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Abstract

Knowledge tracing is a methodological framework focused on modeling and predicting
learners’ future performance on tasks involving related concepts, while also tracking
the dynamic evolution of their knowledge over time. The current study aims to assess
the effectiveness of an intelligent learning system (ILS) based on the Knowledge Tracing
Model in improving academic passion, self-efficacy, and achievement among 100 students
enrolled in a Special Care course. A quasi-experimental design was employed via a
single experimental group without a control group. Three instruments—achievement test,
self-efficacy, and academic passion—were administered pre- and post-intervention. A
statistically significant improvement was observed across all three domains. The findings
suggest a positive association between the use of the ILS and gains in academic achievement,
self-efficacy, and academic passion. In conclusion, the results support the use of knowledge-
tracing-based learning systems for academic performance enhancement and university
students” motivation.

Keywords: intelligent educational system; knowledge tracing model; achievement;
self-efficacy; academic passion

1. Introduction

The advancement of intelligent learning systems (ILSs) is reshaping teaching and
learning methodologies by integrating big data, artificial intelligence, and educational prac-
tices [1]. These systems support personalized learning, online instruction, and intelligent
assessment, thereby enhancing the overall learning experience. Findings suggest that ILSs
can increase learning performance by up to 30% compared to traditional methods [2], based
largely on their ability to provide instant and personalized assistance.

The ILSs are characterized by a modular architecture, integration of student, expert,
and pedagogical models, adaptive and personalized instruction, advanced knowledge
representation, and the use of modern technologies to enhance the learning environment [3].
Their design also involves careful consideration of data collection, learner modeling, and
automation to provide effective and individualized learning experiences [4].
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Within these systems, Knowledge Tracing (KT) plays a crucial role by predicting
students’ future performance on concept-related tasks and monitoring their evolving
knowledge states [1]. The concept of knowledge tracing was first proposed by An-
derson and colleagues in a 1986 technical report on cognitive modeling and intelligent
tutoring [5] and was subsequently published in the Artificial Intelligence journal in 1990 [6].
With the rise of massive open online courses and web-based intelligent tutoring sys-
tems, students can now receive tailored guidance and acquire knowledge while working
through exercises [7]. Each exercise requires the application of one or more underlying
concepts. For instance, solving 10 x 20 involves the concept of integer addition, whereas
solving 10 x 20 + 5.2 requires both integer addition and decimal addition. A student’s
likelihood of answering an exercise correctly depends on their knowledge state—the extent
to which they have understood and internalized the relevant concepts [8].

KT refers to the problem of predicting future learner performance given their past
performance in educational applications [9]. The objectives of KT are 1. to monitor how a
student’s knowledge evolves by analyzing their previous responses to exercises, and 2. to
track the progress of a student in terms of the knowledge or skills developed throughout a
learning process [10].

This predictive capability enables educators to more effectively identify learners’ needs
and deliver individualized instruction accordingly. Moreover, KT provides a scientific
foundation for data-informed educational decisions, supporting both educators and poli-
cymakers in designing effective, evidence-based strategies that align with learners’ actual
progress and requirements [1].

KT tracks learners” development by analyzing their strengths and weaknesses as
inferred from interactions with the educational system. It is widely applied in ILSs, leverag-
ing machine learning algorithms to assess student progress and forecast future performance
based on prior learning activities. The core objective of KT is to predict a learner’s next
response or performance based on their historical interactions with educational content,
such as exercises or quizzes. By accurately modeling a student’s knowledge state, instruc-
tors and ILSs can deliver personalized feedback, adapt learning pathways, and enhance
educational outcomes [11].

Traditional KT methods, such as those based on Bayesian Knowledge Tracing
(BKT) [12], employ Hidden Markov Models (HMMs) to model learners’ cognitive states.
BKT is based on the assumption that a learner’s knowledge state can be categorized as
known or unknown and then updates the state according to the learner’s performance
on different tasks. While BKT has been widely used, it is limited by its inability to cap-
ture complex relationships between different knowledge concepts and its dependence on
predefined skill labels.

Recent years have seen significant improvement in the field of knowledge tracing (KT)
through advances in deep learning models. Recent models like Deep KT (DKT) use neural
networks to enhance the precision of knowledge tracking, hence providing more effective
and accurate support to learners [13].

Substantial research supports the idea that the application of Knowledge Tracing
can significantly improve students’ academic performance. By providing instantaneous
feedback and personalized guidance, students can improve their understanding of the
subject, increase their rates of achievement, and reduce the time to learn new skills by up
to 50% compared to traditional instruction [14]. In addition, ILSs can personalize learning
experiences by analyzing student information to identify areas requiring improvement and
providing personalized educational materials to address challenges.

ILS helps students improve learning by creating a learning environment that aids in
effective management of time and resources. Existing research has shown students who
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use IESs that support multitasking make improvements in both time management and
academic productivity [15].

The connection between learning and Knowledge Tracing is both interesting and
intricately related. Knowledge Tracing models play a central role in nurturing students’
capacity to effectively multitask. Through the examination of students” interactions with
the learning platform to gauge their mastery of different skills, the models lead learners
towards areas needing improvement. This personalized guidance supports the acquisition
of skills by encouraging a strategic distribution of effort across different tasks based on the
learners’ mastery levels. Lu et al. [16] state that learning systems that integrate Knowledge
Tracing have the potential to enhance the ability of learners to transition between tasks
without disruptions, ultimately leading to improved overall academic performance.

In e-learning contexts, students often face difficulties in allocating their time and re-
sources across concurrent tasks. Adaptive learning systems—by tracking learners” ongoing
knowledge acquisition and adapting task sequencing accordingly—can offer personalized
guidance to optimize effort allocation [17]. For example, when a system detects mastery in
a particular skill, it can redirect the learner to tasks requiring more attention, thus helping
manage workload and reduce overwhelm [18]. Such systems have been shown to maximize
learning efficiency under constraints of limited time and motivational resources [19], and
adaptive task-assignment algorithms have demonstrated effectiveness in recommending
tasks tailored to student competence [20]. Moreover, adaptive e-learning environments
have been associated with improvements in self-regulated learning, which inherently
involves better time and resource management by learners [21].

