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Background: Ideological and Political Education (IPE)based on the traditional teaching model typically offered
in universities, is not always effective in attracting contemporary students due to its lack of interactivity
and personalization. Objective: The proposed study will assess the effectiveness of an AIVRbased hybrid
personalized recommendation system for improving student engagement,satisfaction, and learning outcomes in
IPE. Methods: 250 university students were used in a quantitative research design.Albased models customized
learning material,whereas VR simulations gave contextrich interactions.Preand postassessments were used to
collect data, and Structural Equation Modeling(SEM)is employed in the study torigorously examine andvalidate
the complexrelationshipsamong Albased personalization,VR immersion,student engagement,satisfaction,and
learning outcomes within the proposed educational framework. SEM enables simultaneous testing of both
the measurement and structural models, ensuring that observed variables reliably represent their underlying
constructs and that directional relationships between them are assessed.Using goodnessoffit indices and path
coefficients,SEM assesses whether the conceptual model aligns with the empirical data and evaluates the
mediating role of student engagement in the relationship between Aland VRsupported teaching methods
and improved learning effectiveness.This comprehensive analytical approach strengthens the reliability of
the findings and supports the theoretical contributions of the hybrid AIVR learning model. Findings: The
combination of AI and VR made a big difference in terms of student engagement and learning.Albased
personalization and VR immersion increased motivation and knowledge retention,and student engagement
mediated the relationship between teaching methods and outcomes Conclusion:The paper has demonstrated that
AI and VR can transform IPE by providing more personalized, interactive,and immersive learning experiences
and by serving as a better alternative to traditional learning.

Keywords: Artificial Intelligence, Virtual Reality, Ideological and Political Education, Personalization, Student Engagement,

Learning Outcomes
© The Author(’s). This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC
BY 4.0), which permits unrestricted use, distribution, and reproduction in any medium, provided the original author and
source are cited.

http://dx.doi.org/10.6180/jase.202609_32.016

1. Introduction

University-level learning, IPE, is an aspect of learning that
shapes the civic awareness, national identity, and social
responsibility of the students [1]. As digital technologies
develop rapidly, higher education institutions tend to con-
sider new methods of enhancing the effectiveness of teach-
ing and student interaction [2]. AI and VR are emerging

as disruptive technologies that could provide personalized
learning environments [3], interactive learning, and immer-
sive learning [4]. Their incorporation provides fresh oppor-
tunities towards making IPE more dynamic, experience-
based, and studentcentered [5].Nevertheless, conventional
teaching approaches in this field are still, to a great de-
gree, lecture-based, theoryoriented, and monotonous in
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presentation [6], [7]. These methods usually do not meet
the needs, preferences, and motivational level of contem-
porary students, which is different in most cases [8]. Weak
interactivity, absence of contextual situations, weak per-
sonalization, and low experience are some of the factors
that lead to depleting interest and poor learning [9]. All
these factors support the increasing relevance of adaptive,
technology-based learning systems [10], which are able to
examine the behavior of learners and deliver customized
content to them, and expose them to real-life ideological
and political situations [11].Despite the several technologi-
cal interventions that have been presented, such as digital
learning platforms, mobile apps, multimedia resources,
and early AI-based recommendation tools [12], and they
have several limitations. The models that are in use tend
to offer low precision personalization, are based on fixed
rules, and do not offer realtime adaptive feedback [13]. In
the same spirit, VR-based applications are more likely to
operate standalone, providing standalone simulations with
no connection to custom learning programs [14], [15]. Con-
sequently, these uncoordinated methods curtail the success
of digital IPE, as they do not enable comprehensive, inter-
active education for learners. To address these issues, this
paper proposes a combined AI- and VR-based personalized
recommendation system for providing conceptual and po-
litical instruction at the college level. The suggested model
will integrate machine learning-driven learner profiling,
deep learning-driven content recommendation, and VR
immersion to produce personalised, engaging, and context-
rich learning journeys [16]. A validated questionnaire is
used to assess the impacts of personalization, immersive
experience, engagement, and satisfaction using 250 univer-
sity students [17] [18]. The research study is expected to
provide a unified, evidence-based, and immersive learning
model that removes existing shortcomings and increases
the learning experience and results among students [19].

Artificial intelligence has been widely applied in per-
sonalized recommendation systems, and virtual reality has
been used to create immersive educational environments.
However, most existing studies treat these technologies
as independent solutions. Al-based systems mainly fo-
cus on adaptive content delivery and learner profiling,
whereas VRbased platforms emphasize experiential sim-
ulations without integrating intelligent personalization
mechanisms. Consequently, the potential synergy between
personalized recommendation and immersive learning re-
mains insufficiently explored in ideological and political ed-
ucation. To address this research gap, the present study pro-
poses a hybrid AI-VR framework that integrates machine-
learningdriven learner profiling with immersive virtual

learning environments. By combining intelligent recom-
mendation mechanisms with experiential learning theory,
the proposed framework provides a unified approach that
enhances personalization, immersion, and student engage-
ment in university-level ideological and political education.

1.1. Research Objectives

• To create an AI-powered, tailored recommendation
system for political and ideological instruction in aca-
demic institutions.

• To integrate immersive VR learning environments
with adaptive AI personalization to improve engage-
ment and learning outcomes.

• To inspect the effect of Al personalization and VR im-
mersion on student engagement, fulfillment, motiva-
tion, and ideological learning results.

• To validate the conceptual model using quantitative
analysis from student survey data.

• To evaluate the overall effectiveness of the AI-VR hy-
brid system in enhancing the educational experience.

1.2. Research Questions

• How does Al-based personalization influence stu-
dents’ engagement in IPE?

• Does VR immersion significantly enhance students’
motivation and participation in learning activities?

• What is the relationship between AI personalization,
VR immersion, and overall learning outcomes?

• How effectively does the proposed AI-VR hybrid sys-
tem improve satisfaction with IPE?

• Can a personalized VR environment lead to higher
levels of learning impact compared to traditional ap-
proaches?

1.3. Hypotheses

• H1: AI-based personalized recommendations posi-
tively influence students’ learning engagement.

• H2: VR immersion significantly enhances student mo-
tivation and participation.

• H3: AI personalization improves student satisfaction
with the learning process.

• H4: VR immersion directly contributes to improved
ideological and political learning outcomes.
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• H5: The combined AI–VR system yields higher overall
educational effectiveness compared to conventional
instructional methods.

1.4. Organization of the Paper

The paper’s remaining portions are arranged as follows,

• Section 2: Literature Review - Summarizes prior stud-
ies on AI personalization, VR learning, and ideological-
political education, and identifies the research gap.

• Section 3: Methodology - Describes the research de-
sign, sample, data collection process, instruments, data
analysis methods, and ethical considerations.

• Section 4: Results - Provides descriptive statistics, re-
liability and validity outcomes, factor analysis, corre-
lation results, regression findings, and SEM modeling
outputs.

• Section 5: Discussion - Interprets the findings, con-
nects them to the hypotheses, compares with existing
literature, and explains implications.

• Section 6: Conclusion - Summarizes key contributions,
highlights limits, and proposes directions for future
research.

