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Abstract—Artificial Intelligence (AI) opens up new
perspectives for the transformation of distance learning;
however, there is still no clearly structured methodological
framework for the development of effective Al-based learning
platforms. This study proposes the framework model “learning
behavior — Al-oriented scenarios”, which aims to identify key
pedagogical and technological factors that contribute to
effective learning in a digital environment. Based on an analysis
of the scientific literature in educational technologies and the
use of Al in teaching, the main characteristics of learning
behavior are identified: personalized goal setting, adaptive
response to feedback, and autonomous engagement. These
characteristics correspond to constructivist and experiential
approaches to learning. The study examines how intelligent
recommendation systems, adaptive content, and Al-based
learning behavior analytics contribute to the development of
these characteristics and enhance educational outcomes. As an
example, a case study is presented on the development of a
prototype Al platform for distance learning, whose
effectiveness is supported by survey results demonstrating
increased student motivation and engagement. The findings
address three key research questions and contribute to the
theoretical and methodological foundation for integrating Al
into the design of distance education.

Keywords—artificial intelligence, distance learning, learning
behavior, adaptive scenarios, educational technologies

1. INTRODUCTION

Modern Artificial Intelligence (Al) technologies open up
new perspectives for distance learning, offering deeper and
more personalized experiences [1]. However, many
traditional online courses and educational platforms do not
fully contribute to the formation of a conscious and reflective
learning experience for students. Experiential learning theory
offers an effective approach to addressing this problem,
emphasizing the importance of gaining knowledge through
practical experience and subsequent reflection [2]. In the
context of distance education, students can construct their
own understanding of the learning material through
interactive interaction with the digital environment, adaptive
tasks, and intelligent prompts [3].

Al significantly expands the possibilities of personalized
and adaptive learning in an online environment. For example,
intelligent recommendation systems adapt educational
content to the individual needs of students, taking into

account their level of training, learning style, and interests [4].

Natural language processing technologies provide real-time
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support, helping students formulate questions and receive
context-based clarifications. In addition, visualization tools
such as Augmented and Virtual Reality (AR/VR) contribute
to an immersive educational experience, allowing students to
delve deeper into learning scenarios [5].

In recent years, researchers have increasingly focused on
studying how students’ interaction with the digital
environment and learning scenarios affects the effectiveness
of distance learning. Research shows that various forms of
activity—such as adaptive tasks, simulations, learning
through role modeling, and scenario exercises—contribute to
deeper knowledge acquisition and the development of
reflective thinking [6]. Other works examine the impact of
information presentation methods in a digital educational
environment, including multimedia explanations, visual cues,
chatbots, and explanatory annotations, on the comprehension
of educational material and the formation of sustainable
knowledge [7].

Although Kolb’s model sets out the general principles of
experiential learning, it does not fully reveal how contextual
and technological factors influence the learning process in a
digital environment [8]. This view has also been developed in
distance learning studies, which emphasize that the
effectiveness of educational experiences directly depends on
situational factors such as interface design, feedback
management, types of interaction between participants,
access to intelligent support, and individual characteristics of
students, including the level of digital literacy, motivation,
and learning style [9].

Nevertheless, despite numerous studies conducted during
the COVID-19 pandemic, there is still a lack of systematic
comparison between fully online and blended (hybrid)
learning formats in the context of modern Al-driven tools.
Recent evidence suggests that blended learning often leads to
higher academic performance and motivation, but its effects
on engagement remain inconsistent across different cultural
contexts [10]. A large-scale meta-analysis [11] confirmed
that blended and flipped models significantly outperform
traditional face-to-face instruction in terms of achievement
and self-efficacy, while fully online models show only
modest benefits. Furthermore, empirical studies demonstrate
that blended learning may produce more sustainable
outcomes in specific areas such as grammar acquisition [12].

This gap remains highly relevant in the post-pandemic era,
as employers increasingly report weaker collaboration and
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communication skills among graduates of purely online
programs (81.9%) compared to blended or face-to-face
models (88.3%) [13]. Moreover, executive education trends
indicate a persistent demand for blended approaches that
combine flexibility with social interaction, even as Al,
AR/VR, and adaptive feedback systems reshape digital
pedagogy [14]. Therefore, renewed research attention is
needed to assess how interactive and adaptive scenarios can
enhance both online and blended learning models, ensuring
not only academic success but also the development of
critical professional and social competencies.

In this study, blended learning is defined as a structured
integration of synchronous face-to-face sessions (30%) with
asynchronous online modules (70%), supported by Al-driven
adaptive tools. The face-to-face sessions focus on
collaborative activities, discussions, and peer feedback, while
the online modules provide personalized practice,
simulations, and interactive scenarios. This structure allows
us to systematically compare the impact of blended and fully
online models on engagement and learning outcomes.

This study proposes a methodological framework for
designing distance learning platforms based on artificial
intelligence, drawing on the analysis of scientific literature.
This model highlights key learning behavioral characteristics
and examines how various digital and interactive scenarios
contribute to their development. The empirical study,
conducted using a prototype Al platform for distance
learning, aims to explore how digital technologies and
intelligent systems enhance experiential and personalized
learning.

