant
Experience IPQ Scale — Loss of Reality Points (1-5) | 40+04 | >3.0points | Compliant
IPQ Scale — Involvement Points (1-5) | 43£03 | >3.5points | Compliant
IPQ Scale — Total Score Points (1-5) | 42403 | >3.5points | Compliant
Treatment | Treatment Attendance Rate % 96.2 >80% Excellent
Adherence Interaction Task Completion % 94.5 >85% Excellent
Rate
Treatment Plan Execution Rate % 93.8 >85% Excellent

Device and | Device Operation Convenience | Points (1-10) | 8.6+1.2 >7points | Satisfied
Function Rating

Satisfaction . . . . . .
Function Adaptability Rating | Points (1-10) | 84+1.3 >7 points | Satisfied
Overall Satisfaction Rating Points (1-10) | 85+1.2 >7points | Satisfied

Adverse Device Discomfort Incidence % 5.3 <10% Compliant

Reactions | Rate

Immersion | IPQ Scale — Spatial Presence Unit Test Value | Reference | Compliance

Experience Standard | Status

To verify the user acceptance and clinical feasibility of the immersive treatment
environment, a comprehensive evaluation of the user experience in the experimen-
tal group was conducted. As shown in Table 4, the experimental group performed
excellently in core dimensions such as immersion, treatment adherence, and device
satisfaction: The scores for the three dimensions of the IPQ scale and the total score
all exceeded the passing threshold of 3.5, with spatial presence and involvement
reaching scores above 4.0, indicating that the VR scene’s immersive experience
effectively enhances emotional involvement. The treatment attendance rate, inter-
action task completion rate, and plan execution rate all exceeded 93%, far surpass-
ing the basic standard of 80%, showing that the optimized treatment path and
immersive environment significantly improve patient treatment engagement. The
device operation convenience, function adaptability, and overall satisfaction ratings
all exceeded 8.4 points, and the device discomfort incidence rate was only 5.3%,
meeting the safety and comfort requirements for clinical application. In conclusion,
the constructed VR-interactive mobile fusion immersive treatment environment has
high user acceptance, providing important support for the clinical promotion and
popularization of the technology.

6  CONCLUSION

This study focuses on the construction of an immersive music therapy envi-
ronment combining VR and interactive mobile technology and optimization of
psychological rehabilitation pathways. By designing a six-level collaborative
architecture—comprising the Technology Layer, Perception Interaction Layer,
Data Processing Layer, Algorithm Decision Layer, Application Layer, and Feedback
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Optimization Layer—it achieved the modular construction of an immersive treat-
ment environment and multimodal interaction. The study proposed a feature-layer-
model-layer dual-fusion multimodal emotion recognition method, solving the
challenges of accuracy and robustness in emotion recognition for patients with
psychological disorders. A reinforcement learning-driven dynamic rehabilitation
path optimization mechanism was built. With clinical experimental validation, the
experimental group’s depression and anxiety scale scores decreased by more than
35% from baseline, and the improvement in quality of life across various dimen-
sions exceeded 27%, significantly outperforming the traditional treatment group.
Technologically, the study has overcome three key issues: “synergy between immer-
sive experience and mobile interaction,” “fusion of multimodal data heterogeneity,”
and “personalized dynamic optimization of rehabilitation paths.” Clinically, it
offers a non-pharmacological intervention plan that is immersive, accurate, and per-
sonalized for patients with depression and anxiety disorders. This provides a new
paradigm for the intelligent and digital development of psychological rehabilitation
technologies.
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ABSTRACT

This study investigates the adoption, effectiveness, and pedagogical impact of mobile learning
applications on the academic development of college students in China. Specifically, it exam-
ines how perceived ease of use, perceived usefulness, instructor support, and access to mobile
technology influence academic outcomes, with mobile learning engagement acting as a
mediating factor. A quantitative research design was employed using survey data collected
from 234 college students across various Chinese universities. Validated scales were adopted
from prior studies to measure all constructs. SmartPLS 4.0 was used to analyze the structural
relationships through partial least squares structural equation modelling (PLS-SEM). Results
confirmed that perceived ease of use, perceived usefulness, instructor support, and access to
mobile technology all have significant positive effects on students’ academic development.
Furthermore, mobile learning engagement was found to mediate the relationships between
these predictors and educational development, reinforcing its central role in digital learning
environments. This study contributes to the growing body of literature on mobile learning by
integrating elements from the technology acceptance model (TAM), Constructivist Learning
Theory, and Engagement Theory. It offers practical and theoretical implications for educa-
tors, app developers, and policymakers aiming to foster meaningful student engagement and
academic growth through mobile learning platforms.

KEYWORDS
mobile learning applications, academic development, mobile learning engagement,
instructional support, technology adoption

1  INTRODUCTION

With the pace of the digital change gaining traction in our times, the adoption of
mobile technologies in higher education has gained momentum, particularly in the
example of China, where the national government has placed the development of
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innovative teaching and digital learning environments at the forefront of its agenda.
The presence of mobile internet and smartphones has led to the view that mobile
learning applications should be considered as an inexpensive and scalable method of
supporting the learning process of students [1]. They offer diverse functions such as
interactive course content, formative quizzes, discussion forums, and individualized
learning paths[2]. A country like China has initiatives like the Smart Education of China
project that has seen universities embrace mobile-based applications that not only
have facilitated education inclusiveness but also pedagogical innovation with the aid
of technology [3, 4]. Although such efforts have been made, the effectiveness of learn-
ing applications and their real usage still varies according to the region and university,
which is why researchers seek to understand the psychological, technological, and
environmental factors that influence the use of these applications by students [5].
In addition, Chinese higher education is facing increasing pressure to provide students
with self-regulated learning abilities and digital literacy for the knowledge economy,
so studying mobile learning environments is particularly pertinent [6].

Current empirical research brings strong evidence that factors influencing
technology acceptance, specifically perceived ease of use and perceived usefulness,
significantly contribute to students’ intention to use educational apps as well as their
learning results [7]. For example, several studies using the technology acceptance
model (TAM) have shown that when students find a mobile app easy to use and
helpful in studying, they are likely to utilize it regularly and gain academic advan-
tages [9]. Within the Chinese context, studies have also established that perceived
ease of use has a significant impact on the intention of students to use mobile learn-
ing platforms such as Super Star Learning, which are popularly utilized throughout
Chinese universities [10]. Similarly, perceived usefulness has been related to higher
levels of student satisfaction and higher motivation, and students have a higher
probability of achieving higher academic outcomes, as students tend to internalize
the relevance of these tools towards the achievement of their academic goal [11].
Combined, such findings support the idea that self-perceptions of the learning tech-
nologies among students are important factors to consider when defining their
learning behaviors and academic performance.