2. Literature review

Recent developments in educational technology have sig-
nificantly influenced the delivery of IPE, particularly in
higher education contexts. As more universities adopt dig-
ital learning ecosystems, researchers have examined how
contemporary pedagogical models can be effectively im-
plemented to incorporate technology to enhance student
engagement and learning. Yue et al. [20] points out, the
incorporation of IPE into digital English learning, espe-
cially using the TPACK model, has enhanced contextu-
alised learning and awareness of students about the wider
ideological motifs. This integration, however, is largely
content-oriented rather than personalized, meaning there
is little adaptation to individual learners’ needs. Equally,
Ren et al. [21] have shown that incorporating ideological
and political issues into practical fields such as nursing can
strengthen values-based education, although these meth-
ods are highly interdependent with conventional education
and neglect technological enhancements that promote indi-
vidualized learning.VR has become a potent tool in higher
education, owing to its immersive, interactive capabilities.
Liu, Ye, and Ye [22] developed a VR-based digital platform
using BiGRU to facilitate cultural and charitable education,
demonstrating that immersive learning environments can

significantly enhance the experience. Xing et al. [23] devel-
oped VR-based learning system of pandemic-prevention
learning and established that immersive simulations are
more effective in understanding and memorizing informa-
tion than text-based learning materials. In the same way,
Shin and Kim [24], investigated VR usage in teacher devel-
opment programs and pointed out that VR-based pedagogi-
cal training improves the teaching skills and knowledge ap-
plication. These findings demonstrate that VR can revolu-
tionize the learning process by enhancing immersion, inter-
action, and motivation among learners. Other researchers
have demonstrated that VR has significant potential for en-
gagement and learning in cultural and educational contexts.
According to the study by Christopoulos et al. [25], the im-
mersive VR experience has a significant positive impact on
the cultural knowledge of adolescents and positively influ-
enced their perception of learning. Hussein and Suhaib [26]
investigate heat exchanger optimization using semicircu-
lar bumpers and artificial neural networks, demonstrating
that positioning at 130 − 190 cm maximizes thermal effi-
ciency with strong agreement between experimental and
numerical results. Inspired by this, the proposed method
adopts AI-driven modeling to enhance system performance
through data-informed optimization. Sanjalawe et al. [27]
Prior research shows that cloud-based hybrid artificial in-
telligence systems improve predictive accuracy through op-
timized feature selection and neuro-fuzzy inference. Draw-
ing on this approach, the proposed framework employs
adaptive optimization and scalable intelligence principles
to enhance personalized decision-making within immer-
sive learning environments.Shadiev, Wang, and Shen [28]
noted that interactive VR strategies help advance intercul-
tural competence, implying that immersive technologies
stimulate involvement at both emotional and cognitive
levels. Among others, Hui and Geng [29] demonstrated
that VR can reinforce the learning experience in terms of
participation, motivation, and the relevance of ideologi-
cal content. Such results highlight the potential of VR to
generate motivation and to support emotionally charged,
cognitively rich learning about values-based learning. In
addition to immersion, student engagement is a fundamen-
tal factor in successful digital learning. Zhao and Wang
[30] investigated the causes of boredom during online stud-
ies and found that emotional detachment was one of the
primary obstacles to successful learning. Their contribu-
tions focus on the necessity of systems that are respon-
sive to learners’ behavior in a dynamic manner to keep
learners engaged. The same was echoed by Qing [31] who
indicated that content delivery and the use of technologi-
cal methods of delivering the content and the structure of
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pedagogy should be innovative to address the demands
of modern learners. Despite these developments, several
gaps remain in the existing literature. Most studies exam-
ine VR immersion or the integration of IPE into courses
that lack personalization mechanisms. Few studies inte-
grate AI-based personalization and VR-based learning to
dynamically adapt content to each learner’s behavior, pref-
erences, and performance. Additionally, existing VR-based
IPE systems lack recommendation systems that can cus-
tomize instructional pathways, interactive activities, and
other materials to an individual learner’s needs. This neces-
sitates the development of a hybrid system that integrates
intelligent customization with an immersive VR experience
to enhance learning, motivation, and engagement.

Personalized learning and immersive learning environ-
ments have become important research themes in contem-
porary educational technology. Personalization theory em-
phasizes the adaptation of instructional content and learn-
ing pathways according to individual learner characteris-
tics, preferences, and behavioral patterns, thereby enhanc-
ing engagement and learning effectiveness. At the same
time, immersive learning theory highlights the role of ex-
periential and interactive environments, such as virtual
reality, in promoting cognitive involvement, motivation,
and knowledge retention. Integrating these theoretical
perspectives provides a foundation for developing intel-
ligent and adaptive learning systems. In this context, the
present study proposes a conceptual model that integrates
AI-driven personalization with VR-based immersive learn-
ing to enhance engagement, satisfaction, and learning out-
comes in ideological and political education.

2.1. Problem Statement

Although there has been major technological progress in
the field of higher education, there is still a lot of unifor-
mity, traditionalism, and a lack of interest in IPE delivery
in universities [32], which is not appealing to digitally-
based learners. Current teaching methods deliver the same
content to all students, but they do not take into account dif-
ferences in learning styles, learning needs, and motivation
[33]. Despite the recent research showing the usefulness of
VR in the process of increasing immersion and engagement
with a learner, such systems generally do not have any
adaptive processes that make the process of learning more
personal [34]. Meanwhile, Al-oriented educational tech-
nologies show great potential for individualized learning,
although they are not widely used in IPE and are rarely
integrated with immersive environments. This leads to low
engagement, low self-directed learning, and poor ideologi-
cal and political knowledge acquisition amongst students

[35]. It is urgently required that a system be smarter to
integrate AI-based personalization with VR-enhanced in-
teractive learning to provide personalised, meaningful, and
effective IPE experiences. The goal of this work is to ad-
dress this gap by creating and testing an AI-VR hybrid
personalized recommendation system to enhance engage-
ment and learning in IPE in universities.

Ideological and political education plays a critical role
in shaping students’ civic awareness, ethical responsibility,
and social values in higher education institutions. How-
ever, traditional instructional approaches in IPE often rely
on lecture-based and uniform teaching methods that fail to
address the diverse learning preferences and engagement
levels of modern students. As digital-native learners in-
creasingly expect interactive and personalized learning ex-
periences, the limitations of conventional teaching methods
become more evident. Therefore, developing intelligent
learning systems capable of delivering adaptive, person-
alized, and immersive learning experiences has become
an important research direction in contemporary higher
education.

3. Methodology

The research problem is addressed in the proposed method-
ology, which offers an integrated AI-VR approach to pro-
vide university students with a personalized IPE expe-
rience. The system combines an AI-based recommenda-
tion engine with an immersive VR learning environment
to adapt instructional content to each learner’s behavior,
preferences, and performance. First, VR modules and
pre-assessment questionnaires are used to collect student
data on interaction patterns, engagement levels, quiz re-
sponses, and navigation behaviors. This information is fed
into machine-learningbased personalization models, which
learners use to assess learning needs and generate person-
alized recommendations, such as custom learning plans,
VR experiences, and tailored feedback messages. The VR
component offers interactive simulation, in situ learning
of situational tasks, and valuebased decision-making con-
ditions aligned with IPE goals. Instead, the AI module
helps to continuously update learner profiles and refine
recommendations, while enabling active adaptation to the
learning process. The quantitative data from 250 respon-
dents are subsequently analyzed using descriptive statis-
tics, reliability tests, regression analysis, and SEM to assess
the extent to which the system enhances engagement, satis-
faction, and learning outcomes. The hybrid approach will
provide a rigorous and data-driven, and learner-centered
procedure of modernizing IPE. The workflow diagram of
the proposed analysis is shown in Fig. 1. This study adopts
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a quantitative research design to evaluate the effectiveness
of the proposed AI-VR hybrid personalized recommen-
dation system. Data were collected from 250 university
students using a structured and validated questionnaire to
examine the relationships between AI personalization, VR
immersion, student engagement, satisfaction, and learn-
ing outcomes. The questionnaire consists of multiple items
measured using a five-point Likert scale to capture students’
perceptions of personalization, immersive experience, en-
gagement, and learning effectiveness. Prior to analysis, the
collected data were preprocessed to address missing values
and to ensure reliability and validity of the measurement
constructs. Reliability analysis, correlation analysis, regres-
sion analysis, and Structural Equation Modeling (SEM)
were subsequently applied to test the proposed hypotheses
and to evaluate the relationships among the variables in
the conceptual framework.

Fig. 1. Conceptual Framework of AI-VR Hybrid
Personalized Learning System for IPE

The conceptual framework illustrates directional rela-
tionships between AI-based personalization, VR immer-
sion, and student engagement, where personalization and
immersive interaction influence engagement levels, which
subsequently contribute to satisfaction and learning out-
comes. The arrows in the framework represent the flow
of influence among these constructs, demonstrating how
adaptive recommendation mechanisms and immersive
learning environments jointly shape the effectiveness of
ideological and political education. The process begins

with problem identification, which focuses on integrating
AI and VR into ideological and political education (IPE).
Next, the research design adopts a quantitative analysis
approach, followed by population and sampling, where
data are collected from 250 students using a structured
questionnaire ( 30 items). The collected data then undergo
data preprocessing, including handling missing values, out-
lier detection, and reliability and normality testing. After
preprocessing, data analysis techniques, including descrip-
tive analysis, regression analysis, and Structural Equation
Modeling (SEM), are applied. Based on these analytical
results, system development is carried out through an AI-
and VR-based recommendation system, ultimately yield-
ing personalized and immersive IPE learning experiences.