The research focuses on the following issues:
RQ1: What are the key learning behavioral characteristics
that contribute to effective learning in Al-oriented distance
learning platforms?

RQ2: How do various interactive and adaptive scenarios
affect the formation of these learning behavioral
characteristics?

RQ3: Can a distance learning platform developed based
on the proposed framework increase student engagement and
learning effectiveness?

Solving these research issues will contribute to the
theoretical understanding of the integration of Al into
distance  education, as well as offer practical
recommendations on the design of adaptive digital learning
environments.

II. LITERATURE REVIEW

In the context of Al-based distance education, the learning
process is increasingly taking place in digital, adaptive, and
personalized environments, where elements such as
intelligent recommendations, real-time learning, interaction
with chatbots, as well as visualization and analysis of
progress play crucial roles. The Kolb model (Fig. 1) provides
an important theoretical basis for understanding the
educational process in the context of distance learning.
However, considering the specifics of the digital educational
environment and the rapid introduction of artificial
intelligence, a deeper study of the mechanisms by which
situational and technological factors influence the behavior
and motivation of students is required. This includes
analyzing the interactions between students and intelligent
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platforms, adapting content in real time, as well as designing
individual learning paths. To effectively design Al-oriented
educational solutions, it is necessary to develop a more
holistic and flexible theoretical framework that takes into
account both pedagogical principles and the capabilities of
modern digital technologies.

Platform

Usability
Learning Testing
Objectives®
Outcomes :
Definitio L
! i
v '
Context [ Pedagogical g Al 5 Platform . &Evalqatlon
Analysis Principles Integration Design Continuous
9!
Improvement
" i i n
H ! 1 [l
1 ! 1 1
! 1
e : Content. :
Needs: | > = i
Preferences, ersonalizatio |
Performance}
Monitoring
Algorithms,

Fig. 1. Methodological framework for designing Al-based e-learning
platforms.

The experience of Al-based distance learning provides
unique opportunities for the formation of digital literacy, the
development of metacognitive skills, and the personal growth
of students [15]. Interactivity and active student participation
in the learning process are recognized as key elements that
strengthen experiential learning in digital educational
environments [16].

In modern research, three main dimensions of effective
Al-based distance learning are highlighted:

e Personalization—adapting content to individual needs and
learning styles;

Interactive engagement—ensuring active participation
through simulations, case studies, chatbots, and real-time
feedback;

Digital interaction and knowledge sharing—encouraging
collaboration, idea exchange, and the development of
digital communication skills [17].

These dimensions, as the main components of an
“Al-oriented educational environment,” have a significant
impact on the cognitive, social, and emotional development
of students.

Recent research confirms the importance of
personalization, digital engagement, and interactive sharing
in building an effective learning experience. Thus, Bailey, D.
shows that the value of a student’s digital experience acts as a
mediator between interaction with the platform and
educational outcomes [18]. This indicates the need to refine
classical learning models, such as the Kolb model, taking into
account the specifics of the digital environment. Dirsehan, T.
developed a scale of memorable digital experiences,
structured similarly to the above three dimensions [19].

In addition, the quality of digital communication is
becoming an important factor in successful distance learning.
The greater the feeling of “distance” between the teacher, the
platform, and the student, the lower the motivation and
satisfaction among learners [20]. The lack of cultural and
linguistic adaptation in an Al environment can lead to
misunderstandings and negative attitudes. Therefore, it is
extremely important to consider diversity and inclusivity,
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provide interpretive support and explanatory feedback, and
help students perceive differences in educational experiences
with openness and respect [21].

Despite the extensive opportunities provided by distance
learning using artificial intelligence, not every digital
educational experience leads to real learning outcomes. As
Peters, O. point out, not every experience by itself guarantees
learning, and the same digital environment can have different
effects on different students [22].

Modern research takes into account both situational and
individual factors that influence the success of learning in
digital environments. From the point of view of the
situational approach, real online learning unfolds in time and
space, being shaped by the student’s interaction with the
digital platform, its interface, intellectual recommendations
and the student’s willingness to learn new material
independently. The immediate digital environment —
whether it’s a virtual classroom, simulator, or intelligent
assistant—plays an important role in shaping learning
outcomes [23].

This approach emphasizes that personal development in
the process of distance learning includes not only the
acquisition of knowledge, but also the transformation of
self-perception, confidence, attitude to learning and ideas
about one’s own role in the educational process. In addition,
direct interaction with educational materials, active
participation in digital tasks, as well as deep involvement in
interaction with teachers, Al and other participants of the
online course play an important role. All of this contributes to
creating memorable and meaningful educational experiences
that enhance learning and personal growth [24].

Individual factors also play a crucial role in the
effectiveness of learning in the context of distance education
based on Al. As noted by Nikitenko [25] the presence of a
pronounced learning orientation in the student (the desire for
independent development of new knowledge) positively
correlates with the depth and quality of learning in a digital
environment. This indicates that a purposeful approach and
internal motivation significantly enhance the effect of
interaction with educational Al platforms.