Moreover, the studies have gradually highlighted the importance of contextual and
social factors such as instructor support and access to mobile technologies in deter-
mining the learning process in students. One example is the support provided by an
instructor, which has been found to raise students in terms of confidence in the usage
of learning technologies, participation, and subsequent improvement in engagement
and satisfaction [12]. In China, where teaching and learning practices are deeply
rooted in Confucian values of teaching, the role of the instructor in facilitating and
supporting the use of mobile learning tools in classroom activities also becomes more
important [13]. In the meantime, the availability of mobile technology, both in terms
of hardware and the ability to connect and be connected, and institutional infrastruc-
tures, are key factors in determining the success of learners in the digital learning
setting. According to research carried out by [2, 14], students who have increased
access to mobile phones and who have good Internet access demonstrate increased
engagement and improved learning outcomes. Such empirical trends emphasize the
multidimensionality of mobile learning and the need to have an integrative model
that would take into consideration the perceptions of technology, teaching support,
and infrastructure in the process of analyzing the learning growth.

Still, despitethe growingamountofresearch,noonehasmanagedtofillinsomevery
important gaps, particularly in the Chinese educational background. To begin with,
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in as much as the TAM has been widely applied to explore the perceived ease of use
and perceived usefulness, many studies have omitted these two variables as having
direct impacts on the student performance without a close study of the mediating
effects that transform technology perception to actual academic performance [15].
For instance, little has been studied regarding how mobile learning participation
acts as a behavioral bridge between students’ initial attitudes towards mobile appli-
cations and their academic achievements [16]. The lack of such mediation analysis
restricts understanding why and how mobile apps can or cannot support learn-
ing achievements [17]. Additionally, there is less concern regarding the interplay
between instructor guidance, technology access, and student engagement activi-
ties in mobile learning contexts, particularly in collectivist cultures such as China’s,
where social influence and teacher support are significant [18].

Secondly, the majority of existing studies in China tend to concentrate on indi-
vidual platforms or assess disconnected variables, hence without a comprehensive
framework that brings together user perceptions, contextual support, and behavioral
engagement under one model. While research has investigated the effect of mobile
learning on discrete skills like reading or the teaching of language [19], there is limited
research that associates the more general construct of academic growth with these
varied influences within a theoretically sound model. In addition, demographic and
institutional variation in adopting mobile learning—e.g., urban vs. rural universities
or first-rate vs. second-rate institutions—is usually not taken into account [20]. That
limits the applicability and generalizability of delivered findings. Therefore, it is clear
that integrative empirical research that will examine the direct association between
the variables of technology and learning outcomes, as well as the mediating role of
mobile learning involvement in Chinese higher education, is needed.

The study expects to fill gaps in existing empirical studies and enhance the
knowledge on mobile learning in Chinese higher education by analyzing the inter-
connecting relationship between perceived ease of use, perceived usefulness,
instructor support, mobile technology availability, mobile learning engagement,
and academic growth of students. More specifically, the study will plan and analyze
a conceptual framework that will unite cognitive, environmental, and behavioral
variables within a mobile learning setting. The main focus is to understand not only
whether these factors influence the process of academic development, but more
importantly, how they influence it with the mediating role of student involvement in
mobile learning technologies. With mobile learning reshaping the educational land-
scape, it is necessary to spend some time to go beyond the superficial analyses and
examine how digital tools can influence learning behavior and learning outcomes.

Even though the study is framed within the framework of the Chinese higher edu-
cation system, the issues that are discussed fall in a broader international discussion
of mobile learning ecosystems as sources of digital equity and pedagogy-mediated
technology-based innovation. According to such international standards as the ICT
Competency Standards of the United Nations Educational, Scientific and Cultural
Organization (UNESCO), the DigComp project by the European Commission, and the
Digital Education Outlook published by the Organization of Economic Cooperation
and Development (OECD), user-centered design of technologies, facilitation by edu-
cators, and meaningful engagement of learners are the priorities. These world plans
underline the fact that the mobile learning uptake does not solely depend on the
technological affordance, but it also depends upon a number of cultural, social, and
institutional circumstances. Contextualizing the study in such a broader context will
result in making it more pertinent since the Chinese case is not an exception of such
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a transnational issue on the degree to which higher education systems worldwide
have adopted mobile learning to enhance the development of academic processes.
This study has an important theoretical and practical implication in the
development of mobile learning in Chinese higher education. Theoretically speak-
ing, the study adds to the currently existing discussion on educational technology
by synthesizing the ideas of TAM, the theory of engagement, and contextual support
frameworks into a single conceptual framework that discusses both direct and medi-
ated pathways to academic development. It gives a more comprehensive insight into
how mobile learning tools work in a rich learning system. Practically, the study can
be useful to university administrators, instructional developers, and policymakers
in identifying the most significant factors of student academic performance regard-
ing mobile learning. Specifically, it underscores the necessity to ameliorate the
technological component of the learning applications, as well as the support system
and support measures surrounding its implementation. With the expanding depen-
dence on digital platforms in post-pandemic China, the study provides valuable
insights for developing inclusive, effective, and interactive mobile learning plans
that are aligned with national educational priorities and institutional capabilities.

2 LITERATURE REVIEW

Mobile learning research has gathered pace throughout the world, with major
contributions from Europe, South East Asia, North America, and Africa, which
document similar determinants for the adoption of technology, such as student
autonomy, teacher facilitation, and digital infrastructure. Studies conducted in
Finland, Singapore, Canada, and South Korea emphasize that successful ecosystems
for mobile learning depend on the combination of student-centered design, instruc-
tor scaffolding, and equitable access. Integrating these international studies offers a
wider empirical base for the proposed framework and locates the current work in
wider debates on digital learning readiness and technology-supported pedagogy in
other parts of the world.

2.1 Perceived ease of use of learning apps and students’
academic development

Perceived ease of use is the degree to which a person feels that applying a given
technology will be effortless [20, 21]. In educational technologies, particularly
learning applications, this aspect plays a pivotal role in influencing students’
participation and inclination to adopt such tools as part of their academic practice [22].
Academic progress refers to the enhancement of knowledge gain, critical thinking,
learning effectiveness, and general performance by students in learning activities
[23, 24]. Learning applications that are developed with easy-to-use interfaces, simple
navigation, and reduced cognitive load can promote more efficient learning expe-
riences and lower the technological boundaries to educational participation [8].
The easier it is for students to use educational apps, the higher the chances they
will check out their features, use them regularly, and incorporate them into their
studying habits, which eventually leads to their academic advancement [6, 25].
Empirical findings have validated the relationship between perceived ease of use
and educational achievement. [10, 26] found that ease of use significantly influences
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students’ continued intention to use e-learning systems, which is associated with
better learning outcomes. Similarly, it is reported that perceived ease of use positively
correlates with satisfaction and learning performance among university students
using learning platforms [27]. These results concur with the assumptions of the TAM,
in which ease of use is a determining factor for behavior intention and system usage.