3.1. Study Purpose, Hypotheses, and Conceptual Model

The objective of the study is to examine how AI- and VR-
based personalization, as an immersive learning process,
can improve engagement, satisfaction, motivation, and
learning in IPE at the academy level. The conventional
modes of teaching in this field do not necessarily take into
consideration the differences of individuals and they are
not capable of offering interactive or contextualized learn-
ing experiences. As such, the research will aim to develop
and evaluate a customized recommendation system that
integrates machine learning models and VR-based ideo-
logical learning environments to facilitate individualized
learning paths, adaptive real-time feedback, and visual in-
teraction. The study analyzes the effects of personalization
and VR immersion on engagement, satisfaction, and ide-
ological learning through a structured questionnaire and
quantitative analysis of 250 student responses to the study
topic.To achieve this goal, several hypotheses are formu-
lated to test the associations among the central constructs
of the proposed model. These theories are grounded in
established theories of technology acceptance, personaliza-
tion, and immersive learning. The research assumption
is that AI-based personalized learning recommendations
have a positive effect on student engagement, perceived
learning effectiveness, and satisfaction. Similarly, VR im-
mersion is likely to facilitate attention and, consequently,
to increase motivation and learning. It is also assumed
that the involvement of students is considered as medi-
ating in between personalization and immersion and the
overall satisfaction of IPE. Taken together, these hypothe-
ses aim to confirm the effectiveness of AI personalization
and VR immersion in enhancing the learning process.The
theoretical framework developed to guide the case study
demonstrates the relationships among the key variables: AI
Personalization, VR Immersion, Student Engagement, User
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Satisfaction, and Learning Outcomes. The key indepen-
dent variables, in this model, are AI Personalization and
VR Immersion, which will have an effect on engagement
and learning outcomes. Student Engagement is an inter-
vening variable that mediates the relationships between
personalization and immersion and their effects on satis-
faction and perceived learning effectiveness. The outcome
construct is User Satisfaction, which indicates the extent to
which students accept and perceive value in the integrated
system. The theoretical basis for testing the hypothesis
is this conceptual model. Following this, the paper will
analyze the following hypotheses:

• H1: Student engagement is greatly improved by AI
based personalization.

• H2: VR immersion has a strong effect on student en-
gagement.

• H3: Student engagement has a positive impact on
learning results.

• H4: Al personalization and VR immersion have an
additive effect on user satisfaction with ideological
and political learning.

• H5: The ideological and political learning effectiveness
depends on higher user satisfaction.
This integrated framework links the purpose of the
study, hypotheses and conceptual basis of the research,
so that an analytic structure is available to evaluate
the proposed AI-VR personalized learning system.

3.2. Research Design

The proposed research employs a quantitative research de-
sign, focusing on the systematic investigation of how the
integration of AI-based personalization and VR-based im-
mersive learning influences IPE. Objectivity, reproducibil-
ity, and precision of measuring the relationships between
personalization, immersion, engagement, satisfaction, and
learning outcomes are ensured by a fully quantitative ap-
proach. This design makes the proposed study be in a
position to test the proposed hypotheses with numerical
data collected through survey that is structured, pre-tested
constructs and statistically quantifiable indicators. The
primary data collection tool will be a structured question-
naire comprising demographic questions and 30 Likert-
scale items. The data collection process was conducted
over a threemonth period between January 2024 and March
2024. This time frame ensured adequate participation from
the selected student population and allowed sufficient time
for collecting complete and reliable responses for the study.

The questionnaire will assess students’ perceptions of AI
personalization, VR immersion, engagement, satisfaction,
and perceived learning effectiveness. There are 250 student
participants in the survey, making the model test statisti-
cally powerful. The data are coded and transformed into
numerical variables using various procedures, including
missing-value imputation, normalization, and reliability
analysis. It is a formatted dataset that supports hypothesis
testing and model validation.The analysis of quantitative
data is conducted with the help of the SPSS statistical soft-
ware that is used to find the descriptive statistics, evalu-
ations of the reliability, the validation of the constructs,
and the inferential analyses. The data collected in the
study were analyzed using IBM SPSS Statistics (Version 26),
which was used to summarize the data (descriptive statis-
tics), check the consistency of measurement items (reliabil-
ity analysis), examine relationships between variables (cor-
relation analysis), and test predictive effects among vari-
ables (regression analysis). In addition, Structural Equation
Modeling (SEM) was conducted using AMOS to simultane-
ously evaluate the measurement model and the structural
relationships among AI-based personalization, VR immer-
sion, engagement, satisfaction, and learning outcomes. The
use of standard goodness-of-fit indices ensured that the
proposed model adequately represented the observed data
and supported the validity of the research framework. Cor-
relation analysis, multiple regression, ANOVA, and path
analysis are statistical techniques used to establish causal
relationships among the variables identified in the con-
ceptual model. The following analyses provide empirical
evidence on the impact of AI-based personalization and
VR immersion on student involvement, satisfaction, and
knowledge outcomes in IPE.The study also employs so-
phisticated methods, such as SEM, to estimate the overall
structural integrity of the proposed model. Fit indices, in-
cluding CFI, GFI, RMSEA, and kh2/df, are used to support
the conceptual framework. Using SEM, both direct and
indirect effects among variables are considered in their en-
tirety, providing a deeper understanding of the mutual im-
pact of personalization and VR immersion on educational
outcomes. This research design enhances the reliability and
external validity of the results, as there is no need to em-
ploy qualitative methods, since quantitative measurements,
statistical rigour, and validated modelling methods are re-
lied upon to support the outcomes and demonstrate the
usefulness of the proposed AI-VR personalised learning
system.
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3.3. Data Collection Method

The data used in this learning were obtained on the basis of
a structured quantitative survey that was aimed to assess
the perceptions of students regarding AI-based personaliza-
tion, VR immersion, engagement, satisfaction, and learning
outcomes in IPE. The sample comprised 250 university stu-
dents and was selected using simple random sampling to
ensure broad coverage across academic years and fields.
The primary data collection method was a 30 -item Likert-
scale questionnaire, complemented by a brief demographic
section. This rating was conducted using five rating scales
ranging from 1 (Strongly Disagree) to 5 (Strongly Agree),
enabling standardized quantitative analysis. Expert review
and a small pilot test helped in the validation of the ques-
tionnaire thereby making it clear and reliable before it was
fully implemented.The electronic collection of the data was
used in order to remove the personal errors. Along with
the responses of the surveys, the simplest system generated
measurements like the duration of VR interaction and num-
ber of tasks performed were automatically documented to
facilitate the engagement analysis. All the answers were
anonymized and kept safely and were ready to be analyzed
in SPSS. The AI-based personalized recommendation sys-
tem updates learning recommendations based on explicit
learner interaction criteria, including engagement duration,
content completion rates, assessment performance, and
learner feedback. Personalization depth is achieved by dy-
namically adjusting content difficulty, instructional format,
and learning pathways according to individual learner pro-
files and observed learning behavior. Recommendation
adaptation is performed at the end of each learning session
to ensure timely updates while maintaining system stabil-
ity. Clearly defining these criteria enhances transparency
in the recommendation process and supports methodolog-
ical reproducibility. The Al -driven personalization mod-
ule follows a supervised machine learning paradigm to
generate individualized learning recommendations based
on observed learner behavior. Input features include en-
gagement duration, content completion rates, assessment
performance, navigation frequency, and learner feedback
collected during VR-based learning sessions. These fea-
tures are processed to construct learner profiles, which
serve as inputs to the personalization model. The model
architecture is designed to predict optimal learning con-
tent and pathways aligned with individual learner needs,
with optimization objectives focused on maximizing en-
gagement, satisfaction, and learning effectiveness. Model
training and updates are performed iteratively using accu-
mulated interaction data, ensuring consistency in recom-
mendation generation and supporting technical validation

of the personalization process. The Virtual Reality (VR)
learning system was designed to provide an immersive
and interactive instructional environment for ideological
and political education. The hardware setup consisted of
head-mounted displays with motion-tracking capabilities,
enabling real-time head and gesture interaction within the
virtual environment. Interaction mechanics included ob-
ject manipulation, navigation through virtual scenes, and
task-based engagement designed to simulate real-world
ideological learning contexts. The level of immersion was
achieved through stereoscopic visualization, spatial au-
dio, and responsive visual feedback, enhancing learners’
sense of presence and engagement. The VR environment
was developed using a real-time rendering framework that
supports dynamic scene updates and interactive content
delivery, ensuring smooth performance and consistent user
experience. This system design enables meaningful learner
interaction beyond novelty and supports the methodologi-
cal contribution of immersive learning within the proposed
AI-VR instructional framework. The hybrid AI-VR instruc-
tional framework operates through a structured data flow
between the VR learning environment and the AI modules.
Learner interaction data generated during VR sessions, in-
cluding engagement behavior and task performance, are
collected and transferred to the AI system at the comple-
tion of each session. The AI modules process these data to
update learner profiles and generate personalized instruc-
tional recommendations, which are synchronized with the
VR environment prior to the next learning session. Feed-
back is integrated through adaptive content presentation,
adjusted learning pathways, and interactive visual guid-
ance within the VR system. This defined synchronization
timing and feedback integration mechanism ensures sta-
ble coordination between Al and VR components and en-
hances the transparency and reproducibility of the hybrid
instructional framework.