The use of digital learning tools such as intelligent
assistants, adaptive tests, and interactive simulations further
strengthens the positive impact of learning orientation on
effectiveness. Kosinski, M. S. introduced the “digital
researcher” scale, which evaluates parameters such as
adaptability to the digital environment, openness to new
experiences, and intrinsic learning ability in a digital
context [26]. It was found that students with flexible thinking
and a willingness to experiment in new educational
environments demonstrate higher academic achievements.
However, these parameters have limitations in predicting all
aspects of distance learning potential, especially in an
Al-oriented environment.

Although  distance learning provides extensive
opportunities for acquiring knowledge, they do not always
translate into real educational outcomes, since the same
digital content can have different effects on different
learners [27]. Existing research seeks to identify elements
that contribute to effective learning in an online environment,
and thus form a useful basis for further analysis. However,
there is still no systematic model that explains the factors that
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enhance learning in the context of distance learning platforms,
especially given the growing integration of artificial
intelligence technologies. The use of Al opens up new
opportunities for personalization, interactivity, and
adaptability of the educational process, but further research is
needed to understand the mechanisms by which Al promotes
in-depth and meaningful learning.

III. MATERIALS AND METHODS

In order to deepen the understanding of how students
master the material in the context of distance learning based
on artificial intelligence, this study suggests a causal
methodological framework, presented in Fig. 1. This
framework makes it possible to identify the factors
contributing to experiential learning by adapting the Kolb
model to the digital educational space. It clarifies how three
key learning behaviors—problem solving, critical reflection,
and immersive interaction—directly influence the four stages
of Kolb’s cycle: concrete experience, reflective observation,
abstract conceptualization, and active experimentation.

In addition, the framework describes how various digital
learning  scenarios—activity ~ scenarios,  information
presentation  scenarios, and  digital  interaction
scenarios—affect these three key behaviors, thereby
enhancing the educational effect of distance learning.

In particular:

Activity scenarios (for example, interactive tasks, case
studies) are designed to encourage students to find
challenges and contribute to the formation of specific
experiences.

Information scenarios (personalized  materials,
visualizations, video analysis) provide rich knowledge,
provoking critical reflection and facilitating reflective
observation.

Interaction scenarios (forums, Al feedback, group work)
create an immersive and engaging environment,
enhancing digital engagement and fostering deep
educational engagement.

The proposed framework emphasizes that well-designed
digital scenarios based on an Al distance learning platform
not only enhance the learning experience, but also contribute
to the development of students’ metacognitive and personal
competencies.

Designing tasks with an optimal level of complexity within
the framework of Al-based distance learning deepens
students’ cognitive experience and supports the development
of their personal and metacognitive qualities. Such tasks are
closely related to the “concrete experience” and “active
experimentation” stages in Kolb’s experiential learning
model. By actively engaging in solving complex problems,
students gain a rich learning experience that initiates the
learning cycle. In addition, while completing such tasks, they
can apply previously acquired knowledge and adapt their
behavioral strategies, which corresponds to the phase of
active experimentation [28].

The desire to solve complex problems presupposes that
students independently choose or participate in tasks of
moderate complexity that create conditions for learning,
self-assessment, and feedback [29]. This idea is based on the
theory of goal setting and the theory of deliberate practice.

According to the first, clearly formulated and challenging
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goals motivate students to make greater efforts, develop
resilience, and optimize task execution strategies. The second
emphasizes that systematic practice with a well-chosen level
of difficulty, combined with constant feedback, is a crucial
prerequisite for the formation of expert skills.

Practice with an appropriate level of difficulty and
constant feedback is the key to building professional skills.
Educational tasks involving an intellectual challenge
stimulate learning, because in situations where existing
knowledge and strategies are insufficient, students have to
develop new approaches to solving problems, which
contributes to the growth of competenc [30].

According to the theory of transformative learning by
Mezirow [31] such challenges can initiate critical reflection,
encouraging students to reconsider their previous beliefs and
attitudes, which, in turn, leads to a transformation of thinking
and behavior change.

In an Al-oriented educational environment, designing
tasks with moderate but stimulating complexity—for
example, interactive simulations, logical tasks, or cases with
multiple solutions—can create conditions for deep
immersion that require maximum engagement and
concentration. Such assignments help students gain a deeper
understanding of the learning material through practice and
trial action.

Kaptelinin [32] applying activity theory to the analysis of
interactive user behavior in the museum environment,
revealed that moderately complex tasks involving manual
interaction and team problem solving contribute to the
formation of new knowledge through practical interaction.
Similarly, digital technologies open up new opportunities in
distance learning: interactive tasks, VR quests, mind games,
and adaptive tests increase motivation, maintain interest in
learning, and enhance memorization.

Empirical research confirms that well-designed,
interactive and moderately complex tasks can activate
cognitive initiative, enhance immersion in the material,
promote understanding and support the processes of building
and transferring knowledge. At the same time, three
components are critically important:

1) commensurate complexity of the task,
2) built-in reflection,
3) prompt and constructive feedback.

In addition, the digital learning environment should be safe
and error-tolerant in order to encourage students to
experiment, maintain motivation to learn, and guide them
through the stages of concrete experience and active
experimentation, thereby developing their metacognitive and
professional competencies.