H1: Perceived ease of use of learning apps has a significant positive effect on
students’ academic development.

2.2 Perceived usefulness of learning apps and students’
academic development

Perceived usefulness refers to the extent to which a user perceives that the use of
a given system or tool will improve their work or task performance [28]. In schools,
students believe thatlearning apps can enhance their academic achievement, learning
effectiveness, or subject mastery. It is a dominant factor in determining whether or
not students will use educational technology and use it regularly [29]. As students
perceive that an electronic tool can offer helpful assistance in the realization of aca-
demic objectives, for example, through improved comprehension, interactive exer-
cises, or prompt feedback, they will be more likely to use it actively [23, 30]. This way,
perceived usefulness turns into a motivational construct that supports technology
integration into routine academic conduct. Several empirical investigations verify
the significant predictive contribution of perceived usefulness towards learning out-
comes. Nuryakin et al. [31] discovered that the perceived usefulness of the students
heavily determines their behavioral intention to use the learning technologies, which
in turn impacts their learning performance. Furthermore, [32, 33] demonstrated that
perceived usefulness had the highest influence among all factors in predicting the
success of mobile learning systems within higher education. When learning appli-
cations are viewed as almost valuable for academic work, students tend to integrate
them into their study patterns, thus improving their learning achievements.

H2: Perceived usefulness of learning apps has a significant positive effect on
students’ academic development.

2.3 Instructor support for mobile learning and students’
academic development

Teacher support in mobile learning settings can be defined as the teaching,
motivation, and pedagogical guidance that teachers provide to learners so that
they can make use of mobile learning technologies in an effective manner [12].
This includes such elements as instruction scaffolds, appropriate communication
of standards, regular feedback, and integration of mobile apps into formal teaching
practice [18]. In this case, academic progress can be defined as the improvement
of learning attainments, intellectual capacity, and scholarly drive of students [34].
The attitude of the students towards educational technology and their actual behav-
ior is mainly influenced by the role of the instructors. When the instructors create
a positive environment that encourages mobile learning and provide follow-up,
students will feel encouraged and confident to apply learning applications to
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improve their academic competence [16, 35]. Empirical studies have highlighted
the roles of teacher support to inform persuasive mobile learning experiences. It
was determined that teacher engagement positively impacts the beliefs that stu-
dents have about the usefulness and usability of mobile learning tools, which subse-
quently enhance the learning outcomes [13]. Similarly, [36] emphasized the fact that
students working with the help of mobile learning platforms are more interested
in using this kind of technology when teachers serve as a model and provide both
technical and academic support. These findings show that professor support does
not only facilitate technological adoption but also facilitates the learning value of
mobile applications.

H3: Instructor support for mobile learning has a significant positive effect on
students’ academic development.

2.4  Access to mobile technology and students’ academic development

The term access to mobile technology is used to denote the convenience and the
practicability of accessing mobile phones, the internet, and applications of learning
that are needed in mobile-assisted learning. It includes not only physical access
(e.g., tablets, smartphones, data plans) but also digital access (e.g., access to apps,
learning management systems, and learning material) [20]. With stable and equi-
table access, students will have an opportunity to participate in mobile learning
processes, communicate with other students, and use digital resources to develop
education [23, 37]. The potential of mobile learning cannot be fulfilled when there
is inadequate access, particularly in a setting with scarce resources [14]. There
exists empirical evidence that supports the claim that access to mobile technology
is a starting-point facilitator of academic benefits of digital learning. As Sani and
Ratri [38] point out, students who have uninterrupted access to the internet and the
mobile gadgets are reported to be more engaged and satisfied in blended learning
environments. In the same vein, Shortt et al. [29] demonstrated that the opportunity
to have more access to mobile technologies correlates positively with the learning
outcomes of students, particularly when accompanied by intelligently constructed
instructional content. These findings point to the fact that access is not merely a
logistical issue but a determinant of whether students can utilize mobile learning to
the full to improve educational progress.

H4: Access to mobile technology has a significant positive effect on students’
academic development.

2.5 Mobile learning engagement as mediator

Mobile learning engagement defines the level of student engagement, which
is behavioral, emotional, and cognitive, in the active use of mobile-based applica-
tions and tools as learning ones [1]. This construct reflects several attributes of sus-
tained attention, engagement, motivation, and determination of academic activities
assisted with the help of mobile technologies by students. Although a perceived ease
of use is the extent to which students hold that a learning app is easy and simple
to use [2], its influence on academic advancement does not necessarily go directly.
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Rather, it is the actual interaction with the tool that is performed as a mediating
factor that directs this perception to a significant academic result. The previous
research has shown that the usability is a significant factor that boosts the desire of
students to use the digital tools, which consequently raises the engagement rates [5].
In addition, Budiarto et al. [6] have shown that as long as students consider mobile
apps easy to use, they tend to be willing to develop positive emotional reactions
and dedicate regular effort to academic interactions on the platform. On the same
note, [10] discovered that the indirect effects of performance outcomes due to the
perceived ease of educational technologies were by way of increased levels of
cognitive and behavioral engagement. Since the processes of academic development
are the processes of acquiring knowledge, critical thinking, and persistence in the
work, one can suppose that it is only with the significant involvement of mobile
learning tools that the ease of use can be transformed into academic benefits.

H5: Mobile learning engagement mediates the relationship between perceived
ease of use of learning apps and students’ academic development.

Although it is observed in previous literature that the perceived usefulness has a
positive impact on the academic growth of students [34], more sophisticated studies
indicate that the intensity of the mentioned association might be contingent upon
the degree of learner engagement with the mobile platform. Mobile learning, the
cognitive commitment, the interpersonal, and the interactive aspect of students in
mobile-based educational activities can be the medium through which perceived use-
fulness can assertits pedagogical impact [18]. Studies conducted by Fan and Wang [22]
indicate that those students who view mobile learning as an advantage will tend to
spend more time engaging with course content, discussing, and taking tests on the
mobile apps. Furthermore, this has been demonstrated by the works of [3, 39] that
found that student engagement is a crucial mediator between technology-related
perceptions and learning outcomes, and that usefulness perceptions cannot be effec-
tive on their own without active engagement. Therefore, the engagement of mobile
learning may be theorized as the behavioral form of the student’s confidence in the
usefulness of an app that results in the transfer of abstract perception into concrete
academic achievement.