In addition, Knowledge Tracing can determine the optimal intervals for task switching.
For example, if Knowledge Tracing shows that a student becomes distracted after a certain
period of task involvement, the system can suggest breaks or task restructuring in order
to maintain continuity without compromising concentration. This approach is based on
cognitive psychology theories that argue task switching can have positive effects if done
in the right way. Ludwig et al. [21] argues that performance can be enhanced via task
switching, but only if the switching is carefully designed on the basis of an overall analysis
of individual capacity and needs.

In summary, Knowledge Tracing is a key element for the future development of
learning owing to its ability to provide accurate measures of student learning and adaptive
recommendations based on those measures. It is envisioned that the incorporation of
Knowledge Tracing into task management will translate into dramatic improvements
in learning outcomes and increase student satisfaction during the learning process. Liu
etal. [13] added that there are modern Knowledge Tracing models such as Deep Knowledge
Tracing (DKT), which can provide better analysis of students” interactions with different
tasks and thus increase the efficiency of Intelligent Educational Systems (IESs).

Additionally, Knowledge Tracing provides students with a clear view of their strengths
and weaknesses, thus making it easier to identify areas of improvement in specific areas.
This level of openness enables students to set realistic and achievable goals, thereby increas-
ing their perceived agency in the learning process. Once students realize that they have
the capacity to improve performance through objective testing, they develop increased
self-efficacy, thus engaging in academic tasks with increased confidence. Schunk and
Pajares [22] illustrated that students who receive accurate and specific feedback tend to
develop higher levels of self-efficacy, which directly affects their academic performance.

Notably, Self-Determination Theory [23] provides a principled lens to map Knowledge
Tracing (KT) personalization features onto the three basic psychological needs: autonomy;,
competence, and relatedness. Several Intelligent Tutoring System (ITS) studies show that
SDT-style designs effectively raise motivation and engagement. Furthermore, SDT-based
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ITS interventions have been shown to improve academic engagement, motivation, and
perceived competence in targeted populations, suggesting clear mechanistic targets for KT
personalization. For example, Chen et al. reported improved engagement and motivation
from an ITS design focused on enhancing autonomy, competence, and relatedness [24].

Self-efficacy is a core psychological measure that affects accomplishment in educational
environments because it refers to an individual’s belief in his or her ability to perform well
in learning activities. Knowledge Tracing plays a key role in developing self-efficacy by
providing immediate and accurate feedback that truly reflects students’ progress through
different skills. The recognition of continuous improvement in their performance, as
shown through Knowledge Tracing measures, increases their confidence in their abilities
and motivates them to put more effort into achieving their learning goals. Bandura and
Wessels [25] posited that positive and accurate feedback is an essential element in the
development of self-efficacy.

In addition, Knowledge Tracing helps to reduce frustration exhibited by students
when their learning process is hindered. By drawing on insights gained through Knowl-
edge Tracing to create customized learning strategies, the system hopes to help students
overcome challenges step by step, thereby enhancing their feelings of achievement and
self-efficacy. This approach is based on the principles of educational psychology, which
argue that success in smaller tasks can enhance self-efficacy and get learners to work harder
on more complex problems. Zimmerman [26] noted that learners who feel they are in
charge of their learning situations tend to develop higher levels of self-efficacy.

In conclusion, Knowledge Tracing offers potent strategies for enhancing self-efficacy
through the provision of accurate information on students’ performance coupled with cus-
tomized recommendations based on this information. The connection between Knowledge
Tracing and self-efficacy offers an opportunity for significant improvements in academic
performance, as well as higher student satisfaction with the learning process. Aleven
et al. [27] showed that Intelligent Educational Systems (IESs) based on Knowledge Trac-
ing can support students’ self-efficacy by providing them with effective and adaptive
learning experiences.

Knowledge Tracing provides students with a clear insight into their progress in gaining
varied skills, enabling them to identify areas of improvement and areas where they have
been successful. This openness creates a greater sense of autonomy over their learning
process, thus enhancing their motivation and readiness to continue with their studies. To
the extent that students see their potential for improvement as presented through unbiased
measurements, it enhances their passion for learning and encourages them to face learning
challenges with greater determination. Fredricks et al. [28] suggested that students who
feel in control of their learning activities are more likely to develop a strong sense of
academic passion.

In addition, Knowledge Tracing could also stimulate academic interest by providing
challenging and engaging learning experiences. For example, the system can create learning
challenges that precisely assess learners based on their current skill levels, thus motivating
them to seek more knowledge. This approach conforms to educational psychology theories
that advocate for the use of appropriate challenges to foster motivation and interest in
learning. As espoused by Deci and Ryan [29], students who face challenges that are
commensurate with their levels of competency are likely to develop a higher interest in
academic activities.

Academic passion is characterized by a strong enthusiasm and dedication to the
pursuit of knowledge and academic achievement, inspiring students to work towards
excellence in academic pursuits. Knowledge Tracing plays a very important role in per-
petuating this passion by executing personalized and stimulating learning experiences
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that always respond to the progress of the students. When students notice performance
gains due to Knowledge Tracing feedback, it enhances their feelings of accomplishment
and motivates them to put more effort into achieving their academic goals. Vallerand and
Houlfort [30] opined that academic passion is nurtured through a series of achievements as
well as awareness of progress, which can be made easier using Knowledge Tracing tools.

Opverall, Knowledge Tracing offers strong methods for increasing academic motivation
through the provision of accurate insights into students” progress, in addition to recom-
mendations based on this information. This connection between Knowledge Tracing and
academic motivation is likely to offer significant improvements in educational achievement,
as well as increased student satisfaction with educational experiences. Liu et al. [13] argue
that new models of Knowledge Tracing, including Deep Knowledge Tracing, can offer a
better picture of how to engage students and increase their academic motivation.