To empirically test the proposed framework, the study
involved 120 undergraduate students from Kh.
Dosmukhamedov Atyrau University. Participants were
randomly assigned into two groups: an experimental group,
which studied with the support of an Al-based distance
learning platform, and a control group, which relied on
traditional digital tools. Prior to data collection, the research
instruments (questionnaires and tasks designed according to
the Kolb cycle and goal-setting principles) were validated for
reliability and internal consistency. This ensured
methodological transparency and provided a solid basis for
testing the stated hypotheses.
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Hypotheses for distance learning with Al:
1) The desire to perform complex tasks has a positive effect
on the formation of a specific learning experience.
2) The desire to complete difficult tasks has a positive effect
on active experimentation in the learning process.

IV. RESEARCH RESULTS

As an applied case for testing the developed
methodological framework for experiential learning in an
Al-based distance learning environment, the virtual
educational space “Digital Al Campus” was chosen, which
was specifically designed for students of pedagogical and
technical fields. This digital campus simulates elements of a
real educational environment: online labs, interactive
seminars, learning situation simulations, and artificial
intelligence assistants.

As illustrated in Fig. 2, the cycle of learning experiments
and its tools clearly demonstrates how such Al-based
platforms support the integration of practical, reflective, and
interactive components of the educational process.

Concrete
Experience

Seeking
Challenging Tasks

Activity
Scenarios

Interac- Information,

Immersive
Conceptulization

Fig. 2. A cycle of learning experiments and its tools in Al-based distance
learning platforms.

The Al Digital Campus offers a rich range of resources for
active and meaningful interaction. Students can participate in
project activities, work with intellectual cases, receive
feedback from an automated assessment system, and interact
with teachers and other participants through simulations and
VR tools. All this aligns with the proposed framework of
experiential learning, emphasizing active participation,
reflection, and knowledge construction in the process of
interacting with the context.

Nevertheless, the implementation of digital learning with
Al faces a number of challenges. Currently, most online
courses remain linear and reproductive, which limits
students’ ability to actively immerse themselves in learning
situations and develop critical thinking. In addition, teaching
materials are often fragmented, lack a coherent narrative
structure, and do not provide cognitive connectivity between
modules.

To overcome these problems, this study proposes an
interactive educational platform based on an experiential
learning framework. Such a platform will include:

e Adaptive information delivery mechanisms that organize
knowledge into a logically connected and pedagogically
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consistent structure;

Interactive learning scenarios aimed at involving students
in problem-solving and modeling real-world practice
situations;

An instant feedback system supported by Al, promoting
reflection and enabling the creation of new knowledge
based on prior experience.

The platform aims to create a structured, interactive
environment that encourages users to actively explore the
learning material. The main interface of the platform is a

visual map of the digital educational space, as shown in Fig. 3.

This map shows the structural organization of the content and
the distribution of key educational modules. A clear visual
design helps students quickly form an overview of the course,
establish an initial cognitive framework, and create the basis
for further in-depth study.

Search

Thematic trajectories courses

Historical context

Craftsmanship and technology >

Content

categories

Fig. 3. Interface prototype illustrating adaptive thematic learning trajectories
in the ai-based e-learning platform.

Four functional icons on the main screen correspond to the
main modules of the platform: “Profile”, “Course Search”,
“Thematic Trajectories,” and “Content Categories.” The
Profile section provides personalized management options:
setting preferences, viewing progress, course history, and
adapting to the individual needs of the user. The Course
Search feature supports both text search and an Al-based
recommendation engine, meeting the demand for both
targeted and recommended learning.

The Thematic Trajectories module offers two learning
paths: Historical Context and Mastery and Technology,
focusing respectively on the history of the subject area and
applied aspects. Each path includes several modules
structured around the principles of adaptive learning, where
tasks and information blocks systematically guide the user
through the topic. The Content Categories section provides
structured access to educational resources, helping form a
clear knowledge structure.

The functionality of the “adaptive thematic route”
corresponds to the key learning behavior identified in this
study: the ability to solve complex problems. The Al-based
distance learning platform offers several individualized
learning paths, such as “algorithmic thinking” or “user
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interface design,” each of which includes a sequence of
modules united by a common theme and designed to develop
research-oriented, goal-directed learning.

This approach is based on the theory of purposeful practice
by Van Der Vleuten, C. P., according to which the consistent
performance of moderately complex, focused tasks with
constant feedback fosters the effective development of
professional competencies [33].

For example, the “algorithmic thinking” route begins with
an overview module, in which users are provided with
information about the topic, the number of tasks, the expected
completion time, and the target learning outcomes (Fig. 4).
This helps the student quickly build a cognitive
understanding of the educational task. Next, the system
visualizes the sequence of modules in the form of an
interactive map that highlights completed and active tasks,
encouraging step-by-step learning of the material.

Route

Completed!
Algorithmic Thinking I

Your World: 500 [

Learn the basics of algorithmic thinkin -
atons

the desired result

A e LG

| Introduction to Algorithms

G} Share % Favorites [ Goto

'osmre YFavorites B{  Goto
S ' Ea

Fig. 4. The “Algorithmic Thinking” adaptive learning route: from
introduction, through interactive map of tasks, to gamified completion
feedback.