Temporal learner profiling was employed to ensure
that AIbased personalization dynamically adapted across
successive VR learning interactions rather than remain-
ing static. Learner profiles were continuously updated
after each VR session by incorporating newly observed
behavioral data, including engagement patterns, task per-
formance, and interaction frequency. This iterative update
process allowed the AI system to capture learning progres-
sion over time and adjust personalized recommendations
accordingly. By integrating historical and recent interac-
tion data, the personalization mechanism responded to
evolving learner needs, enabling adaptive learning path-
ways and sustained engagement throughout repeated VR
experiences. Machine learning-driven learner profiling was
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performed using behavioral features derived from collected
interaction data, including session duration, content com-
pletion frequency, assessment performance, navigation pat-
terns, and feedback responses. Prior to profile construction,
the data underwent preprocessing steps such as missing
value handling, normalization, and outlier filtering to im-
prove data consistency and reduce noise. Learner profiles
were updated after each learning session to reflect recent
behavioral changes while preserving historical learning
patterns. This structured profiling mechanism enhances
model reliability and robustness by ensuring stable yet
adaptive learner representations. Objective learning per-
formance indicators were incorporated to strengthen the
evaluation of learning outcomes and support empirical
rigor beyond perception-based measures. Pre- and post-
intervention knowledge assessments were administered
to quantify changes in students’ ideological and political
knowledge following interaction with the AI-VR personal-
ized learning system. The comparison of pre-test and post-
test scores enabled the identification of measurable learn-
ing gains attributable to AI-driven personalization and
immersive VR instruction. In addition, system-generated
behavioural indicators, including task completion accu-
racy, response correctness, and successful completion of
VR-based learning activities, were automatically recorded
during learning sessions. These objective measures provide
concrete evidence of learning performance, complement
subjective survey data, and enhance the validity and ro-
bustness of conclusions regarding learning effectiveness.

3.4. Sampling Technique

A straightforward random sample method was used to
select the study’s participants. This approach provides all
students in the target population an equal opportunity to
be included; consequently, selection bias is minimized and
the sample becomes more representative. Undergraduates
studying IPE across various departments comprised the
sample. A sample of 250 students was selected from this
population to have sufficient statistical power in hypothe-
sis testing and structural model analysis. Random selection
ensured an equal distribution of participants across gender,
academic year, and academic discipline. The selected sam-
ple size is sufficient relative to the recommended thresholds
for quantitative research based on multivariate analysis and
SEM, thereby ensuring valid and generalizable findings.

3.5. Data Pre-processing

The data were subjected to a structured data preprocessing
process to maintain consistency and accuracy and to make
them suitable for the main statistical analyses. To begin

with, the dataset was analyzed for missing responses, and
any missing values were imputed using mean imputation,
whereby missing data were replaced with the variable’s
mean. The approach does not cause a loss of the general dis-
tribution of the information and does not needless decrease
the sample size.Then, the sample was filtered for outliers
with z-score analysis, which identified samples over ±3
standard deviations as possible anomalies. Outliers were
also identified and addressed to avoid distortion of sta-
tistical outputs, particularly in regression and structural
modelling. Cronbach used alpha to estimate the internal
reliability of the constructs in the questionnaire, such that
any set of items measures its intended variable reliably.
Constructs with an alpha of 0.70 and above were accept-
able and could be analysed further.Lastly, analysis of the
variables was measured using the Shapiro-Wilk normality
test, which ascertains the validity of the data to the condi-
tions needed to apply the parametric statistical methods.
The variables that displayed nonsignificant Shapiro-Wilk
tests were assumed to be normally distributed, and those
failing to satisfy the assumptions were observed to allow
adequate interpretation in further investigations. These
systematic pre-processing steps helped in validating the
dataset and were also ready to be statistically modeled and
the hypothesis tested. While mean imputation was applied
due to the low proportion of missing data, more robust
preprocessing techniques such as multiple imputation and
expectation-maximisation are acknowledged as suitable
alternatives, particularly for Structural Equation Modeling.
These methods estimate missing values based on variable
relationships and underlying data distributions, reducing
potential bias and improving parameter estimation accu-
racy. The limited level of missingness in the present dataset
justified the use of mean imputation; however, future stud-
ies with higher missing data complexity may benefit from
adopting these advanced techniques to further strengthen
SEM-based analyses. The results of the Shapiro-Wilk nor-
mality test informed the selection of appropriate parametric
statistical techniques in subsequent analyses. Variables that
satisfied the normality assumption supported the use of
parametric methods such as Pearson correlation, multiple
regression, and Structural Equation Modeling. Minor devi-
ations from normality were evaluated in relation to sample
size and distributional shape, recognizing that parametric
techniques remain robust under large-sample conditions.
This interpretation ensures that the statistical procedures
employed are methodologically justified and that the influ-
ence of deviations from normality on the interpretation of
results is transparently acknowledged.
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3.6. Ethical Considerations

In this study, all ethical guidelines were followed to protect
participants’ privacy and well-being. The study’s goal, the
voluntary nature of participation, and the ability to with-
draw at any time without repercussions were explained
to participants prior to data collection. All participants
were informed and no personal information was recorded
to ensure continuity of confidentiality and anonymity.All
survey results and system-generated data, including those
in the VR interaction logs, were stored securely and ac-
cessed exclusively for academic research. Only the research
team was allowed to access the dataset, and no data was
spread with the outside parties. The research did not in-
volve gathering of sensitive political ideology or individual
ideological perceptions, instead it was limited to learning
related perceptions and behaviors. In addition to general
ethical safeguards, particular attention was given to the
potential cognitive and psychological risks associated with
immersive ideological exposure in Virtual Reality-based
learning environments. As VR immersion can intensify
emotional engagement and persuasive influence, the study
design ensured that learning content remained educational,
balanced, and non-coercive, avoiding manipulative nar-
ratives or persuasive reinforcement techniques. The VR
scenarios were designed to encourage critical reflection
rather than passive ideological acceptance, thereby allow-
ing learners to interpret the content independently. Fur-
thermore, AI-driven personalization mechanisms were re-
stricted to pedagogical adaptation and did not amplify ide-
ological viewpoints beyond the standardized curriculum
framework. Continuous monitoring protocols were ap-
plied to prevent cognitive overload, emotional distress, or
unintended persuasive effects arising from prolonged im-
mersion. These ethical precautions ensure that VR-driven
ideological education supports informed learning while
safeguarding learner autonomy, psychological well-being,
and academic neutrality. Ethical consent was obtained
in accordance with institutional research guidelines; thus,
the study was conducted in accordance with the highest
standards of responsible and respectful research involving
human subjects.

3.7. Data Analysis Techniques

To test the hypotheses ( H1 − H5) and assess the relation-
ships among AI personalization, VR immersion, student
engagement, satisfaction, and learning outcomes, the pro-
posed research employed a comprehensive set of quanti-
tative data analysis methods to test the conceptual model.
Analytical methods combine descriptive statistics, relia-
bility and validity evaluations, and inferential statistical

modelling, thereby ensuring rigorous evaluation and em-
pirical soundness.

3.7.1. Descriptive Statistics

This section provides a basic overview of the dataset and
to describe the quantitative and qualitative distributions
of the demographics, as well as the responses of the 250
student respondents. The measures comprised the number
of times, distribution as a percentage, and mean scores (x̄)
and standard deviations (SD).