It is evident from the above that IESs play a pivotal role in enhancing learning, self-
efficacy, and academic passion among students. By providing immediate and personalized
feedback and analyzing student data to offer precise educational recommendations, these
systems can improve students’ management of multiple tasks, increase their confidence
in their abilities, and boost their enthusiasm and interest in learning. This study aims
to explore the impact of an IES based on the Knowledge Tracing model on these three
aspects, contributing new insights to improve the learning experience and enhance students’
academic outcomes.

Despite the numerous benefits related to Instructional Evaluation Systems (IESs),
various challenges make their implementation difficult, including the need for a whole
technological infrastructure and proper training for teachers to effectively use these sys-
tems [30]. However, the expected benefits of using such systems outweigh the related
disadvantages, particularly regarding improving the quality of education. Heffernan and
Heffernan [31] reported that investing in technological infrastructure and teacher training
can significantly enhance the effectiveness of IESs.

KT has made significant progress in modeling learners’ cognitive mastery. However,
important gaps remain concerning its integration with motivational and emotional fac-
tors [32]. Most KT models focus primarily on performance prediction and knowledge-state
estimation, giving limited attention to affective-motivational constructs such as self-efficacy
and academic passion [33]. Additionally, current models exhibit technical and conceptual
limitations, including shallow representations of cognitive processes, difficulties in cap-
turing long-term learning dependencies [34], and reliance on expert-defined mappings
between items and knowledge components.

The intelligent learning system proposed in this study addresses these limitations by
incorporating emotional, behavioral, and motivational data into KT-driven personalization.
This approach enables more adaptive and holistic learner support compared to traditional
KT models [35]. The system enhances real-time learning path analysis and extends learner
modeling beyond purely cognitive indicators [36].

Despite these advancements, empirical evidence on the direct effects of KT-based inter-
ventions on motivational outcomes remains limited [37]. The mechanisms through which
personalized KT feedback influences self-efficacy, academic passion, student engagement,
and long-term achievement are still insufficiently understood [38]. Addressing this gap
represents a central objective of the present study.

1.1. The Current Research

This research aims to investigate the association between the use of an Intelligent
Learning System (ILS) based on the BKT model and improvements in academic achieve-
ment, self-efficacy, and academic passion. By designing and implementing this system, we
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hope to provide new insights that contribute to improving the learning experience and
enhancing students’ academic outcomes.

1.2. Research Hypotheses

H1. There is a statistically significant increase in the Cognitive Achievement scores of the experi-
mental group in the Special Care course from pre-test to post-test.

H2. There is a statistically significant improvement in the self-efficacy scores of the experimental
group from pre-test to post-test.

H3. There is a statistically significant enhancement in the academic passion scores of the experi-
mental group from pre-test to post-test.

H4. There are no significant differences in post-test achievement, self-efficacy, or academic passion
scores between male and female students.

2. Materials and Methods
2.1. Research Design and Participants

The current study employed a quasi-experimental design with a single experimental
group comprising approximately 167 student participants who initially engaged with a
smart learning platform. However, only 100 students completed the full experimental
process, of which 57 female and 43 males. The group was assessed using a pre-test/post-
test approach to measure academic achievement, self-efficacy, and academic passion. The
experimental intervention involved the use of an intelligent learning system based on
the Knowledge Tracing Model. All participants, aged between 20 and 51, were selected
during the first term of the 2024-2025 academic year. Instruction was delivered by the same
instructors for Blended Learning students in Level Four, majoring in Digital Educational
Technology, enrolled in the course ‘Special Needs Care’. Participation was voluntary, and
all students completed an informed consent form before beginning the study. Students
were informed about data confidentiality, the academic purpose of the research, and their
right to withdraw at any time without academic consequences. The study protocol was
reviewed and approved by Fayoum University.

2.2. Research Instruments

The study used three primary measurement instruments.
1. Academic Achievement Test:

The study employed three primary measurement instruments. First, the academic
achievement test consisted of 116 items designed to assess students’ mastery of course
content. Items were reviewed by 5 experts to ensure content validity and balanced coverage
across Bloom’s taxonomy levels. Item analysis, including item difficulty and standard
deviation, indicated variability in item performance and an appropriate range of difficulty
across the test (e.g., item means ranged from 0.11 to 0.88, standard deviations ranged
from 0.316 to 0.504). Content validity was further examined through expert judgment by
eleven specialists in psychometrics, psychology, and educational technology, who evaluated
the relevance, clarity, and suitability of the items for the target population. The content
validity index (CVI) exceeded 0.90 for all items. Its reliability was evaluated using the
split-half method with a sample of 72 students, yielding a coefficient of 0.94 following the
application of the Spearman—Brown correction. These results indicate that the achievement
test demonstrates strong validity and high reliability.
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2. Self-Efficacy Scale

The Self-Efficacy Scale used in this study was developed within the theoretical frame-
work of the General Self-Efficacy Scale developed by Schwarzer and Jerusalem [39], which
conceptualizes self-efficacy as individuals” generalized beliefs in their capacity to cope
with a wide range of challenging and stressful situations. Drawing on this framework,
the present scale was designed to measure students’ self-efficacy in academic, social,
and performance contexts, ensuring cultural relevance and contextual appropriateness
for Arab populations.