The tasks of each route are designed in accordance with
goal-setting theory, according to which clear and moderately
complex goals enhance intrinsic motivation and cognitive
engagement [34]. Each module contains detailed instructions
and evaluation criteria, helping students understand expected
outcomes and guiding them to purposefully master the
material.

After successfully completing all the modules of the route,
the Al-based system provides personalized feedback and
rewards (in the form of points, badges, or recommendations),
encouraging achievement and supporting continued learning.
Such an immediate feedback mechanism helps sustain
motivation, consolidate acquired knowledge, and build a
solid knowledge structure.

The assessment stage is aimed at verifying the
effectiveness of the distance learning platform developed on
the basis of the methodological framework in improving the
quality of students’ educational experience. As part of the
quasi-experimental design, a questionnaire survey was
conducted to compare results between two groups of students.
Table 1 contains a list of scales and sources used in the
compilation of the questionnaire.

To ensure the reliability and validity of the questionnaire,
content validity was established through expert review,
construct validity confirmed via exploratory factor analysis
(KMO = 0.82, Bartlett’s test p < 0.001), and reliability
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confirmed with Cronbach’s o = 0.84-0.91. As part of the
quasi-experimental design, a questionnaire survey was
conducted to compare the results between the two groups of
students. Table 1 contains a list of scales and sources used in
the compilation of the questionnaire.

Table 1. Kolb’s model in the context of Al distance learning
An analog in an Al

Stage environment Application example
Interaction with
Concrete digital content A student uses a virtual
Experience (CE) (videos, simulations, laboratory simulator
AR/VR)
Automati Lyt L
Reflective U Zn;?ef d?)r:(l:lzl 165, Al indicates the
Observation (RO) ’ mistakes made
self-assessment
. The system generates
Abstract Personalized .
N . . summaries and
Conceptualization  generalization using .
(AC) Al diagrams based on
student actions
Active Completing new The student receives an
Experimentation tasks suggested by adapted task of
(AE) the system increased complexity

Working definitions of the constructs were applied:
satisfaction was defined as the learner’s subjective evaluation
of enjoyment, usability, and expectations; learning
effectiveness as the degree of improvement in knowledge,
skills, and competencies; engagement as cognitive,
emotional, and behavioral investment in learning tasks; and
technology adoption as perceived ease of use and usefulness,
based on the TAM model.

The study involved 60 students selected from universities
with a technical and pedagogical profile, who were divided
into two comparable groups of 30 people each. The
experimental group used a developed platform with Al

components (personalized learning, adaptive routes,
recommendations), while the control group studied using
traditional online courses without Al support.

The questionnaire consisted of three sections, as shown in
Table 1.

1) User Profile,

2) Digital learning Experience,

3) Technology Acceptance (based on the TAM
Technology Acceptance Model).

Both groups received training on the same topics for the
same period of time, after which they filled out an online
questionnaire using the Likert scale with five gradations. As a
result, 60 valid responses were collected.

To identify the differences between the two groups, t-tests
were conducted for independent samples aimed at analyzing
differences in the main parameters:

e perception of educational value,

involvement in learning,

convenience and satisfaction,

adoption of Al technology.

In addition, effect sizes (Cohen’s d) were calculated for
each comparison to estimate the magnitude of the observed
differences.

Effect sizes were calculated for each t-test. Cohen’s d
ranged from 0.95 to 1.20, indicating large effects. For
example, the difference in learning effectiveness (LERI)
between groups yielded d = 1.12. A post-hoc power analysis
(N =60, a = 0.05) confirmed statistical power > 0.95 for all
comparisons, ensuring robust detection of true differences.

The results demonstrated the contribution of the developed
platform to improving the effectiveness of distance learning
and confirmed the importance of including Al in the
educational process.

Table 2. A test of independent samples between the control and experimental

groups
. The average value . . .

Indicator The experimental group The control group T- meaning P- meaning Effect size (d)
UIQ1—User-friendliness of the interface 4.40 3.05 6.890 0.002 1.05
UIQ2—Al-based personalization 4.55 2.90 7.120 0.001 1.12
UIQ3—Easy navigation 443 3.00 6.740 0.002 1.12
LER1—Leaming effectiveness 4.60 3.15 6.980 0.001 1.08
LER2—Time management support 4.47 3.10 6.520 0.003 1.10
LER3—Motivation of students 4.50 3.05 6.410 0.003 1.07
AIA1—Adaptive assessment 4.43 3.00 6.590 0.002 1.09
AJA2—Real-time feedback 448 295 6.670 0.002 1.10
AIA3—Predicting student errors 435 3.05 5.900 0.006 1.02
UX1—Engagement 4.55 3.20 6.710 0.002 1.08
UX2—Satisfaction 4.42 3.00 6.850 0.001 1.11
UX3—Trust in the platform 4.40 3.05 6.200 0.004 1.05

As part of the study, t-tests were conducted to compare the
differences between the control and experimental groups in a
number of areas reflecting generalized educational outcomes
and technology adoption.

Participants in the experimental group using an artificial
intelligence-based distance learning platform showed higher
averages in the following areas: knowledge and
understanding, attitudes and values, activity and progress,
skill development, as well as engagement, inspiration and
creativity.