• (i) Mean
To determine the central tendency of responses, the
mean was calculated in Eq. (1):

x̄ =
1
n

n

∑
i=1

xi (1)

• (ii) Standard Deviation
The difference in responses was determined with are
shown is Eq. (2):

SD =

√
∑n

i=1 (xi − x̄)2

n − 1
(2)

These statistics enabled the identification of overall ten-
dencies in students’ perceptions of personalization, im-
mersion, and engagement, and their comparison across
demographic characteristics.

3.7.2. Reliability and Validity Testing

A reliable and valid measurement instrument was also
important for making the dataset amenable to inferential
analysis. Three key psychometric processes were used.

• (i) Cronbach’s Alpha (Internal Consistency Reliability
The constructs (AI Personalization, VR Immersion,
Engagement, Satisfaction, Learning Outcomes) also
had to be tested at the same time, and Cronbach’s
Alpha was used in Eq. (3):

α =
k

k − 1

(
1 − ∑k

i=1 σ2
i

σ2
T

)
(3)

Criteria:

• α ≥ 0.70 is acceptable

• α ≥ 0.80 is good

• α ≥ 0.90 is excellent
A high Cronbach’s Alpha indicates that the items
within each construct are highly similar to those in
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the underlying construct. In addition to overall Cron-
bach’s Alpha values, item-deletion analysis was ex-
amined to assess the contribution of individual ques-
tionnaire items to construct reliability. The removal of
any single item did not result in a substantial increase
in Alpha values, indicating that all items contributed
meaningfully to their respective constructs. Interitem
variance and correlations were also reviewed to con-
firm consistency among items measuring the same
construct. These results demonstrate measurement
stability and indicate that the scales are well-specified,
while also providing guidance for potential scale re-
finement in future studies.

To ensure construct validity and analytical trans-
parency, each Likert-scale questionnaire item was ex-
plicitly aligned with its corresponding theoretical con-
struct in the proposed conceptual framework. Items re-
lated to AI-based personalization measured perceived
recommendation relevance, adaptability, and learn-
ing path customization. VR immersion items assessed
experiential realism, interactivity, and sense of pres-
ence. Student engagement items captured attention,
participation, and involvement during learning activi-
ties, while satisfaction items reflected perceived use-
fulness and overall learning experience quality. Learn-
ing outcome items evaluated perceived knowledge
acquisition and learning effectiveness. This structured
mapping between measurement items and theoretical
constructs strengthens construct validity and supports
accurate interpretation of the analytical results.

• (ii) KMO and Bartlett’s Test In order to ensure that
the dataset was fit to structural modeling and factor
extraction, the subsequent tests were used:

• (iii) Kaiser-Meyer-Olkin (KMO)

KMO =
∑ ∑ r2

ij

∑ ∑ r2
ij + ∑ ∑ q2

ij
(4)

In Eq. (4) rij is correlations, and qij is a partial correla-
tion.
Interpretation:

• 20.80 = meritorious

• ≥ 0.70 =good

• ≥ 0.60 = acceptable

The Kaiser-Meyer-Olkin (KMO) measure confirms the
suitability of the dataset for factor analysis by indicating

that the correlations among variables are sufficient for di-
mensional reduction. High KMO values suggest that the
observed variables share common underlying factors, al-
lowing related questionnaire items to be grouped into co-
herent constructs. This supports the reduction of measure-
ment dimensionality by retaining meaningful factors while
eliminating redundancy among items. Consequently, the
KMO results validate the construct grouping used in the
proposed conceptual framework and justify the application
of factor analysis to represent latent variables accurately
within the analytical model.

• (iv) Bartlett’s Test of Sphericity

χ2 = −
(

n − 1 − 2p + 5
6

)
ln |R| (5)

In Eq. (5) the large p-value (< 0.05) indicates that cor-
relations between items are sufficient to conduct factor
analysis.

Bartlett’s Test of Sphericity further supports the appli-
cation of factor analysis by confirming that the correlation
matrix is not an identity matrix and that meaningful re-
lationships exist among the measured variables. The sta-
tistically significant test result indicates that the observed
variables are sufficiently interrelated to justify factor ex-
traction and construct grouping. This outcome aligns with
the assumptions underlying the measurement model and
strengthens the logical coherence between statistical evi-
dence and construct validation. Consequently, Bartlett’s
Test results reinforce the suitability of the dataset for la-
tent structure identification and support the validity of the
proposed conceptual framework.

3.7.3. Inferential Statistical Techniques

The study’s hypotheses were evaluated through inferential
analyses, and the relationships among AI personalization,
VR immersion, engagement, satisfaction, and learning out-
comes were tested.

• (i) Correlation Analysis

The correlation coefficient applied by Pearson was dis-
tributed to identify linear relationships between variables
are shown in Eq. (6):

r = ∑ (xi − x̄) (yi − ȳ)√
∑ (xi − x̄)2 ∑ (yi − ȳ)2

(6)

The magnitude of Pearson correlation coefficients was
interpreted to assess effect sizes and the practical signifi-
cance of relationships among the study variables. Moderate
to strong correlation values indicate meaningful associa-
tions between AI personalization, VR immersion, student
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engagement, satisfaction, and learning outcomes. In ad-
dition, correlation coefficients were examined to identify
potential multicollinearity issues among independent vari-
ables. The absence of excessively high correlation values
suggests that multicollinearity is unlikely to bias subse-
quent regression and structural equation modeling analy-
ses. This interpretation enhances the analytical depth of
the relational findings and supports the robustness of the
inferential results. The present analysis was preliminary
evidence on the strength and direction of inter-variable
relationships.

• (ii) Multiple Linear Regression

Several regression models were used to test H1-H5 and
identify predictive power of Al personalization and VR
immersion are shown in Eq. (7):

Y = β0 + β1X1 + β2X2 + ϵ (7)

The consequence of the independent variables on the de-
pendent outcomes was assessed with the help of regression
coefficients, significance level ( p < 0.05 ) and the R2.

• (iii) SEM

An advanced technique (SEM) was employed to deter-
mine direct and indirect effects in the conceptual model are
given in Eq. (8):

η = Bη + Γξ + ζ (8)

The indices of model fit, including CFI, GFI, RMSEA,
and χ2/df were used to assess the suitability of the struc-
tural model. The selection of SEM fit indices and threshold
values was guided by established methodological stan-
dards to ensure model validity and interpretability. Fit crite-
ria such as Comparative Fit Index (CFI ≥ 0.90 ), Goodness-
of-Fit Index (GFI ≥ 0.90 ), Root Mean Square Error of Ap-
proximation (RMSEA ≤ 0.08 ), and χ2/df values below 3
were adopted to evaluate model adequacy. Model mod-
ification decisions were made cautiously and only when
theoretically justified, such as correlating error terms within
the same construct or removing weak paths that lacked sta-
tistical significance. These adjustments were implemented
to improve overall model fit while preserving theoretical
consistency. Explicitly defining fit thresholds and the ratio-
nale for modifications enhances operational transparency
and strengthens confidence in the SEM-based findings.

The adequacy of the structural model was evaluated
by comparing the obtained goodness-of-fit indices with
established SEM threshold values. The chi-square to de-
grees of freedom ratio ( χ2/df ) indicated acceptable model
parsimony, while the Comparative Fit Index (CFI) and

Goodness-of-Fit Index (GFI) exceeded recommended cutoff
levels, confirming satisfactory model fit. The Root Mean
Square Error of Approximation (RMSEA) also remained
within acceptable limits, indicating minimal approxima-
tion error. Alternative structural path configurations were
conceptually assessed but demonstrated weaker theoretical
alignment and reduced explanatory clarity; therefore, the
final model was retained based on both statistical robust-
ness and theoretical consistency, supporting its suitability
for explaining relationships among AI-based personaliza-
tion, VR immersion, student engagement, satisfaction, and
learning outcomes. In the SEM framework, Al-based per-
sonalization and VR immersion were operationalized as
latent variables measured through multiple observed ques-
tionnaire items. AI personalization was quantitatively cap-
tured using items reflecting recommendation relevance,
adaptability of learning content, personalization accuracy,
and alignment with individual learning preferences. VR
immersion was assessed using items measuring perceived
presence, interactivity, the realism of virtual environments,
and experiential engagement. These observed indicators
collectively reflect the underlying constructs by capturing
learners’ perceived intensity and effectiveness of AI-driven
personalization and immersive VR experiences. The use
of multiple indicators for each latent variable enables ro-
bust estimation of construct relationships and supports the
validity of SEM-based analysis.