Content validity was established through expert review by eleven specialists in psy-
chology, psychometrics, and educational measurement, who evaluated the relevance, clarity,
and cultural appropriateness of the items. Based on their feedback, minor revisions were
made to enhance item clarity and contextual suitability. The final version administered
in this study consisted of 34 items. Exploratory factor analysis with varimax rotation,
conducted on a pilot sample of 134 students, revealed a clear three-factor structure, con-
sistent with the theoretical conceptualization of self-efficacy in academic settings. Factor
1—Academic Self-Efficacy /Task Mastery (17 items, loadings 0.310-0.684) reflects students’
confidence in completing academic tasks, solving problems, managing multiple assign-
ments, and adapting to challenges. Factor 2—Interpersonal Self-Efficacy (13 items, loadings
0.361-0.644) captures students’ perceived ability to interact effectively with peers, build
trust, and cope with social challenges. Factor 3—Performance Orientation/Competitive
Self-Regulation (4 items, loadings 0.371-0.824) reflects the influence of social comparison
and evaluation on academic performance.

All items loaded above the commonly accepted threshold of 0.30, with minimal
cross-loadings, supporting the distinctiveness of the three dimensions. Together, the three
components accounted for a substantial portion of the variance, providing evidence for
the construct validity of the scale. Internal consistency reliability was examined using
Cronbach’s alpha, yielding a coefficient of 0.81, which indicates acceptable reliability.
Factor analysis was conducted. Overall, the scale demonstrated satisfactory validity and
adequate reliability for use with the study population.

3. Academic Passion Scale

The Academic Passion Scale consisted of 22 items and was developed with reference
to the theoretical framework and prior work of Vallerand et al. [40]. The scale was designed
to assess students’ levels of academic passion. The Academic Passion Scale employed a five-
point Likert-type response format ranging from 1 (strongly disagree) to 5 (strongly agree).
Content validity was established through expert evaluation by specialists in psychology,
psychometrics, and education, who reviewed the items for relevance, clarity, and alignment
with the construct of academic passion within the academic context. Minor modifications
were made based on expert feedback to improve item wording and contextual appropriate-
ness. The final version of the scale comprised 22 items. Factor analysis, conducted on a pilot
sample of 134 students using varimax rotation, revealed a clear two-component solution.
The first component included 12 items (I1-112) representing harmonious academic passion,
and the second component comprised 10 items (I13-122) reflecting obsessive academic
passion. All component loadings exceeded 0.30, with no substantial cross-loadings, sup-
porting the distinctiveness of the two dimensions. The two-component solution accounted
for 40.3% of the total variance, meeting the commonly accepted minimum threshold for
scales in psychological and educational research. This structure provides evidence for the
construct validity of the scale. Reliability analysis yielded a Cronbach’s alpha coefficient
of 0.78, indicating acceptable internal consistency. Overall, the Academic Passion Scale
demonstrated satisfactory validity and adequate reliability for use in the present study.
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2.3. Implementation Procedures for the Proposed Learning Environment
2.3.1. Intelligent Learning System and Knowledge Tracing Model

The intelligent learning environment used in this study was developed specifically
for research purposes by the Educational Technology Department at [Fayoum University].
The system was hosted on a secure, university-managed server and automatically adapted
learning content, sequencing, and feedback based on students’ predicted mastery levels.

The system integrates a Bayesian Knowledge Tracing (BKT) model to estimate learners’
mastery states in real time. BKT was selected due to its interpretability, computational effi-
ciency, and suitability for mastery-learning environments. BKT conceptualizes knowledge
as a hidden binary variable that evolves over time, while observed student responses serve
as evidence used to update the probability of mastery.

The BKT model applied four standard parameters—initial mastery (p(Ly)), learning
rate (p(T)), slip (p(S)), and guess probability (p(G))—implemented, where

- Prior probability (P(Lg)) represents the learner’s initial likelihood of having mastered
a given knowledge concept before engaging with the learning activities.

- Guess probability (P(G)) reflects the chance that a learner provides a correct response
despite not actually mastering the concept.

- Slip probability (P(S)) reflects the chance that a learner provides an incorrect response
even though the concept has already been mastered.

- Transition probability (P(T)) denotes the likelihood that a learner who has not yet
mastered a skill will achieve mastery after the subsequent learning or practice oppor-
tunity.

Figure 1 illustrates the temporal structure of the Bayesian Knowledge Tracing (BKT)
model across three consecutive opportunities (t — 1, t, t + 1). At each step, the model
maintains and updates a probabilistic estimate of the learner’s mastery of a specific skill
based on observed performance.

[ U PR S

Figure 1. KBT model.

1.  Initial Knowledge (P(Lg))

The learning process begins with P(Lg), the prior probability that the learner has
already mastered the target skill before any interaction occurs. This prior initializes the first
hidden state and sets the baseline belief from which all subsequent updates are made. In
the figure, P(Lo) feeds into the earliest latent state (k'~1).

2. Hidden Mastery State (k')

At each time step t, the model represents the learner’s true but unobservable mastery
state using k'. The probability P(k') reflects whether the learner is in the mastered or
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non-mastered state. These latent states form a temporal chain, as shown in the horizontal
transitions connecting k!~1, k!, and k**1.

3.  Learning Transition Probability (P(T))

Transitions between consecutive hidden states are governed by P(T), which denotes the
probability that a learner moves from the non-mastered to the mastered state between two
opportunities. This parameter represents the acquisition of knowledge and is illustrated by
the arrows linking the hidden states across time steps.

4. Observation Model: Guess and Slip Probabilities (P(G), P(S))

Observable performance at each time step is represented by y!, the learner’s actual
response. The model uses the guess (P(G)) and slip (P(S)) probabilities to define the
likelihood of correct or incorrect responses given the hidden mastery state. Each observed
response updates the posterior estimate of mastery, completing the recursive cycle.

5. Observable Response (y*)

The variable y' represents the learner’s actual response at time t. Each observed
response (correct or incorrect) is generated according to the guess and slip probabilities
and is used to update the posterior estimate of the learner’s mastery. This completes the
recursive cycle in which observation informs and refines the evolving latent state.