H6: Mobile learning engagement mediates the relationship between perceived
usefulness of learning apps and students’ academic development.

Empirical studies have indicated that teacher support is a very important
factor in improving the learning outcomes of students, as it encourages an envi-
ronment where technology adoption and continued engagement become possible.
According to [40], those students perceiving instructional support at high levels get
more motivated to engage in mobile-based learning and demonstrate more per-
sistence in using educational apps. Likewise, Saleem et al. also found that instructor
guidance plays a central role in motivating and engaging students in mobile learn-
ing space [41]. Nevertheless, the direct influence of teacher support on academic
growth might not be as complete a picture as it can be. Rather, the availability of
instructor support can have an impact on the student outcomes by means of their
interaction with the mobile learning in itself. With encouragement, feedback, and
structured learning experiences delivered with the help of mobile apps, students are
more susceptible to engaging in such applications, which results in more emotional
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and cognitive engagement [42]. It is important to note that [43] argue that such
engagement is one of the key ways external supports determine academic outcomes.
Additionally, Hazaymeh et al. [13] also showed that technology-related engagement
behaviors mediated the role of instructional support on academic success signifi-
cantly [36]. Based on these results, it is reasonable to presume that instructor sup-
port has a beneficial effect on the learning process of students, as it increases their
interest in mobile learning.

H7: Mobile learning engagement mediates the relationship between instructor
support for mobile learning and students’ academic development.

Although access to mobile technology is an important facilitator of digital
learning, previous studies indicate that the educational effect of access is not inher-
ent and, in most cases, depends on the extent to which students utilize the tech-
nology that is made available [44]. Students who had increased access to mobile
resources showed better academic performance [45]. Nevertheless, they had a
strong influence on their interaction with mobile learning environments [46].
Similarly, [47] have found that access alone did not predict academic success,
unless the students engaged in the tools provided in an active manner (taking
quizzes, discussions, and learning the content) to do so. This is also in line with
[10], who demonstrated that the usefulness of mobile learning was enhanced
when students converted access to meaningful, repeated interaction. That is to
say, the access enables the opportunity, though the student engagement is the one
that brings to life the learning potential of mobile technologies [7]. It was also
further highlighted [48] that the quality and frequency of interactions of students
with mobile apps are the most critical predictors of their academic performance,
despite the initial levels of access. These results indicate that mobile learning use is
a very important mediator between access and education.

H8: Mobile learning engagement mediates the relationship between access to
mobile technology and students’ academic development.

2.6 Theoretical framework supporting the research

The theoretical perspectives over which the relationships in this study will be
explained are mostly based on the TAM, as well as the contributions of Constructivist
Learning Theory and the Engagement Theory. According to [49], TAM presupposes
that there are two beliefs that clarify the intention of a person to use a technology
that ultimately determines the actual use and the outcomes of it. This framework has
been widely employed in education technology research in explaining the behavioral
intention and learning outcomes among students in reaction to computer-mediated
objects, including mobile learning applications [50]. The TAM is also used in the
present study to provide a premise to assume that in case students find the learn-
ing apps very easy to use and useful, they will probably use them, which will
contribute to the academic progress. Also, the study is informed by Constructivist
Learning Theory, which centers on the active involvement of the learners and the
creation of knowledge through interactions with learning environments [51]. As long
as teachers support mobile learning applications and students have access to them,
they allow self-directed and collaborative learning, therefore supporting the ideas
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of constructivism. Environmental enablers that facilitate this constructivist learning
process are teacher support and access to mobile technology. The Engagement
Theory [52] strengthens the model further by asserting that significant learning is
achieved through engagement, especially when learners participate in interactive
and meaningful activities. This research builds on existing frameworks for technol-
ogy acceptance and mobile learning by incorporating behavioral engagement and
contextual enablers into one model, namely instructor support and access to technol-
ogy (see Figure 1). While TAM has traditionally focused on cognitive perceptions (ease
of use and usefulness), it does not fully explain the behavioral mechanisms by which
perceptions are translated into academic development. By proposing mobile learning
engagement as a theoretically based mediator and embedding the contextual vari-
ables from constructivist and ecological learning perspectives, the study contributes
to current knowledge and can provide a more holistic understanding of the working
of mobile learning ecosystems in higher education settings.
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Fig. 1. Conceptual framework

3 METHODOLOGY

This study was conducted in a quantitative, cross-sectional survey design and was
aimed at investigating the relationships between perceived ease of use, perceived
usefulness, instructor support for mobile learning, access to mobile technology,
mobile learning engagement, and academic development among undergraduate
students in Chinese higher education. A survey approach was chosen due to the
possibility of collecting standardized data from a relatively large student population
engaged in mobile learning practices and is suitable for variance-oriented analytical
techniques (partial least squares structural equation modelling—PLS-SEM).

3.1 Sampling and participants

The target population was undergraduate students in various universities in
China if they frequently use mobile applications for academic purposes. A total of 234
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valid responses were obtained by the convenience sampling technique. Although
not very generalizable, convenience sampling can be widely applied in exploratory
PLS-SEM studies because of its practicality and access to active users of technology.
In order to have sufficient statistical power, sample size was assessed based on
the “10-times rule,” which states that the minimum sample should be 10 times the
number of structural paths directed to the most complex endogenous construct.
The construct “Academic Development” is assigned four structural paths, which
require at least 40 cases. The sample size of 234 therefore surpasses this threshold
and is suitable for the estimation of the models.

3.2 Instrument development

The questionnaire was divided into two sections: demographic and measurement
items for the latent constructs. All constructs were measured through the use of
established and validated scales adapted from previous studies. Items on perceived
ease of use and perceived usefulness were adapted from Davis [49] and are widely
used in studies of TAM. Instructor support and access to mobile technology scales
were drawn from current mobile learning and educational technology literature.
Because access to mobile technology can be seen as a broad enabling construct,
the items included in the study intentionally span both physical access (e.g., avail-
ability of devices, stability of connectivity) and digital access (e.g., institutional
access to platforms, availability of learning content). This approach is in agreement
with research that recommends access be conceptualized as a multifaceted con-
dition rather than a single technical indicator. Mobile learning engagement was
assessed in terms of behavioral, emotional, and cognitive engagement indicators
adapted from Fredricks et al. [53]. It is important to note that engagement was mea-
sured only based on perceptions. While self-reports are typical in mobile learning
research, they represent perceptual rather than objective engagement behaviors.
This is admitted to be a methodological limitation. All items used a five-point Likert
scale varying from 1 (“strongly disagree”) to 5 (“strongly agree”). The instrument
was originally prepared in English and was translated into easy Chinese, and vice
versa, to check for conceptual equivalence. A pilot test with 20 students proved
clarity and reliability.