The results of independent t-tests showed statistically
significant differences between the two groups in all of these
indicators (see Table 2), which confirms the effectiveness of
the Al-based platform in improving the educational
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experience of students.

Students in the experimental group highly appreciated the
platform in terms of perceived ease of use and usefulness.
They noted that the system is intuitive, easy to learn, and
practical to apply. The interface was recognized as
user-friendly, and the platform was considered to reduce
cognitive load and increase motivation.

In addition, the students pointed out that the Al platform
effectively supports the learning process, increases
awareness, and facilitates comprehension of educational
material. These results demonstrate the success of design
solutions in the field of UX design and are consistent with the
quantitative data presented in Table 3. To provide a clearer
visualization of the main results, Fig. 5 and Fig. 6 present
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comparative bar charts of the experimental and control
groups across the main indicators. Fig. 5 summarizes the
learning experience indicators (UIQ, LER, AIA, UX), while
Fig. 6 shows the indicators of technology adoption (LP, PP).

These visualizations highlight the significant differences
between the groups and confirm the statistical results
presented in Tables 2 and 3.

Table 3. Test of independent samples between control and experimental groups (technology adoption)

Indicator The experime:g(; Z:z:f;)ge v’;lhueecon trol group T- meaning P- meaning Effect size (d)
LP1—Ease of learning the interface 4.40 2.85 6.782 0.002 1.03
LP2—Ease of navigation 445 2.90 5.015 0.018 0.91
LP3—Intuitive operation 425 4.10 2.345 0.045 0.52
PP1—Usefulness for the learning process 430 2.80 5.602 0.009 0.95
PP2—Improving the effectiveness of training 4.20 3.10 4.512 0.030 0.84
PP3—The overall usefulness of the platform 4.35 3.00 5.321 0.012 0.90

Note: p <0.05, *p <0.01, **p <0.001. LP—“Ease of use”’; PP— “Perceived usefulness”

Comparison of Experimental vs Control Groups (Table 2 Indicators)
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Comparative bar chart of experimental vs. control group results on
learning experience indicators.

Comparison of Experimental and Control Groups (Table 3)
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Fig. 6. Average values of learning experience indicators: Comparison
between experimental and control groups.

V. DISCUSSION

The proposed methodological framework “learning
actions—interactive scenarios” answers research question 1
(RQ1) by identifying key learner behaviors that contribute to
effective learning in a digital educational environment. The
framework is based on the integration of situational learning
theory and experiential learning theory, thereby emphasizing
the idea that learning occurs through interaction in specific
contexts and represents a cyclical process of transforming
experience into knowledge.

By describing the mutual influence between learning
behavior and contextual factors, the framework provides a
holistic model for analyzing student behavior and expected
learning outcomes, which helps to address research question
2 (RQ2).

In addition, the framework includes a digital technology
component, expanding the scope of experiential learning in
online education. The use of artificial intelligence for
adaptation and personalization of learning enhances the

impact of learning scenarios, making the platform more
responsive to the individual needs of students. Thus, the
methodological framework serves as an innovative tool for
designing effective Al-based distance education systems.

The analysis confirms the effectiveness of the Al platform
as a tool for improving the quality of distance education and
facilitating  interaction, thereby demonstrating the
applicability of the conceptual framework “learning
actions—interactive scenarios” to the design of digital
educational solutions. In addition to statistical significance,
effect size measures (Cohen’s d) were calculated to clarify
the magnitude of differences between the experimental and
control groups. The obtained values ranged from medium to
large, which confirms not only the statistical but also the
practical significance of the proposed Al-based learning
platform.

At the same time, the positive results of the control group
in terms of basic navigation and accessibility indicate that
both AI platforms and traditional solutions can be
user-friendly. This highlights the need to further improve the
personalization and adaptability of Al systems.

It should be noted that despite the support received for the
theoretical positions, the study has limitations related to the
sample size and duration of the experiment. To enhance the
generalizability of the methodological framework, additional
empirical studies with larger and more diverse samples in
various online learning contexts are needed.

Moreover, there is a risk of systematic response bias, as
students may have provided socially desirable answers or
been affected by contextual factors during the survey.
Another important limitation lies in the regional specificity of
the sample, which restricts the generalizability of the findings
to broader educational settings. Future research should
address these threats to validity through mixed-method
approaches, including interviews, classroom observations,
and data triangulation, to ensure a more robust understanding
of learner behavior and the effectiveness of Al-driven
educational systems.

The proposed methodological framework provides a
theoretical basis for stimulating the digital transformation of
experiential learning in distance education systems, thereby
answering research question 3 (RQ3). Digital technologies,
especially artificial intelligence, enable the creation of
immersive learning scenarios, offer diverse formats for
information presentation, and support personalized and
interactive learning models. This contributes to deeper
knowledge assimilation and increases student satisfaction
with the educational process.
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The developed Al-based distance learning platform, as an
example of practical implementation, demonstrates possible
ways of digital transformation of education. It offers adaptive
task-oriented learning plans, provides step-by-step
navigation through educational content, and delivers in-depth
interpretation of information tailored to each student’s level.