2.3.2. System Origin and Technical Specifications

The platform was developed using Python (version 3.12.7) and integrated with a
MySQL database for storing student interaction logs. The algorithmic engine relied on
the pyBKT open-source framework (version 1.7) as the core library for the Knowledge
Tracing model. The user interface was built on a web-based dashboard enabling students to
perform tasks, receive feedback, and view recommended resources. The platform provided
real-time analysis of learner input and delivered automated content sequencing based on
mastery estimates. The smart learning environment was developed collaboratively by all
authors, with clearly defined roles in design, content preparation, data entry, and evaluation.
The total production cost was approximately $2000, demonstrating that the system can be
deployed cost-efficiently. This practical consideration, alongside instructor involvement
in system development and evaluation, underscores the feasibility of integrating such
technology in educational settings.

2.3.3. Pedagogical Role of Knowledge Tracing in Personalization

Knowledge Tracing models aim to monitor the development of students” knowledge
throughout the learning process and to predict their performance on future tasks. By more
accurately measuring students’” knowledge levels, these models can be used to personalize
learning plans, thereby maximizing learning efficiency.

Furthermore, Knowledge Tracing models enable the tracking of changes in students’
knowledge states. Once these states are understood, the intelligent learning system can
tailor learning experiences to match individual students” competencies. This approach not
only supports personalized instruction but also helps students better understand their own
learning trajectories and focus on improving areas where they exhibit weak mastery.

Figure 2 illustrates several screens from the proposed learning environment, including:

1. Each student logs into the environment by entering a unique username and password.
Each student first completes a pre-test for the Special Needs Care course. The purpose
of this test is to measure the student’s initial cognitive level before beginning the
learning process.
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The course content is divided into a set of lessons and concepts, comprising approxi-
mately 16 lessons and 49 concepts. Notably, students cannot proceed to the next lesson
unless they have studied the current lesson and answered its associated questions.
Upon entering a lesson, a screen appears displaying the lesson objectives, con-
tent (i.e., the concepts associated with the lesson, which vary in number), and
self-assessment questions.

After studying the lesson content and concepts, the student proceeds to complete the
self-assessment questions.

The system then predicts student performance on subsequent tasks, which determines
whether the student can proceed to the next concept or must review the current lesson.
This process includes:

(a) For the first student, the prediction rate is 100%. Based on the intelligent
learning system’s analysis using the Knowledge Tracing model, the system
predicts that this student can master the next concept with full confidence. This
high-rate results from the interconnected nature of the concepts, which require
mastery of preceding material before progression.

(b)  For the second student, the prediction rate is 50%. The system informs the stu-
dent that there is a 50% likelihood of correctly answering the questions related
to the next concept. This prediction is based on the student’s performance in
studying and answering questions on the current concept.

(c) For the third student, the system records a prediction rate of approximately
66.7%. This indicates that the student is not yet ready to study or solve questions
for the next concept. Consequently, the student is advised to review the current
lesson content and its associated concepts due to insufficient mastery.
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Figure 2. Implementation procedures for the proposed learning environment. (A) Each student logs
into the environment; (B) Each student first takes the pre-test for the Special Needs Care course;
(C) The content of the Special Needs Care course was divided into a set of lessons and concepts
(approximately 16 lessons and 49 concepts). (D) Example for lesson: including the lesson objectives,
and the self-assessment questions; (E) Self-assessment questions; (F1) KTM indicated a prediction
rate of 100% for this student; (F2) KTM indicated a prediction rate of 100% for this student; (F3) KTM
indicated a prediction rate of 100% for this student.

2.3.4. Adaptive Learning Workflow of the Proposed System

Figure 3 illustrates the adaptive learning process implemented in the current study,
in which Bayesian Knowledge Tracing (BKT) is employed to personalize instructional
pathways within a smart learning environment. This approach is designed to support
mastery learning by continuously estimating each learner’s evolving knowledge state and
dynamically tailoring the sequence of concepts to individual performance.

The learning sequence begins when the student logs into the smart environment and
initiates study of the first concept (C;). Upon engaging with the instructional material,
the student completes a self-assessment activity, generating an observable response (y?).
This response is analyzed using the BKT model to update the learner’s mastery probability
P(k'), based on four core parameters: initial knowledge P(Ly), transition probability P(T),
and the guess and slip probabilities P(G) and P(S). This probabilistic update provides a
refined estimate of the learner’s current mastery of the concept.

Based on the updated mastery estimate, two outcomes are possible (See Figure 3):

1.  High Mastery Probability: If the mastery probability exceeds the predefined pro-
gression threshold, the system predicts a high likelihood of success for concept Cy,
allowing the learner to advance to the next concept (Cy).
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2. Low Mastery Probability: If the mastery probability remains below the threshold, the
model predicts a higher probability of failure. In this case, the environment delivers

targeted remediation, which may include explanations of errors, additional worked

examples, redirection to the same concept, or access to supplementary resources to

reinforce comprehension.

Log in to the smart
learning environment

R

Initiate study of =

Concept C1

!

Self-assessment
(Generates response y*)

|

Analysis responses using
BKT for concept C1
P(LO), P(T), P (G), P(S)
Updated mastery
probability P(k1)

Correct answer
High mastery
probability P(k1)

Wrong answer
Low mastery
probability P (k1)

E

-- High prediction of student success in
mastering concept C1
-- Progression to the next concept C2

A

Studying concept C2

Analysis responses
using BKT
for concept C2
P(LO), P(T), P (G), P(S)
Updated mastery
Probability

—Yes—

: !

Correct answer Wrong answer
High mastery Low mastery
probability P (k1) probability P(k2)

High prediction of student success in concept C1
Progression to the next concept: C3, C4, ..... Cn

I
v

Continuing progression along the personalized
mastery pathway

Y

Achieving Concepts (Cn) > END

Figure 3. BKT-Driven Adaptive Learning Process Path.

[

1

- High prediction of student failure in
achieving the outcomes of concept C1
- The environment provides: 1) an
explanation of the error.