3.3 Data collection procedures

General mobile learning applications within the context of Chinese higher
education would encompass institutional learning management application e.g.
Chaoxing (Superstar Learning) and MOOC-based applications, discipline-specific
education applications (e.g., language learning and test preparation applications),
and communication and collaboration applications like WeChat that are often part
of both formal and informal learning. The experience of students in Chinese higher
education is characterized by a heterogeneous mobile learning environment, con-
sisting of institutional learning management systems, discipline-specific educational
applications, and communication tools, which are incorporated into the teaching
and learning practices. Since students are usually able to move freely through these
platforms in one course or learning task, confining the study to a particular appli-
cation would have restricted the ecological validity of the engagement construct
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and reduced inference scope. Despite the lack of constraint on the use of a single
platform, the items of the survey were tailored to reflect the overall interest of stu-
dents in the use of mobile applications to achieve academic goals, where the Internet
provided students with access to learning materials and interactive learning facil-
ities and discussion with their teachers and lecturers. Data were gathered through
an online survey that was distributed through university mailing lists, online learn-
ing communities, and popular Chinese platforms such as WeChat. Participation was
voluntary and anonymous. The survey was open for four weeks so that there was
time for students with various majors and universities to participate.

3.4 Ethical considerations

The study followed institutional and international ethics standards. Ethical
approval was obtained from the Institutional Research Ethics Committee of the
Beijing Normal University (Approval No. BNU-EDU-2024-117). Participants were
provided with an informed consent statement that included information on the
voluntary nature of participation, confidentiality of data, and the absence of personal
identifiers. They were told of their right to withdraw at any time without penalty.

3.5 Data analysis

Data were analyzed with the software SmartPLS 4. The PLS-SEM procedure
was based on a two-stage procedure. First, the measurement model was evalu-
ated using indicator reliability, internal consistency reliability (Cronbach’s alpha
and composite reliability), convergent validity (average variance extracted), and
discriminant validity (HTMT and Fornell-Larcker criteria). Following satisfactory
results when measuring the measurement model, the structural model was eval-
uated. Path coefficients, t-values, and p-values were produced by a bootstrapping
procedure with a subsample generation of the data (5000 subsamples). Mediation
analysis was performed to investigate the indirect influence of perceived ease of
use, perceived usefulness, instructor support, and access to mobile technology
on academic development through mobile learning engagement. While statisti-
cal mediation assesses the importance of indirect effects in a numerical way, the
study also used some theoretical justification. Drawing from Engagement Theory
and Constructivist Learning Theory, engagement is conceptualized as the behav-
ioral mechanism between perceptions and contextual supports and academic
outcomes. As such, mediation is understood as a statistical effect as well as a
theoretically based, explanatory process. Explanatory and predictive relevance
(variance accounted for (VAF), R2, Q2, and model fit indices (SRMR, d_ULS)) were
also examined.

4  RESULTS

Table 1 and Figure 2 show the reliability and validity measures for all the con-
structs employed within the study to ensure the soundness of the measurement
model. Factor loadings (original sample estimate) for all the indicators are above the
recommended 0.60, which ensures acceptable item reliability. All the items possess
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extremely significant t-values and p-values (p < 0.001), which reflect strong indicator
reliability. Cronbach’s Alpha coefficients for all variables are greater than 0.70,
from 0.745 to 0.903, indicating good internal construct consistency. Composite
reliabilities (CR) for all constructs are also significantly higher than 0.70, from 0.855
for perceived usefulness to 0.934 for perceived ease of use, supporting high construct
reliability. In addition, the AVE values for all constructs surpass the suggested 0.50
cutoff value for convergent validity, confirming convergent validity. Overall, these
findings suggest that scale items consistently and effectively measure their associ-
ated constructs and are amenable to structural equation modeling with SmartPLS.

Table 1. Variables’ reliability and validity

Variables Indicator ~ Original Sample = TValues  PValues Cronbach’s Alpha CR AVE

Academic Development AD1 0.783 21.110 0.000 0.867 0.909 | 0.715
AD2 0.842 29.442 0.000
AD3 0.906 56.711 0.000
AD4 0.848 32.668 0.000

Access to Mobile Technology AMT1 0.775 31474 0.000 0.888 0913 | 0.601
AMT2 0.736 13.663 0.000
AMT3 0.811 32.629 0.000
AMT4 0.821 27.599 0.000
AMT5 0.626 9.401 0.000
AMT6 0.825 34.173 0.000
AMT7 0.812 23.526 0.000

Instructor Support for ISML1 0.860 34.650 0.000 0.903 0.926 0.675
Mobile Learning ISML2 0.808 25.179 0.000
ISML3 0.857 38.971 0.000
ISML4 0.832 28.906 0.000
ISML5 0.828 25.976 0.000
ISML6 0.739 13.618 0.000

Mobile Learning Engagement MLE1 0.777 17.322 0.000 0.875 0909 | 0.667
MLE2 0.839 35.299 0.000
MLE3 0.845 32.580 0.000
MLE4 0.842 38.742 0.000
MLES 0.779 16.557 0.000

Perceived Ease of Use PEOU1 0.928 58.939 0.000 0.895 0934 | 0826
PEOU2 0.909 52.808 0.000
PEOU3 0.889 39.536 0.000

Perceived Usefulness PU1 0.809 23.711 0.000 0.745 0.855 0.662
PU2 0.861 53.162 0.000
PU3 0.769 18.190 0.000
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Fig. 2. Estimated model

Table 2 tests discriminant validity using the HMTM ratio and the Fornell-Larcker
test. All the values in the HMT matrix fall below the 0.90 marker, which means that
discriminant validity between the constructs is acceptable. Indicatively, the HMT
of the mobile learning engagement and development of academic status is 0.868
with a high level of relationship, though the construct uniqueness is maintained.
The Fornell-Larcker criterion restates discriminant validity by demonstrating that
the square root of AVE (diagonal values) of each of the constructs is better than the
correlations with other constructs. E.g., AVE has the square root of 0.909, which is
greater than its correlation with other variables, such as access to mobile technology
(0.534) and instructor support of mobile learning (0.540). This table provides con-
fidence that all latent variables are empirically distinct from one another; that is,
it confirms the design of the measurement model.