However, the digital transformation in distance learning
goes beyond technological solutions. It requires
consideration of intercultural communication, especially in
international or multicultural learning environments. When
designing educational scenarios, it is important to account for
the cultural adaptation of users, provide linguistic and
cultural support, and create platforms for multidirectional
interaction and understanding. This allows students to
approach cultural differences with openness and respect,
contributing to the formation of a digitally inclusive
environment.

VI. CONCLUSION

This study contributes to the development of an
understanding of experiential learning in distance education
through artificial intelligence technologies by answering
three key research questions.

First, the paper proposes a methodological framework
“learning actions—interactive scenarios,” based on the
integration of situational learning theory and experiential
learning theory. This framework offers a new perspective for
analyzing digital educational interactions, especially in
online learning environments where active student
participation and the context of interaction play an important
role.

Secondly, the study integrates the perspective of digital
technologies, in particular artificial intelligence, which
expands the theoretical and applied boundaries of
experiential learning research. The distance learning platform
with Al elements, examined in the empirical case study,
confirmed the applicability and effectiveness of the proposed
framework, demonstrating its potential for adaptive and
personalized learning.

In the future, research should focus on conducting
cross-cultural comparative analyses, developing strategies
for personalized user support, and using modern data analysis
methods (such as learning analytics and behavioral modeling)
to build more accurate models of learner behavior in digital
environments. These steps are important for optimizing
digital educational environments and ensuring the
sustainable development of Al-based distance learning
systems. It should also be noted that the current study was
limited by a relatively small sample size, which may affect
the generalizability of the results. Future studies are
encouraged to increase participant numbers to strengthen
robustness. Moreover, informed consent was obtained from
all participants, and data confidentiality was strictly
maintained, thereby reinforcing the methodological integrity
of the research.

CONFLICT OF INTEREST

The authors declare no conflict of interest.

AUTHOR CONTRIBUTIONS
Maxot Rakhmetov, Elmira Abdykerimova and Gadilbek

124

Alzhanov conducted the literature search, analyzed the data
and wrote the paper. Balaussa Orazbayeva and Bayan
Kuanbayeva visualized the data and reviewed the manuscript.
All authors have accepted the final version of the manuscript.

FUNDING

This work was financially supported by the Science
Committee of the Ministry of Science and Higher Education
of the Republic of Kazakhstan (grant AP25796073,
2025-2027).

REFERENCES

[1] C. F. Mahmoud and J. T. Serensen, “Artificial intelligence in
personalized learning with a focus on current developments and future
prospects,” Res. Adv. Educ., vol. 3, no. 8, pp. 25-31, 2024.

[2] Z. Zulpykhar and A. Azamat, “Implementing virtual reality
technologies to enhance digital literacy in primary education,” Int. J.
Innov. Res. Sci. Stud., vol. 8, no. 2, pp. 3993-3999, 2025.
https://doi.org/10.53894/ijirss.v8i2.6198

[3] D. Xu and H. Wang, “Intelligent agent supported personalization for
virtual learning environments,” Decis. Support Syst., vol. 42, no. 2, pp.
825-843, 2006.

[4] D. Gm et al., “A digital recommendation system for personalized
learning to enhance online education: A review,” I[EEE Access, vol. 12,
pp. 34019-34041, 2024.

[S] M. A. AlGerafi et al., “Unlocking the potential: A comprehensive
evaluation of augmented reality and virtual reality in education,”
Electronics, vol. 12, no. 18, 3953, 2023.

[6] M. L. Tremblay et al., “Simulation- based education for novices:
complex learning tasks promote reflective practice,” Med. Educ., vol.
53, no. 4, pp. 380-389, 2019.

[77 L. Wei, Animated Gestures: Pedagogical Agents’ Meaningful
Instructional Gesture Design for Effective Educational Information
Presentation, 2024.

[8] D. A. Kolb, Experiential Learning: Experience as the Source of
Learning and Development, 2nd ed., Upper Saddle River, NJ, USA: FT
Press, 2014.

[91 Z. Yu, “Sustaining student roles, digital literacy, learning
achievements, and motivation in online learning environments during
the COVID-19 pandemic,” Sustainability, vol. 14, no. 8, 4388, 2022.

[10] Z. Zhang et al., “Impact of different teaching modes on medical
students’ performance under the scoring criteria for multiple-choice
questions: A meta-analysis,” Medicine, vol. 103, no. 51, e41008, 2024.

[11] Y. Dogan, V. Batdi, and M. D. Yasar, “Effectiveness of flipped
classroom practices in teaching of science: A mixed research
synthesis,” Res. Sci. Technol. Educ., vol. 41, no. 1, pp. 393-421, 2023.

[12] Y. R. Alenazi, “Effectiveness of blended learning programs/models in
English instruction in Saudi universities: A systematic review of
literature,” Arab World Engl. J. (AWEJ), vol. 14, 2023.

[13] P. Orr et al., “A systematic review of Australian higher education
students’ and graduates’ work readiness,” High. Educ. Res. Develop.,
vol. 42, no. 7, pp. 1714-1731, 2023.