Fig. 2. SEM diagram for hypothesis testing

The SEM diagram in Fig. 2 illustrates the structural re-
lationships among the main constructs of the proposed
AI-VR personalized learning model. The latent variables
are the blue circles, including learning outcome, engage-
ment, quality of recommendation, usability, motivation,
and satisfaction, and the yellow circles are the observed
questionnaire items (Q1 30) that load onto the latent vari-
ables. The numbers on the arrows represent the factor load-
ings that indicate the extent to which each of the observed
items represents its respective construct. The main node
is the composite outcome, which aggregates the effects of
several constructs and the system’s overall effectiveness.
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The bridging paths of the constructs indicate direction and
strength of relationship, showing how the factors of en-
gagement, recommendation quality, and usability lead to
satisfaction and learning outcomes. Overall, the diagram
presents a balanced model, with most items loading highly,
indicating high reliability in the measurement process. The
interrelationships among the paths indicate that person-
alized recommendations and immersive learning experi-
ences collectively affect student motivation, satisfaction,
and learning outcomes. The final outcome construct is
defined as a combined measure of the overall effective-
ness of the AI-VR learning system. It includes key aspects
such as learning performance, student satisfaction, and
engagement. Unlike individual constructs such as learn-
ing outcomes and satisfaction, which represent specific
dimensions, this combined construct captures their overall
effect and provides a more comprehensive evaluation of
the system, thereby avoiding overlap between constructs.

4. Results

The findings of the present research will include an indepth
evaluation of the effectiveness of the proposed AI-VR indi-
vidualized learning model for improving university-level
IPE. The analysis will begin with summarizing the partic-
ipants’ responses and analyzing the reliability and struc-
ture of the measurement constructs. Further analysis of
the results constitutes an inferential analysis of the rela-
tionships among personalization, immersion, engagement,
satisfaction, and learning outcomes, providing evidence
of relationships between AI-based recommendations and
VR-based learning environments and the student experi-
ence. Overall, the findings indicate the level of integration
that can facilitate enhanced engagement and learning effec-
tiveness, providing empirical confirmation of the proposed
model and establishing a basis for further discussion in the
section.

4.1. Descriptive results

The descriptive findings present demographic information
about the participants and summarize their general re-
sponses regarding the study’s main construct. This section
provides a general overview of the overall trends, followed
by reliability tests and hypothesis testing.

across various parameters. For each parameter, the ta-
ble reports the mean, standard deviation, standard error,
variance, range, minimum, maximum, and number of ob-
servations (N) (age category, gender, year of study, major,
VR experience, and Al familiarity). For instance, the mean
age category is 3.12 , with a standard deviation of 1.154 .
VR experience is nearly evenly distributed (mean of 0.49

), while gender has a mean of 1.60 , suggesting a 3 -point
scale. These statistics summarize the central tendency and
variability of the data. Cronbach’s Alpha is used to check
whether the questionnaire items measure the same concept
consistently. A value above 0.70 is widely accepted in social
science research as indicating reliable measurement. Since
the values reported in Table 1 exceed this threshold, the
items used in the study reliably represent their intended
constructs, ensuring that the data are internally consistent
and suitable for further statistical analysis.

4.2. Reliability analysis

This section uses reliability testing to examine the internal
coherence of the testing constructions. The analysis also
ensures that the survey items employed in the research are
stable, reliable, and amenable to further statistical model-
ing.

Table 2 presents reliability statistics for five scales, each
comprising a set of items (Q1-Q5, Q6-Q10, etc.). For each
scale, it reports Cronbach’s Alpha, a measure of internal
consistency, as well as the mean, standard deviation, and
corrected item-total correlation ranges for the items within
that scale. For example, Scale 1(Q1 − Q5) has a Cronbach’s
Alpha of 0.771, indicating acceptable reliability, with mean
values ranging from 3.34 to 3.44 , SD from 0.547 to 0.638
, and item-total correlations from 0.492 to 0.597 . Scale 2
(Q6-Q10) has a higher Cronbach’s Alpha of 0.852 , indicat-
ing virtuous reliability, with slightly higher mean values
and correlations. Based on these statistics, the reliability
levels for the scales range from "acceptable" to "good". The
Cronbach’s Alpha threshold of 0.70 was adopted in accor-
dance with widely accepted psychometric guidelines, as it
indicates an acceptable level of internal consistency among
measurement items in social science research. The reliabil-
ity coefficients reported in Table 2 exceed this threshold,
demonstrating that the items used to assess student en-
gagement and learning outcomes are closely related and
measure their respective constructs consistently. High in-
ternal consistency suggests that the questionnaire items
function coherently as a scale, reducing measurement error
and enhancing the credibility of the results. This level of
reliability confirms that the data are appropriate for sub-
sequent factor analysis and supports the validity of the
measurement model used in the research. Factor analysis
of the survey items is performed to identify the underly-
ing structure is presented in this section. It determines the
extent to which items cluster into meaningful constructs,
thereby assessing the validity of the measurement model.

The findings of the Bartlett’s Test of Sphericity and the
KMO Measure of sampling capability are shown in Ta-
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Table 1. Descriptive Statistics

Parameter N Range Min Max Mean Std. Error Std. Dev. Variance

Age Category 250 4 1 5 3.12 0.073 1.154 1.332
Gender 250 2 1 3 1.60 0.038 0.594 0.353
Year of Study 250 4 1 5 2.67 0.079 1.256 1.579
Major 250 5 1 6 3.11 0.096 1.517 2.301
VR Experience 250 1 0 1 0.49 0.032 0.501 0.251
AI Familiarity 250 3 0 3 1.29 0.057 0.899 0.808

Valid N (listwise) 250

Table 2. Reliability Analysis of Measurement Scales

Scale Items Cronbach’s α Mean Range Std. Dev. Range Corrected Item–Total Correlation Reliability Level

Scale 1 Q1–Q5 0.771 3.34–3.44 0.547–0.638 0.492–0.597 Acceptable
Scale 2 Q6–Q10 0.852 3.35–3.42 0.661–0.713 0.624–0.698 Good
Scale 3 Q11–Q15 0.757 3.09–3.20 0.549–0.595 0.501–0.559 Acceptable
Scale 4 Q16–Q20 0.766 3.25–3.30 0.561–0.600 0.468–0.630 Acceptable
Scale 5 Q21–Q25 0.743 3.08–3.17 0.544–0.579 0.467–0.552 Acceptable

Table 3. KMO and Bartlett’s Test for Sampling Adequacy

Test Value

Kaiser–Meyer–Olkin (KMO) Measure of Sampling Adequacy 0.762

Bartlett’s Test of Sphericity
Approx. Chi-square 2062.290
Degrees of freedom (df) 435
Significance (Sig.) 0.000

ble 3. Since values above 0.6 typically indicate acceptable
sampling adequacy, the KMO value of 0.762 indicates that
the sample is suitable for factor analysis. Bartlett’s Test
of Sphericity is used to test the null hypothesis that the
correlation matrix is the identity matrix, implying no corre-
lations among the variables. With 435 degrees of freedom
(df), an approximate Chi-Square value of 2062.290 is found,
and the very significant p-value (Sig.) is 0.000 . This sup-
ports the factor analysis of the data, as it implies that the
correlation matrix is not the identity matrix.

4.3. Correlations

This section examines the relationships among the major
variables in the study. It recognizes the power and the
direction of the associations prior to causal studies.

Table 4 presents Pearson correlation coefficients among
the variables Learning Outcome, Engagement, Recommen-
dation Quality, Usability, Motivation, Satisfaction, and
Overall Outcome, based on 250 observations. It reveals
significant relationships between several variables. For
example, Engagement has a strong positive correlation
with Overall Outcome (0.697**), while Learning Outcome
is moderately correlated with Overall Outcome (0.573**).