Table 2. Discriminant validity

Academic Development

Access to Mobile Technology 0.795

Instructor Support for Mobile Learning 0.737 0.824

Mobile Learning Engagement 0.868 0.834 0.865
Perceived Ease of Use 0.776 0.588 0.599 0.648
Perceived Usefulness 0.820 0.699 0.757 0.703 0.836

(Continued)
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Table 2. Discriminant validity (Continued)

HTMT

AMT ISML MLE

Fornell-Larcker criterion

Academic Development 0.846

Access to Mobile Technology 0.711 0.875

Instructor Support for Mobile Learning 0.650 0.838 0.842

Mobile Learning Engagement 0.759 0.839 0.771 0.847
Perceived Ease of Use 0.697 0.534 0.540 0.582 0.909
Perceived Usefulness 0.671 0.567 0.615 0.568 0.788 0.814

The explanatory power and effect size of the structural model are provided
in Table 3. The R-Sq of the academic development is 0.739, which implies that
about 74% of the academic development variance in students is attributed to the
independent variables. Similarly, mobile learning engagement has a high percent-
age of explained variance, with an R-Sq of 0.694. These denote that the model is
very predictive. The f-square results reveal that the engagement of mobile learn-
ing (0.130) and the availability of mobile technology (0.401) have medium effects
on academic development. Such variables as perceived ease of use and perceived
usefulness possess less significant effect sizes but still contribute to the model.
The model fit indices also confirm the suitability of the model. The SRMR of the sat-
urated model and the estimated model is 0.078, which is lower than the acceptable
value of 0.08, which indicates a good fit. The structure fit of the model is also
justified by the d ULS.

Table 3. R-square, f-square, and model fit statistics

F Square R Square
AD MLE R-Square  R-Square Adjusted
Students’ Academic Development 0.739 0.736
Access to Mobile Technology 0.028 0.401
Instructor Support for Mobile Learning 0.004 0.036
Mobile Learning Engagement 0.130 0.694 0.690
Perceived Ease of Use of Learning Apps 0.081 0.051
Perceived Usefulness of Learning Apps 0.030 0.002
MODEL FIT

Saturated Model Estimated Model
SRMR 0.078 0.078
d_ULS 2.461 2.461
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Fig. 3. Structural model for path analysis

Table 4 and Figure 3 indicate the results of path analysis, during which the direct
and indirect relationship between the research variables is explored. The perceived
ease of use has a significant direct correlation with academic development of 0.266
with a t-statistic of 3.751 and a p-value of 0.000. This implies that when the students
find mobile learning apps to be user-friendly, it goes a long way into their academic
growth. Similarly, there is a statistically significant and positive effect of perceived
usefulness on academic development with a path coefficient of 0.166, a t-value
of 2.743, and a p-value of 0.003. This implies that learners who consider mobile
learning applications useful will be in a position to realize improvements in their
academic results. The support of mobile learning by the instructor also shows a
very high positive result of a 0.109 path coefficient, a t-value 0of 4.596, and a p-value
of 0.000, which further reiterates the importance of the educator intervention in
facilitating the academic growth of students. In addition, the mobile technology
access has also shown a substantial influence on the academic development with
a path coefficient of 0.206, a t-value of 2.858, and a p-value of 0.002. This finding
indicates that the students who have a high level of access to mobile learning tools
can probably perform well academically. Some of the key indirect impacts through
mobile learning interaction are discovered in the analysis. The indirect relation-
ship between the perceived ease of use and the academic development through
mobile learning engagement is also significant with a path coefficient of 0.074, a
t-value of 2.775, and a p-value of 0.003. This demonstrates that ease of use directly
impacts academic performance and has an indirect impact on academic prog-
ress via engagement. Similarly, the indirect relationship of perceived usefulness
on academic development through engagement has a significant path coefficient
0f 0.062 with a t-value of 2.480 and a p-value of 0.007, which means that perceived
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usefulness influences engagement and the opposite is also true. Moreover, mobile
learning instructional support also has a strong indirect influence on academic
development with a path coefficient of 0.073, a t-value of 1.798, and a p-value
of 0.036. This highlights that instructional support triggers increased involvement
in mobile learning that subsequently brings changes to academic development. The
relevance of both the technological and pedagogical variables is justified by all the
proposed relationships, which support the mediating effect of the mobile learning
engagement on the academic performance of students.

Table 4. Path analysis

Hypotheses Original Sample Standard Deviation T Statistics P Values
PEOU — AD 0.266 0.071 3.751 0.000
PU—>AD 0.166 0.061 2.743 0.003
ISML —> AD 0.109 0.024 4.596 0.000
AMT —> AD 0.206 0.072 2.858 0.002
PEOU —> MLE —> AD 0.074 0.027 2.775 0.003
PU —> MLE —> AD 0.062 0.025 2.480 0.007
ISML —> MLE —> AD 0.073 0.041 1.798 0.036

5  DISCUSSION

With the advent of mobile knowledge learning technologies, the higher education
landscape was restructured and offered fresh avenues of academic engagement,
personalized learning, and knowledge construction. Because of the increasing sig-
nificance of digital literacy in Chinese higher education and the high rate of mobile
device penetration, it is necessary to better understand how students interact with
learning applications. The current study was intended to investigate the interconnec-
tion between the main constructs, such as the perceived ease of use, perceived use-
fulness, instructor support, access to mobile technology, and engagement in mobile
learning, to influence the academic development of students. According to the TAM,
Constructivist Learning Theory, and Engagement Theory, empirical evidence pre-
sented in this study can provide insights into the way in which the introduction of
the use of digital tools in colleges contributes to the achievement of learning out-
comes. The support for all hypothesized relationships highlights the dual role of
technical and human aspects in promoting efficacious mobile learning experiences,
underlining the central function of engagement as an intermediary mechanism.

The findings provide some actionable insights for international institutions
of higher education. In systems with strong learner autonomy (e.g., Scandinavia,
Canada), perceived usefulness may be the dominating driver of engagement. On
the other hand, in teacher-centered cultures (e.g., East Asia, Middle East), instructor
support may have a greater role in shaping learner behavior. Universities can thus
make the model their own by emphasizing the contextual factor that is most compat-
ible with their pedagogical norms and ensuring that engagement mechanisms stay
front and center of mobile learning strategy.

The outcomes of this study offer strong evidence for Hypothesis 1, verifying that
the ease of use perceived for learning apps has a substantial positive impact on
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students’ academic progress. This is very much in line with the TAM, which holds
that ease of use is a core driver of users’ acceptance of technology in educational
settings [49]. Suppose college students in China perceive learning applications as
being intuitive and easy to use. In that case, they are likely to incorporate them into
their daily academic tasks, which enhances their understanding, retention, and per-
formance. Simple user interface, convenient access to academic materials, and little
cognitive burden of using the functionality of applications will lead to increased uti-
lization, which in turn will improve academic participation and advancement [54].
The obtained result can also be connected to the current literature in Chinese edu-
cation settings, which emphasizes the role of student-centered environments in
boosting the use of technology and the achievement of better learning outcomes.
Moreover, based on the Constructivist Learning Theory, convenience improves
active learning as it helps students to focus on knowledge creation and does not
mess with technical problems.