2) redirection to the same concept or
additional resources.
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This cycle is iterative and continues across all subsequent concepts (C, to Cy). At each
step, the learner’s performance generates a new observable response (y'), which triggers
a BKT update of the mastery probability P(k'). This recursive process ensures progres-
sion only when sufficient mastery is demonstrated, thereby minimizing the likelihood of
repeated failure and reducing cognitive overload.

As learners progress along their personalized pathways, consistent patterns of success
are expected to strengthen self-efficacy and sustain academic passion, both of which are pos-
itively associated with higher academic achievement. The final stage reflects the successful
attainment of target competencies and completion of the individualized mastery pathway.

Opverall, this BKT-driven adaptive learning model exemplifies how data-informed envi-
ronments can personalize instruction, promote learner autonomy, and enhance educational
outcomes by continuously monitoring and responding to each learner’s knowledge state.

2.4. Data Collection and Analysis

A one-group pre-test/post-test quasi-experimental design was employed to examine
the impact of the intervention. Data was analyzed using independent-sample f-test, paired-
sample t-tests, Bayes Factors, and effect size estimates. To control Type I error across
the three outcome variables, a Bonferroni adjustment was applied (ox = 0.05/3 = 0.0167).
Statistical analyses were conducted using IBM SPSS Statistics Version 30 [41] and the
JASP [42] statistical software (version 0.18.2).

3. Results

This study aimed to examine the effectiveness of an intelligent educational system
based on the Knowledge Tracing Model in enhancing achievement, self-efficacy, and aca-
demic passion among students enrolled in the Special Care course within the Department
of Educational Technology.

Table 1 presents the descriptive and inferential statistics for the three outcome variables.
Before conducting paired f-tests, the Shapiro-Wilk test was used to examine normality
of the difference scores for each variable. The results indicated that all variables were
approximately normally distributed (see Table 1). Additionally, visual inspection of box-
plots revealed no extreme outliers. These findings satisfy the assumptions required for
paired t-tests.

Table 1. Mean Differences, Statistical Significance, and Effect Sizes for Pre- and Post-Test Measures.

Test of Normality .

. . . Bayes . Effect Size 2
Variable (Shapiro-Wilk) Pre-Test  Post-Test Factor t df Sig. Cohen’s d, 95:;0 -
w p 95% CI

. 0.988 0.496
Achievement 0.945 0.061 67.36 86.77 0.000 9.877 99  <0.001 [0.747-1.23] [0.35-0.63]

Academic 0.748
Passion 0.993 0.894 65.03 84.27 0.000 1716 99  <0.001 1.83[1.514-2.16] [0.66-0.83]

. 0.695
Self-efficacy 0.992 0.855 94.78 118.5 0.000 15.02 99 <0.001 1.50[1.214-1.79] [0.59-0.79]

The first hypothesis posited a statistically significant increase in students” achievement
following the intervention. The results revealed a mean increase from 67.36 (pre-test) to
86.77 (post-test), yielding a statistically significant difference, t(99) = 9.877, p < 0.001, with a
large effect size (Cohen’s d = 0.988, 95% CI [0.747-1.230]; n? = 0.496, 95% CI [0.355-0.63]).
These findings indicate that the intelligent system contributed meaningfully to students’
mastery of course content.
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The second hypothesis proposed that the intervention would significantly enhance
students’ self-efficacy. As shown in Table 1, the mean self-efficacy score increased from
94.78 to 118.50. This difference was statistically significant, t(99) = 15.02, p < 0.001, with a
very large effect size (Cohen’s d = 1.50, 95% CI [1.214-1.789]; 12 = 0.695, 95% CI [0.59-0.79]),
supporting the hypothesis that the system positively impacted learners” academic confidence
and perceived competence.

The third hypothesis suggested that the intelligent learning system would foster greater
academic passion. Results demonstrated an increase in mean scores from 65.03 to 84.27.
The paired t-test was statistically significant, t(99) = 17.16, with a very large effect size
(Cohen’s d = 1.83, 95% CI [1.514-2.160]; n? = 0.748, 95% CI [0.66-0.83]), and a Bayes Factor
of 0.000, indicating decisive evidence in favor of the alternative hypothesis. These findings
suggest that the system substantially elevated students’ emotional engagement and intrinsic
motivation toward learning. Because three outcomes were tested, a Bonferroni adjustment
was applied (x = 0.05/3 = 0.0167). All results remained significant after correction.

Taking together, the results offer strong empirical support for all three hypotheses.
The intelligent educational system based on the Knowledge Tracing Model demonstrated a
significant and positive effect on students’ achievement, motivation, and affective learning
outcomes. The consistency of large to very large effect sizes across all variables highlights
the pedagogical potential of adaptive, data-driven systems in higher education settings.

Figure 4 presents Bayes factor robustness check for achievement (A), Academic Pas-
sion (B), and Self-Efficacy (C). Bayes factor robustness revealed strong evidence supporting
the alternative hypothesis for all three constructs. Achievement showed Bayes factors
exceeding (BF10 > 10'3), academic passion surpassed (BF10 > 10%), and self-efficacy ex-
ceeded (BF10 > 10%%), indicating very strong to overwhelming evidence for the presence
of effects. These findings remained consistent across user-defined, wide, and ultrawide
Cauchy priors, confirming the robustness and reliability of the results.

Gender Differences in Post-Test Outcomes

Bayesian independent samples f-tests were conducted to examine potential gender
differences in post-test achievement, academic passion, and self-efficacy (H4). As shown in
Table 2, the results showed no statistically significant differences between male and female
students for any of the outcome variables (Achievement: t(98) = —0.88, p = 0.379; Academic
Passion: t(98) = —0.12, p = 0.905; Self-Efficacy: t(98) = 0.39, p = 0.698). Bayes factor analyses
(BFjo = 0.214-0.301) provided weak evidence in favor of the null hypothesis, indicating
that gender did not significantly influence post-test outcomes. These findings suggest that
the intelligent educational system had comparable effects on achievement, motivation, and
self-efficacy for both male and female students.