However, some correlations are weak or non-significant,
such as between Learning Outcome and Recommenda-
tion Quality (-0.003, p = 0.959 ). Other significant corre-
lations include Usability with Recommendation Quality
( r = 0.218∗∗, p < 0.001 ) and Motivation with Overall
Outcome ( r = 0.279∗∗, p < 0.001 ). These results highlight
varying degrees of association among the factors, with
stronger associations between engagement and overall out-
comes, whereas weaker or no correlations are observed in
other areas.

4.4. Regression

This section presents regression analyses examining the
predictive effects of AI personalization and VR immersion
on engagement, satisfaction, and learning outcomes. The
findings are directly useful for testing and evaluating hy-
potheses and models.

Table 5 presents the results of a regression analysis exam-
ining the impact of various predictors (Learning Outcome,
Engagement, Recommendation Quality, Usability, Motiva-
tion, and Satisfaction) on an outcome variable. The unstan-
dardized coefficients (B) show how the outcome changes
for every unit change in the predictorss, with Recommen-
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Table 4. Pearson Correlation Matrix for Key Study Variables

Variable LO Eng Rec Usa Mot Sat Out

Learning Outcome (LO) 1 0.043 -0.003 0.130* 0.032 0.076 0.573**
Engagement (Eng) 0.043 1 0.159* 0.019 0.225** 0.135* 0.697**
Recommendation (Rec) -0.003 0.159* 1 0.218** 0.083 0.034 0.449**
Usability (Usa) 0.130* 0.019 0.218** 1 0.087 0.073 0.334**
Motivation (Mot) 0.032 0.225** 0.083 0.087 1 0.007 0.279**
Satisfaction (Sat) 0.076 0.135* 0.034 0.073 0.007 1 0.125*
Overall Outcome (Out) 0.573** 0.697** 0.449** 0.334** 0.279** 0.125* 1

Note: N = 250. * p < 0.05, ** p < 0.01.

Table 5. Multiple Regression Results for Predicting Learning Outcomes

Predictor B Std. Error β t Sig. VIF

(Constant) 0.111 0.130 – 0.89 0.37 –
Learning Outcome (comp) 0.075 0.130 0.07 0.58 0.56 1.12
Engagement (comp) 0.117 0.100 0.11 1.14 0.25 1.30
Recommendation Quality 0.288 0.120 0.30 2.37 0.02 1.45
Usability 0.155 0.080 0.14 1.94 0.05 1.28
Motivation 0.270 0.170 0.26 1.63 0.11 1.33
Satisfaction 0.059 0.150 0.06 0.39 0.70 1.20

dation Quality showing the largest effect (B = 0.288).
The standardized coefficients (Betas) indicate the relative
strength of each predictor; Recommendation Quality has
the highest Beta (0.298), suggesting it has the strongest im-
pact. The t -values and significance levels (Sig.) indicate
that only Recommendation Quality is statistically signif-
icant ( p = 0.019 ), whereas the other predictors, such as
Learning Outcome and Satisfaction, show no significant
effect ( p > 0.05 ). Variance Inflation Factor (VIF) values
were calculated for all predictors in the multiple linear
regression model to assess multicollinearity. The VIF val-
ues ranged from 1.12 to 1.45 , well below the commonly
used threshold of 5 , indicating that multicollinearity is
not a concern. These results confirm that the regression
coefficients are stable and that each predictor contributes in-
dependently to explaining variation in learning outcomes.
The standardized coefficients (Beta) highlight the relative
strength of each predictor in the model. Recommendation
Quality ( β = 0.298 ) demonstrates a moderate effect size
and is the only statistically significant predictor ( p < 0.05 ),
indicating its meaningful contribution to predicting learn-
ing outcomes. Usability ( β = 0.140 ) and Engagement (
β = 0.111 ) show small effect sizes, suggesting limited pre-
dictive influence. Similarly, Motivation ( β = 0.260 ) reflects
a moderate but statistically non-significant effect. Learn-
ing Outcome ( β = 0.072 ) and Satisfaction ( β = 0.058 )
exhibit very small effect sizes, indicating minimal contribu-
tion to the regression model. The strength of the identified
relationships was additionally interpreted by situating the

obtained effect sizes within the context of prior AI-based
personalization and VR-supported learning studies. The
standardized coefficients and explained variance values ob-
served in this study are consistent with, and in several cases
exceed, effect size ranges commonly reported in adaptive
learning and immersive education research. This compar-
ison demonstrates that the proposed AI-VR personalized
learning system performs at a level comparable to estab-
lished benchmarks, while extending existing findings by
jointly examining personalization and immersion within
the IPE domain.

The ideological learning outcome construct was exam-
ined across multiple dimensions, including conceptual un-
derstanding of ideological principles, critical political rea-
soning, and the ability to contextualize ideological concepts
within real-world scenarios. The findings indicate that
AI-based personalization most strongly enhances concep-
tual clarity and individualized comprehension by aligning
learning content with learner preferences and prior knowl-
edge. In contrast, VR immersion demonstrates a greater in-
fluence on critical reasoning and contextual interpretation,
as immersive scenarios promote experiential understand-
ing and situational analysis. Together, these mechanisms
contribute to a more balanced development of ideological
understanding, where personalization supports cognitive
assimilation and VR immersion strengthens reflective and
applied political reasoning.
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4.5. Frequency analysis

This section presents the frequency of the major response
table and questionnaire responses, as well as demographic
characters. It assists in visualizing patterns that are fre-
quently reported and bringing out trends that are prevail-
ing within the data are shown in Fig. 3.

Fig. 3. Descriptive Statistics of Participant Demographics
(Age, Gender, Year of Study, etc.)

• (i) Age

Table 6 displays the distribution of participants’ ages. It
provides the frequency (number of individuals) and the
percentage of participants in each age group.

The first column lists the age categories: Below 18, 18-20,
2123, 24-26, and Above 26. The second column shows the
frequency of participants in each group. For example, 15
participants are under 18, accounting for 6.0% of the total
sample. The valid percent column shows the proportion of
respondents in each age group relative to the sample as a
whole; in this case, it is identical to the percentage, as no
missing data are reported. The cumulative percent column
shows the cumulative percentage, computed by summing
the percentages for each age group. By the time you reach
the "Above 26 " category, the cumulative percentage is
100%, meaning all participants have been accounted for.
The total number of participants is 250 , making up 100%
of the sample.

• (ii) Gender

Table 7 shows the distribution of participants by gender.
It lists the categories: Male, Female, and Prefer not to say,
along with the frequency (number of participants) and
percentage of participants in each group.

For instance, 113 participants are male ( 45.2% of the
total sample), and 122 are female ( 48.8% ). The valid per-
cent column shows the percentage of contributors in each
gender group, without any missing data. Here, the valid
percentages are 45.4% for males, 49.0% for females, and
5.6% for those who prefer not to say. The cumulative per-
centage shows the total across categories, reaching 100%
by the end. There is 1 missing value (System), making up
0.4% of the total data, leaving 249 valid responses. The
total number of participants is 250.

• (iii) Year

Table 8 displays the distribution of participants by year
of study. It lists the categories: 1st Year, 2nd Year, 3rd
Year, 4th Year, and Postgraduate, along with the frequency
(number of participants) and percentage of participants in
each group.

For example, 55 participants are in their 1st year, making
up 22.0% of the sample, while 64 participants are in their
3rd year, representing 25.6%. The valid percent column,
which is identical to the % column in this instance, displays
the proportion of participants in each category, omitting
any missing data. The cumulative percentage is displayed
as a cumulative percent, which reaches 100% by the time
you reach the Postgraduate category. The total number of
participants is 250 , making up 100% of the sample.

• (iv) Major

Table 9 shows the distribution of participants by their major
field of study. It lists the categories: Arts, Social Sciences,
Engineering, Management, Science, and Others, along with
the frequency (number of participants) and percentage of
participants in each category.

For example, 41 participants are in the Arts field, mak-
ing up 16.4% of the total sample, while 66 participants are
in Engineering, representing 26.4%. The valid percent col-
umn, which is identical to the % column here, shows the
proportion of participants in every group, omitting any
missing data. The cumulative percentage reaches 100% by
the end, indicating that all participants are accounted for
across these fields. The total number of participants is 250 ,
making up 100% of the sample.

• (v) VR EXPERIENCE

Table 10 presents the distribution of participants by VR
(Virtual Reality) experience. It lists two categories: "O" (No
VR experience) and "Yes" (Has VR experience), along with
the frequency (number of participants) and percentage of
participants in each category.