Hypothesis 2 was also empirically validated, according to which the perceived
usefulness of learning apps is a strong predictor of the academic developments of
Chinese college students. TAM claims that the perceived usefulness directly influ-
ences user acceptance and the actual usage behavior [26]. When the students under-
stand that a learning app will help them finish tasks more efficiently, they will better
learn the course materials or even achieve higher academic results; therefore, there
is a better status that they will use the technology. This observation is especially
true in the case of the fast-growing education sector in China. The sufficiently high
level of intelligent functionality in the majority of learning apps, such as custom-
ized quizzes, automated feedback, and real-time performance monitoring, produces
the impression of academic progress, which results in the recurrence of use and
more frequent interaction [6]. This connection is also promoted by Engagement
Theory, as it observes that deep learning occurs when students are engaged in
goal-focused activities using technology. Thus, not only does the utility of apps
address an academic utilitarian need, but it also promotes higher-order cognition
and self-directed learning.

The facts that support Hypothesis 3 show that the academic development of
students positively depends on the support of mobile learning by their teachers.
This fact highlights the importance of teachers in shaping the attitudes of students
towards educational technology. Instructor support includes such activities as the
recommendation of specific apps, technical support, the integration of app-related
tasks into the classroom instruction, and the promotion of their frequent usage [1].
Such measures will make learners feel confident about using learning apps, which
will boost their academic activities and performance. This is against Constructivist
Learning Theory, which postulates that learning is a social process whereby teaching
by an experienced teacher supplements cognitive construction. Also, the facilitator
aspect of the instructor is complemented by the emphasis of Engagement Theory on
real-world and participatory learning activities [53]. Teacher dominance practices
in Chinese classrooms, where historically teacher dominance has been emphasized,
may be highly influenced by instructor support of mobile learning technologies, and
this will increase the effects of technology-enhanced learning.

The results are also favorable to Hypothesis 4, according to which the academic
development of students is strongly affected by the access to mobile technology.
Stable access to smartphones, tablets, and internet connectivity is one of the basic
facilitators of mobile learning in the Chinese learning environment, where mobile
phones are being used daily by young people [14]. Students who have consistent
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access to mobile phones will have a greater chance of using learning applications
to learn, consolidate knowledge, collaborate with others, and manage academic
assignments. This is in line with studies that have established the relevance of
digital access and access to infrastructure in the success of mobile learning [19].
The access allows the students to customize their learning conditions, and students
are now able to study at any time and location, thus extending the learning past the
classroom boundaries. Engagement Theory supports this finding by saying that the
technological situation must be attainable and consistent to ensure that learners can
successfully use the online materials and socialize with their classmates. In this way,
the institutional and governmental measures aimed at reducing the digital divide as
well as enhancing access to mobile learning facilities in China are fundamental in
ensuring that technology-enhanced education maximum benefits are realized.

The fact that Hypothesis 5 gets accepted means that learning apps can be
perceived as easy to use by students, and such a perception encourages them to
engage in the mobile learning process to an even greater degree, which in its turn
leads to improved academic development. Similarly, the adoption of Hypothesis 6
would suggest that the perceived usefulness of learning apps would lead to increased
learning engagement that further leads to better academics. Such mediated relation-
ships have strong foundations on TAM, in which perceived ease of use and per-
ceived usefulness are observed to be important antecedents of behavioral intention
to use technology, which leads to the eventual patterns and consequences of the
use [49]. The intervention of mobile learning interaction introduces a deeper set of
how these perceptions are being carried into academic performance. Constructivist
Learning Theory provides the description of the process by the following statement:
valuable learning happens when students are engaged with the material in a man-
ner of autonomous interaction. Reflective, self-paced, and individualized learning
can be achieved with the help of learning applications that are practical and easy to
navigate. The explanation is complemented by the Engagement Theory [52], which
states that authentic learning occurs when learners are engaged both mentally and
behaviorally in interactive processes. Therefore, mobile engagement is the interface
between the positive attitude towards technology and the actual academic perfor-
mance of the students, which gives a theoretical and empirical basis to the develop-
ment of the student-centered digital learning spaces.

The Hypothesis 7 that was accepted presupposes that teacher support appropriate
to mobile learning, including the use of apps in classes, educating students on app
usage, and encouraging them to learn more about educational technologies, yields a
better apprehension of students’ engagement. It, hence, results in high academic per-
formances. On the same note, Hypothesis 8 evidence also states that access to mobile
technology is not sufficient, but rather, it is the interaction with that technology that
facilitates access to translate into valid learning outcomes [55, 56]. These findings
support the fundamental principles of Constructivist Learning Theory that postulate
facilitation of scaffolding by the teacher and the active role that the learner plays
towards developing knowledge based on the interactions between the learner and
the environment. This is supported by Engagement Theory, which opines that the
access of the interactive and collaborative digital resources should be complemented
with valuable engagement to result in academic achievement [57, 58]. Mobile learn-
ing engagement as a psychological and behavioral process through mediating the
relationship between contextual support (instructor support and access) and aca-
demic growth represents a core psychological and behavioral process where the
enabling conditions are transformed into measurable academic outcomes [38].
These discoveries point to the necessity of providing Chinese academic institutions
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with not only access and teacher training but also the development of learning
strategies that can ensure long-term involvement of the students in using the mobile
learning means.

In general, the findings of the current research are a detailed description of the
effect of mobile learning applications on academic success through an intricate set
of perceptions, resources, and student habits. All the hypotheses under support show
that involvement of students is a significant middle factor between the acceptance
of technology and academic performance, and that the adoption of mobile tools is
not sufficient without active and meaningful use. The integration of TAM and con-
structivist and engagement models has remained one of the robust theoretical per-
spectives in which to understand the Chinese academic mobile learning dynamics.
The results are both theoretical and practical for the educationists, app developers,
and policymakers in the quest to enhance student achievement in digital innovation.
Lastly, the study justifies that when the students are assisted, feel they are getting
something of worth, and are inspired to get deeply involved with technology, their
schooling career might significantly increase.