Table 2. Independent Samples T-Test for Post-Test Achievement, Academic Passion, and Self-Efficacy
by Gender.

Variables (Post_Test) Statistic df p Mean Difference  SE Difference
Achi Student’s ¢ —0.883 98 0.379 —3.024 3.42
chievement Bayes factorg 0.301
Academic Passi Student’s ¢ —0.12 98 0.905 —0.229 1.9
cademic fassion Bayes factorg 0.214
Self-efficac Student’s ¢ 0.39 98 0.698 0.953 244
y Bayes factorg 0.228
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Figure 4. Bayes factor robustness check for achievement (A), Academic Passion (B), and Self-Efficacy (C).

Furthermore, Prior and Posterior Distributions and Bayes Factor Robustness Checks
for Achievement (A), Academic Passion (B), and Self-Efficacy (C) by Gender are presented
in Figure 5, illustrating that the Bayesian analyses consistently support the null hypothesis
of no gender differences across all outcome measures.
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Figure 5. Prior and Posterior Distributions and Bayes Factor Robustness Checks for Achievement (A),
Academic Passion (B), and Self-Efficacy (C) by Gender.

4. Discussion

The present research took into consideration the influence of an intelligent learning
system, founded upon the BKT model, on student development in self-efficacy, and enthu-
siasm for learning in educational technology. The results ascertain substantial correlations
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between the intelligent learning system and better learner outcomes, as well as the devel-
opment of adaptive, student-directed learning experiences. The results are aligned with
contemporary research on intelligent learning environments [43,44].

The results of the research identified that the BKT model-based intelligent learning
environment was instrumental in developing the learning capability of students. With
the support of intelligent predictive models, students were able to accomplish several
tasks together—such as research, analysis, and project creation. The facility to toggle
between tasks with less cognitive interference facilitated more effective development of
organizational and time management skills in students. Additionally, the combination
of various learning approaches helped learners comprehend their digital competency,
hence motivating them to keep developing various types of competencies. The suggested
intelligent learning system also enabled learners to handle various tasks at once by con-
stantly modifying the content complexity and teaching pace. The results align with cur-
rent research quoting that intelligent systems can mitigate cognitive overload in learning
situations [45-47].

The significant improvement in student skills aligns with existing literature showing
that adaptive systems can facilitate higher-order cognitive processes through timely feed-
back, task segmentation, and navigation across multiple objectives [27,48]. By modeling
each student’s knowledge state, the system delivered content tailored to their current level
of understanding, reducing cognitive load and enhancing efficiency in performing concur-
rent tasks. According to Sweller’s Cognitive Load Theory [48], attempting multiple tasks
simultaneously can overwhelm novice learners; however, the BKT-based system mitigated
this risk by presenting material appropriately aligned with students” prior knowledge.

The research results also indicated that learners who learned in the intelligent envi-
ronment modeled after the BKT approach showed a noteworthy improvement in their
self-efficacy. This is because the system has the capacity to improve students’ confidence
in their learning capacities by offering them learning experiences that match their mas-
tery levels. By providing timely feedback and activities that are most appropriate to the
given student’s competence level, students acquired a firm belief in being able to achieve
successful learning outcomes.

Furthermore, the findings indicated that the integration of the BKT model within the
learning pathways model had a significant influence on the development of students’ self-
efficacy. The intelligent environment provided a well-sequenced set of learning obstacles,
difficult enough to stimulate improvement yet not so hard that motivation was undermined.
This deliberate balance allowed students to develop positive beliefs about their capacities
in learning, which eventually led to heightened self-confidence and a better capacity to
tackle learning obstacles.

Students also indicated a higher belief in becoming proficient, which they explained
through the instant feedback and encouragement offered by the system. These findings
support Bandura’s self-efficacy theory [25], as the intelligent learning system facilitated
mastery experiences—a key factor in establishing efficacy beliefs [26].

Yet, the enduring sustainability of these self-efficacy gains is an open question. Dab-
bagh and Kitsantas [49] mention that self-efficacy gains, which are established via tech-
nology, may need continuous support and occasional tweaking to maintain cognitive skill
enhancement over a prolonged timeframe. The findings also showed a positive effect on
academic interest, which implies that the BKT model-based intelligent learning system
could have fostered learners’ intrinsic motivation and interest in course content.

Vallerand and Houlfort’s [30] dualistic model of passion would predict harmonious
passion to result when students willingly participate in activities that they find meaningful
and enjoyable—affect which could have been encouraged by adaptive personalization and
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the autonomy that it granted. Our findings are consistent with research emphasizing the
significance of knowledge tracing in facilitating learning. When students are acquiring mul-
tiple objectives, BKT models allow the intelligent system to assess respective competency
levels along different learning trajectories and hence make task switches at the appropriate
moment and remain cognitively manageable [50,51]. By adjusting task difficulty and pac-
ing according to individual student needs, the system provided cognitive scaffolding that
enhanced learning efficiency, consistent with design principles shown to support working
memory and learning outcomes [51].

Within the framework of self-efficacy, previous studies have established that knowl-
edge tracing-supported systems deliver precise and timely feedback and therefore reinforce
students’ faith in their own abilities [52,53]. As they monitor their own development along
stringently defined learning pathways, students develop a sense of confidence in being
able to manage and guide their own learning processes—a critical element of self-efficacy
as conceptualized by Bandura and Wessels [25].

Computing system experiments—especially in Deep Knowledge Tracing and Bayesian
Knowledge Tracing—demonstrate that the models successfully monitor the evolution of
knowledge states while facilitating adaptive task sequencing to minimize cognitive load
and enhance transitions among learning objectives [54]. This is consistent with our research
because the Knowledge Tracing model-based intelligent learning system facilitated learning
capacity by adjusting task difficulty and timing.