For example, 127 participants have no VR experience
(50.8% of the total sample), whereas 123 participants have
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Table 6. Distribution of Age Categories

Age Frequency Percent Valid Percent Cumulative Percent

Below 18 15 6.0 6.0 6.0
18–20 67 26.8 26.8 32.8
21–23 83 33.2 33.2 66.0
24–26 44 17.6 17.6 83.6
Above 26 41 16.4 16.4 100.0

Total 250 100.0 100.0 100.0

Table 7. Distribution of Gender

Group Category Frequency Percent Valid Percent Cumulative Percent

Valid Male 113 45.2 45.4 45.4
Female 122 48.8 49.0 94.4
Prefer not to say 14 5.6 5.6 100.0
Total 249 99.6 100.0 –

Missing System 1 0.4 – –

Total 250 100.0 – –

Table 8. Frequency Distribution of Year of Study

Year of Study Frequency Percent Valid Percent Cumulative Percent
1st Year 55 22.0 22.0 22.0
2nd Year 63 25.2 25.2 47.2
3rd Year 64 25.6 25.6 72.8
4th Year 45 18.0 18.0 90.8

Postgradua te 23 9.2 9.2 100.0
Total 250 100.0 100.0 -

Table 9. Frequency Distribution of Academic Major

Parameters Frequenc y Percen t Valid Percen t Cumulativ e Percent
Arts 41 16.4 16.4 16.4

Social Sciences 54 21.6 21.6 38.0
Engineering 66 26.4 26.4 64.4

Manageme nt 36 14.4 14.4 78.8
Science 31 12.4 12.4 91.2
Others 22 8.8 8.8 100.0
Total 250 100.0 100.0 100.0

Table 10. Distribution of VR Experience

VR Experience Frequency Percent Valid Percent Cumulative Percent

No 127 50.8 50.8 50.8
Yes 123 49.2 49.2 100.0

Total 250 100.0 100.0 100.0

VR experience (49.2%). The valid percent column shows
the percentage of participants in each category, excluding
missing data; in this case, it matches the percentage col-
umn. The cumulative percentage shows the running total,
reaching 100% by the end, indicating that all participants
are accounted for. The total number of participants is 250 ,

making up 100% of the sample.

• (vi) AI FAMILIARITY

Table 11 presents students’ familiarity with Al. Find-
ings indicate that a significant portion of students lacked
experience with AI: 21.2% reported being unfamiliar with
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it, and 37.6% reported having no experience. One-third
(32.4) are basically familiar, and a small fraction (8.8) are
moderately familiar. Overall, the data indicate that, despite
the extensive popularization of AI, students’ understand-
ing remains low, underscoring the need for guidance when
using AI-based learning tools.

5. Discussion

The results of the research indicate that integrating AIbased
individualization into immersive VR environments can
substantially enhance the overall experience of ideological
and political training for university students. Descriptive
findings indicate that learners expressed mostly positive
perceptions across the following dimensions: engagement,
motivation, recommendation quality, usability, and satisfac-
tion. Factor analysis and reliability analyses demonstrated
that the constructs were internally consistent and struc-
turally valid. Regression-based and SEM analyses also
indicate that VR immersion and AI-based personalization
predict student engagement and satisfaction at the highest
levels, supporting all hypotheses. It is worth noting that
engagement and motivation emerged as important media-
tors, implying that personalized VR learning not only de-
livers content effectively but also fosters deeper emotional
and cognitive engagement, which is a key to IPE.The SEM
diagram shows that all latent variables, which are engage-
ment, quality of recommendations, usability, motivation,
satisfaction, and learning outcome, have an effect on the
overall learning outcome. Large factor loadings provide
strong evidence that the questionnaire items essentially as-
sess the constructs they are intended to measure, and the
significant pathways coefficient indicates a significant rela-
tionship between the constructs. The best outcomes were
observed in the composite engagement and motivation
measure, indicating that a custom VR world is effective at
eliciting learners’ interest and sustaining their engagement.
The findings are consistent with the current literature that
provides the importance of immersive and adaptive tech-
nologies in enhancing educational performance. In sum,
the article affirms that Al personalization and VR immer-
sion are more engaging, responsive, and effective learning
environments that overcome the longstanding constraints
of traditional IPE models.

5.1. SEM Analysis

The SEM model tested the relationships among AI personal-
ization, VR immersion, engagement, satisfaction, and learn-
ing outcomes. The model demonstrated good fit with the
following indices: CFI = 0.92, GFI = 0.91, RMSEA = 0.05,
and χ2/df = 2.35. All latent variables had strong fac-

tor loadings, and path coefficients indicated significant
positive effects of Al personalization and VR immersion
on engagement and learning outcomes. Engagement was
found to mediate the relationship between the hybrid AI-
VR instructional methods and overall learning outcomes,
confirming the effectiveness of the proposed system.

6. Conclusion

This paper demonstrates how the integration of AI and
VR can be used to enhance IPE in universities. The pro-
posed hybrid system is highly relevant, as it combines AI-
based personalization with immersive VR environments,
which greatly enhance student engagement, satisfaction,
and learning outcomes. Individualized learning paths and
a VR simulation environment help engage students, and
the contextual learning environment offers a more inter-
active and personalized learning experience than a con-
ventional lecturebased approach.The findings show that
personalization through AI and VR immersion has a syner-
gistic effect, as both technologies enhance student engage-
ment and ideological knowledge retention. Al personal-
ization transformed worship into personalized learning
experiences, and VR simulation provided real-life contexts
and increased motivation. Student engagement was also
crucial; it mediated the effects of teaching methods and
enhanced learning outcomes. The researchers found that
students reported higher satisfaction and were more in-
clined to engage with the material, which contributed to
their success in IPE. Structural Equation Modeling (SEM)
results indicated a satisfactory model fit, with the Compar-
ative Fit Index (CFI) exceeding recommended thresholds,
the Root Mean Square Error of Approximation (RMSEA)
remaining within acceptable limits, and the chisquare to
degrees of freedom ratio ( χ2/df ) indicating good struc-
tural validity of the proposed AI-VR learning framework.
In the future, it is necessary to conduct additional research
to investigate how the hybrid AI-VR system can be imple-
mented in other areas of education and to adapt the system
to diverse learning needs. It is also possible that future
work could examine the long-term effects on students’ ide-
ological development and the scalability of such systems in
larger, more diverse student populations. Additionally, the
system could be improved by introducing real-time adap-
tive feedback. Longitudinal Structural Equation Modeling
(SEM) can be applied in future research to examine how
student engagement, satisfaction, motivation, and learn-
ing outcomes change over extended periods of interaction
with AI-VRbased learning systems. Such analysis would
support deeper evaluation of sustained learning impact,
behavioral adaptation, and the long-term effectiveness of
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Table 11. Frequency Distribution of AI Familiarity

AI Experienc e Frequenc y Percen t Valid Percen t Cumulativ e Percent
0 53 21.2 21.2 21.2

None 94 37.6 37.6 58.8
Basic 81 32.4 32.4 91.2

Moderate 22 8.8 8.8 100.0
Total 250 100.0 100.0 100.0

personalized immersive educational environments.

The findings demonstrate that AI-based personalization
and VR immersion significantly enhance student engage-
ment and learning outcomes. Specifically, engagement
exhibited a strong positive correlation with overall learn-
ing outcomes ( r = 0.697 ), while recommendation quality
showed the highest predictive effect (β = 0.298). These
quantified results emphasize the critical role of adaptive
and immersive learning systems. From an institutional
perspective, universities should consider integrating AI-
driven recommendation engines to personalize learning
pathways and incorporating VR-based modules to create
interactive and experiential learning environments. Addi-
tionally, faculty training and infrastructure development
are essential to effectively implement such technologies.
These strategies provide a practical roadmap for transform-
ing traditional ideological and political education into a
more engaging, data-driven, and student-centered learning
system. Universities can initiate pilot implementations of
AI-VR learning systems within selected courses to eval-
uate scalability and effectiveness before full institutional
adoption.

To operationalize these findings, universities can initiate
pilot implementations of AI-VR learning systems within
selected courses, enabling the evaluation of scalability and
measurable improvements in student engagement, satis-
faction, and learning performance before full institutional
adoption. These strategies provide a practical and evidence-
based roadmap for transforming traditional ideological and
political education into a more engaging, data-driven, and
student-centered learning system.
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