6  CONCLUSION

Overall, the study offers information on the ideal significance of mobile learning
applications in the establishment of the learning outcomes among Chinese college
students. By reviewing the impact of perceived ease of use, perceived usefulness,
pedagogic support, and availability of mobile technology on learning and the medi-
ating role of mobile learning engagement, the work gives a comprehensive vision of
how digital resources can influence learning outcomes. The ease of all the hypoth-
eses confirms the superiority of user perception, environmental support, and dig-
ital accessibility in improving student performance through mobile platforms.
Following the TAM with the contribution of the Constructivist Learning Theory and
the Engagement Theory, the findings indicate not only the technological but also
the pedagogical and engagement-based elements of digital learning. The study con-
firms that the promotion of active involvement with the help of mobile devices can
bridge the divide between the use of technologies and significant academic success.
Overall, the study has both theoretical and practical implications, as it introduces
a sophisticated framework that can be used by educators, developers, and policy-
makers to develop more efficient mobile learning platforms that can support the
evolving demands of modern students in institutions of higher learning.

7  IMPLICATIONS
7.1 Practical implications

Although the findings are considered within the Chinese higher education frame-
work, they can be transferred to the learning abroad mobile learning programs.
The identified core mechanisms, the perception of technology by students, and the
support of the instructors with the context, the access to the mobile devices, and
the participation are regarded as typical factors of the digital learning frameworks
worldwide. Nonetheless, their impact may vary in relation to the cultural norms,
institutional roles, and levels of digital infrastructure maturity. Perceived useful-
ness should mediate engagement in situations where the degree of autonomy of the
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learner is high and where learning is decentralized, whereas in situations where
instructor power is important in the determination of learning behavior, pedagogical
support can play a bigger mediating role. The applicability of the research thus
is not limited to China, as long as its application considers contextual factors like
the digital equity, pedagogical culture, and the institutional support systems.
This cross-cultural awareness is contributing to the value of this study to the global
discourse on mobile learning ecosystems.

The findings of this study offer meaningful practical implications to educators,
institutional policymakers, and ed-tech developers wishing to enhance the aca-
demic growth of college students with the help of mobile learning. First of all, the
fact that the perceived ease of use and perceived usefulness were on the fore-
front of academic development suggests that Chinese institutions should invest in
a user-friendly and pedagogically significant mobile app that has been integrated
near the academic goals of the students. Teachers must be motivated to actively use
such applications in their teaching practice and provide continuous support, which
will help students gain confidence and motivation. Moreover, by enabling more stu-
dents to access mobile technology, either by institutionalizing it or by upgrading
their learning infrastructure, they can significantly increase their learning. Training
of the faculty and students on how to use educational apps productively could also
enhance the learning process. The developers of the apps should also incorporate
interactive, personalized, and engagement-based features in their strategy because
student engagement has become one of the determinants of their academic output.
Combining user-friendly design, content, and teaching aids, the stakeholders are
able to create a mobile learning environment that is not merely technologically on
the cutting edge but also effective in terms of academics.

7.2 Theoretical implications

Theoretically, this study makes an addition to the body of knowledge on technology
acceptance and academic development because it develops the TAM by additions of
constructs of Constructivist Learning Theory and Engagement Theory. By the depic-
tion of the mediating role of mobile learning engagement, the study supplements the
classical aspect of TAM in its focus on behavioral intention and system use by a peda-
gogically meaningful outcome: academic development. This extension offers a more
holistic approach to assessing technology in educational settings, especially in the
fast-changing world of mobile learning. In addition, by confirming the role of exter-
nal variables such as teacher support and facility access to mobile technology, the
study highlights contextual and environmental enablers that are frequently under-
emphasized in technology adoption frameworks. The convergence of constructivist
and engagement theories also emphasizes learners’ active construction of knowl-
edge and improvement of academic outcomes through interactive digital encoun-
ters. This study, therefore, provides the framework for future theoretical frameworks
that are technology-based but pedagogically enriched, particularly in Asian higher
education contexts. This study is an improvement of the classical TAM, as it entails
contextual and pedagogical aspects that enhance its theoretical context. Traditional
TAM applications mainly focus on the perceptions of ease of use and usefulness
of the users as the factors influencing behavioral intention and use of the system.
Nonetheless, the study adds more elements to the model by incorporating instructor
support and access to mobile technology as important contextual variables based on
the socio-pedagogical environment where learning technologies are implemented.
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Moreover, the incorporation of mobile learning engagement as a mediating variable
takes TAM to a new stage of being a predictive model of technology acceptance to an
explanatory model of academic growth. This theoretical extension recognizes that the
process of technology acceptance in education is not an entirely cognitive process but
rather is influenced by instructional context, accessibility, and long-term behavioral
engagement. Therefore, the study has a role to play in the development of debates
about the flexibility of TAM to education systems and its applicability in examining
digital learning practices in different learning institutions.

7.3 Limitations and future directions

The current study has several limitations. The use of convenience sampling limits
the generalizability of the results to larger populations of students. Although the
study results are robust and internally consistent, it has to be admitted that there
are several limitations. The convenience sampling and sample size of 234 under-
graduate students, despite being adequate to estimate PLS-SEM and adhering to the
ten times rule, limit the generalizability of the findings. The system of higher edu-
cation in China is very heterogeneous with respect to institutional levels, its charac-
teristics in the development of different regions, and digital infrastructure, and the
sample under consideration might be restricted to represent this variety in all its
aspects. The results can therefore be taken as a guide and not a reflection of all the
Chinese universities. All constructs were assessed based on the self-reported percep-
tions, which include mobile learning engagement, which may not necessarily reflect
actual behavioral patterns and actual test scores due to social desirability or recall
biases. The lack of objective behavioral data (such as app usage logs) is a limita-
tion with the engagement construct, as it compromises the precision of engagement.
The cross-sectional design rules out any causal inferences, while contextual variables
such as digital literacy, socioeconomic background, and discipline-specific learning
environments were not controlled. Future research should include mixed-method
methodologies, behavioral analytics, and sampling strategies that are more diverse
in order to increase explanatory depth and external validity. In future studies, more
extensive and multi-site big sampling techniques, such as stratified or probability
sampling techniques, must be used to provide better external validity and provide
stronger conclusions about populations. Longitudinal and mixed-method designs
might help supplement the validity of the proposed model in the context of various
institutional and regional environments.

Future research can further the research done in this work by looking at the
longitudinal designs in order to gain more knowledge into the causal relationships
and the long-term effects of mobile learning in academic development. The sample of
students representing different regions, institutions, and students of different levels
should contribute to the external validity of the results. The inclusion of moderating
or control variables such as gender, discipline in school, or technology experience
was also a possibility that researchers could use to unlock further insights. In addi-
tion to quantitative surveys, the qualitative data collection tools, i.e., interviews or
focus groups, may also be used to learn more about the mobile learning engagement.
Further studies on the effectiveness of the diverse mobile learning applications, such
as gamified applications, collaborative applications, and discipline-specific applica-
tions, can be conducted to establish the most effective application that can lead to
better learning outcomes in different learning environments.
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