Knowledge Tracing models give precise estimates of mastery levels, thereby facilitat-
ing focused feedback and illuminating student progress [55]. Our findings confirm this
observation: students showed increased confidence (self-efficacy) due to identification with
personal progress, thereby reiterating key principles from Social Cognitive Theory [25].

Also, passion for learning—particularly consonant passion—is enhanced when stu-
dents perceive the learning environment as supportive and respectful of their auton-
omy [30]. Knowledge Tracing makes this possible by promoting a sense of individualized
learning advancement, in which students are neither alienated by overly simplistic exer-
cises nor discouraged by overly demanding ones. Such “optimal challenge” promotes
continuous participation and enjoyment in the learning process [56].

Despite these positive findings, some studies offer a more intricate—and sometimes
even critical—perspective on Knowledge Tracing models. Critics suggest that most Knowl-
edge Tracing models, especially early ones like BKT, rely on a binary division of mastery
states (learned or not learned) and exclude the intricate aspects of the learning process, such
as motivational and affective components [48,57]. Such a shortage can result in inaccurate
modeling of student behavior, particularly in complicated tasks involving advanced cogni-
tive abilities and multiple simultaneous operations. Additionally, students’ socioeconomic
and personal backgrounds, such as family support, pre-entry skills, and residential context,
can further influence learning outcomes, suggesting that adaptive learning systems may
interact differently with learners depending on these factors [58,59].

Poor interpretability: Despite being very predictive, deep learning-based Knowledge
Tracing models such as Deep Knowledge Tracing (DKT) are frequently criticized for poor
interpretability. This may make it difficult for teachers and learners to discern the reasoning
behind specific feedback or recommendations given [60]. Such a lack of transparency can
decrease learners’ trust in the system, potentially lowering their motivation and sense
of control.

While Knowledge Tracing models are demonstrated to work well for modeling cogni-
tive mastery, they do not incorporate aspects such as academic passion, which is shaped
by social interactions, personal values, and affective experiences [61]. Purely Knowledge
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Tracing-based models can neglect to comprehensively address these multifaceted motiva-
tional determinants.

Empirical research on the effectiveness of Knowledge Tracing model-based intelligent
learning systems is sparse and presents a mixed set of findings. Whereas on the one hand,
Wau et al. [62] established that advanced e-learning technologies can have a positive impact
on the learning and development of students, the findings” implications are that intelligent
learning systems are an effective pedagogy since they possess the potential to seek the
attention of learners and increase their participation in learning processes [63].

However, a significant shortage of studies is noticeable since the majority of existing
research has focused on particular cultural settings, whereas investigations into the gener-
alizability of Knowledge Tracing model-based intelligent learning systems across different
cultural settings remain insufficient [64].

This gap in research is partly attributed to differing notions of education and var-
ied learning approaches between cultures, where more research is needed to examine
the effectiveness of these systems in multicultural learning contexts. In conclusion, the
implementation of Knowledge Tracing models in intelligent tutoring systems is strongly
correlated with research in favor of individualized learning, sophisticated learning ca-
pability, and high learner confidence levels. But the inability to model emotional and
motivational variables and system decision-making transparency are areas of concern that
future research must focus on for the sake of holistic student development.

Overall, the findings suggest a robust and positive association between the use of
intelligent learning systems and improvements in academic achievement, self-efficacy;,
and academic passion. The integration of Al-driven adaptive technologies in education
demonstrates promise not only for improving academic outcomes but also for supporting
psychological and motivational factors critical for sustained learning [65-68].

5. Limitations

This study employed a quasi-experimental, single-group pre-test/post-test design,
which precludes causal conclusions. However, the observed improvements in academic
achievement, self-efficacy, and academic passion should be interpreted cautiously, as they
may be affected by factors such as instructional quality, natural learning progression, ex-
pectancy bias, or the Hawthorne effect—particularly in technology-enhanced learning
environments where novelty and increased attention may temporarily enhance engage-
ment. Additionally, the 40% sample attrition (from 167 to 100 participants) may have
introduced selection bias, potentially affecting internal validity. In addition, as all partici-
pants were enrolled in a single course taught by the same instructor, multilevel modeling
was not required. However, this may limit the generalizability of findings to other courses
or instructors.

A further limitation is the relatively small sample size, restricted to a specific group of
Educational Technology students. Nevertheless, these findings provide preliminary evi-
dence of a potential positive association between the use of the IES and student outcomes.
Future research should involve larger and more diverse samples, as well as randomized
controlled trials, to enhance generalizability and more rigorously evaluate the effects of
the Intelligent Learning System on academic achievement, self-efficacy, and academic
passion. While the statistical analysis includes Bonferroni correction and robust reporting
of effect sizes (eta and Cohen’s d with confidence intervals), the study size limits advanced
mediation analyses. Additionally, the lack of variability in KT feedback restricts some inter-
pretations. Future research should employ randomized designs, larger and more diverse
samples, and variation in intervention dosage to better isolate causal effects. Although the
adaptations of the instruments are detailed, future research could incorporate measurement
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invariance testing pre- and post-intervention to further strengthen the psychometric eval-
uation. Furthermore, future studies should incorporate advanced item-scaling methods,
such as Mokken Scale Analysis and network analysis, to better assess mastery levels [69].

6. Conclusions

This research illustrates that the incorporation of an intelligent learning system derived
from the Knowledge Tracing model greatly improves the intellectual achievement, self-
efficacy, and academic motivation of students through adaptive and personalized learning
experiences that are consistent with their individual knowledge levels.

The predictive capacity of the system enabled efficient task handling, developed
learners’ self-efficacy, and maintained motivation by providing immediate feedback and
adaptively challenging experiences. These results are consistent with current literature
on the cognitive and motivational advantages of intelligent environments, but certain
limitations—such as unrealistically naive assumptions of mastery and reduced model
interpretability—also point to those areas in need of development. Although results foster
the pedagogical potential of these systems, future research ought to analyze their cultural
suitability and consider the emotional and relational dimensions of learning for a more
comprehensive educational effect.
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