[14] M. A. Altamirano, “US higher education in crisis: A study of
leadership challenges in a post-pandemic world,” in The Palgrave
Handbook of Crisis Leadership in Higher Education, Cham,
Switzerland: Springer, 2024, pp. 625-637.

[15] M. Rakhmetov et al, “Usage and effectiveness of educational
platforms in Kazakhstan during the Covid-19 pandemic,” World Trans.
Eng. Technol. Educ., vol. 20, no. 3, pp. 226-231, 2022.

[16] S. S. Budhai and K. A. Skipwith, Best Practices in Engaging Online
Learners through Active and Experiential Learning Strategies, New
York, NY, USA: Routledge, 2021.

[17] R. Yusof et al., “Investigating the role of digital learning in enhancing
educational values: Online socialization and its effect on peer learning,
collaborative skills and knowledge construction,” Int. J. Learn., Teach.
Educ. Res., vol. 21, no. 9, pp. 441-459, 2022.

[18] D. Bailey, “Interactivity during COVID-19: Mediation of learner
interactions on social presence and expected learning outcome within
videoconference EFL courses,” J. Comput. Educ., vol. 9, no. 2, pp.
291-313,2022.

[19] T. Dirsehan, “Analyzing museum visitor experiences and post
experience dimensions using SEM,” Bogazici J., vol. 26, no. 1, 2012.

[20] Z. Zulpykhar et al., “Assessing the effectiveness of personalized
adaptive learning in teaching mathematics at the college level,” Int. J.
Eng. Pedagogy (iJEP), vol. 15, no. 4, pp. 4-22, 2025.
https://doi.org/10.3991/ijep.v15i4.52797



(21]

[22]

(23]

[24

[}

[25

[}

[26]

[27]

(28]

International Journal of Information and Education Technology, Vol. 16, No. 1, 2026

J. Landsman and C. W. Lewis, White Teachers/Diverse Classrooms:
Creating Inclusive Schools, Building on Students’ Diversity, and
Providing True Educational Equity, New York, NY, USA: Taylor &
Francis, 2023.

O. Peters, “Digital learning environments: New possibilities and
opportunities,” Int. Rev. Res. Open Distrib. Learn., vol. 1, no. 1, pp.
1-19, 2000.

S. K. Cheung et al., “Shaping the future learning environments with
smart elements: challenges and opportunities,” Int. J. Educ. Technol.
High. Educ., vol. 18, no. 1, p. 16, 2021.

L. D. Fink, Creating Significant Learning Experiences: An Integrated
Approach to Designing College Courses, San Francisco, CA, USA:
Jossey-Bass, 2013.

G. Nikitenko, “Correlational analysis of adult students’ self-directed
learning readiness, affective learning outcomes, prior electronic
learning experience, and age in hybrid and online course-delivery
formats,” M.S. thesis, Univ. Ontario Inst. Technol.,, Oshawa, ON,
Canada, 2009.

M. S. Kosinski, “Measurement and prediction of individual and group
differences in the digital environment,” Ph.D. dissertation, Univ.
Cambridge, Cambridge, U.K., 2014.

M. H. Lin, H. C. Chen, and K. S. Liu, “A study of the effects of digital
learning on learning motivation and learning outcome,” Eurasia J.
Math., Sci. Technol. Educ., vol. 13, no. 7, pp. 3553-3564, 2017.

S. J. Derry, “Learning strategies for acquiring useful knowledge,”
Dimensions of Thinking and Cognitive Instruction, New York, NY,
USA: Routledge, 2013, pp. 347-379.

125

[29]

[30]

[31]

[32]

[33]

[34]

M. Gutu, “Metacognition and self-assessment in informatics classes:
exploring the impact of assessment criteria, motivation, and task
complexity,” in Proc. Int. Conf. Virtual Learn, vol. 18, 2023, pp.
243-261.

S. D. Johnson, “Learning technological concepts and developing
intellectual skills,” Int. J. Technol. Des. Educ., vol. 7, no. 1, pp.
161-180, 1997.

J. Mezirow, “How critical reflection triggers transformative learning,’
Fostering Critical Reflection in Adulthood, San Francisco, CA, USA:
Jossey-Bass, 1990, pp. 1-6.

V. Kaptelinin, “Designing technological support for meaning making
in museum learning: an activity-theoretical framework,” in Proc. 44th
Hawaii Int. Conf. Syst. Sci. (HICSS), Kauai, HI, USA, 2011, pp. 1-10.
C. P. Van Der Vleuten, “The assessment of professional competence:
developments, research and practical implications,” Adv. Health Sci.
Educ., vol. 1, no. 1, pp. 41-67, 1996.

P. C. Blumenfeld, T. M. Kempler, and J. S. Krajcik, “Motivation and
cognitive engagement in learning environments,” The Cambridge
Handbook of the Learning Sciences, Cambridge, U.K.: Cambridge
Univ. Press, 2006, pp. 475-488.

>

Copyright © 2026 by the authors. This is an open access article distributed
under the Creative Commons Attribution License which permits unrestricted
use, distribution, and reproduction in any medium, provided the original
work is properly cited (CC BY 4.0).


https://creativecommons.org/licenses/by/4.0/

	IJIET-V16N1-2488-IJIET-18558



