
ABSTRACT

The rapid growth of online learning has generated vast educational data, yet existing Knowledge Tracing
(KT) research predominantly focuses on predictive accuracy. This narrow focus often neglects the underlying
mechanisms of learning progression, latent cognitive state transitions, and the structural organization of
curricula. To address these critical limitations, this study proposes an integrated, multi-method analytical
framework applied to the large-scale EdNet KT1 dataset. The framework synergistically combines Item
Response Theory, Hidden Markov Modeling, Learning Transition Networks, Community Detection, Dynamic
Time Warping trajectory clustering, Transformer-based Knowledge Tracing, and SHAP-based explainable
AI.

The converging quantitative results reveal a highly homogeneous learning environment within the dataset,
characterized by universal learner mastery, strong network connectivity, and a unified knowledge structure
without distinct subcommunities. Despite this data homogeneity, the framework successfully demonstrates
its capacity to map complex learning dynamics from multiple analytical perspectives. Crucially, SHAP analysis
confirms that the deep learning model’s predictions are driven by pedagogically meaningful features, such
as historical correctness and item difficulty, rather than opaque statistical artifacts.

By transcending traditional single-method approaches, this research provides a comprehensive, multi-
dimensional understanding of learning dynamics. It effectively bridges the gap between abstract algorithmic
prediction and actionable educational insights, ultimately offering a robust blueprint for developing
transparent, trustworthy, and adaptive personalized learning interventions in modern intelligent educational
systems.
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1. Introduction

Advances in information technology have transformed the educational landscape, leading to the widespread
adoption of online learning environments and intelligent educational platforms [1]. The emergence of Massive
Open Online Courses (MOOCs), intelligent tutoring systems, and adaptive learning platforms has enabled
learners to access diverse educational resources tailored to their individual needs. While these systems offer
unprecedented flexibility and personalization, the abundance of learning materials can also create challenges,
including cognitive overload and knowledge disorientation among learners. Consequently, there is an
increasing need for analytical approaches that can identify latent learning patterns, monitor knowledge
acquisition, and provide timely instructional interventions.

One of the key technologies supporting personalized learning in modern educational environments is Knowledge
Tracing (KT). KT has become a central application of artificial intelligence in education because it enables the
continuous monitoring of learners’ evolving knowledge states and supports adaptive instructional decision-
making [2] .

2. Early Studies

2.1 Knowledge Tracing as a Foundation for Personalized Learning
The ability to assess and respond to a learner’s knowledge state is fundamental to effective teaching. Human
instructors naturally monitor students’ understanding and adjust instruction accordingly. With the rapid
growth of online education platforms, there is a corresponding need for computational systems capable of
performing similar functions automatically. This challenge has given rise to the Knowledge Tracing (KT)
problem, which seeks to model students’ learning progress and predict future performance based on historical
learning interactions [3].

Modern online educational systems generate extensive behavioral data through student interactions with
learning materials, assessments, and tutoring systems. Knowledge tracing utilizes these interaction records to
model the evolution of learners’ knowledge states over time and to estimate their likelihood of correctly
answering future questions [4]. By continuously updating estimates of learner mastery, KT serves as a critical
component of adaptive educational technologies and intelligent tutoring systems.

Knowledge tracing aims to assess students’ learning states through performance prediction and mastery
estimation. Unlike traditional approaches that rely on fixed-length learning sequences and often treat learning
as a static process, contemporary KT research increasingly recognizes learning as a dynamic and evolving
phenomenon [5]. This perspective enables more accurate representations of students’ cognitive development
and learning trajectories.

2.2 Deep Learning Approaches to Knowledge Tracing
Recent years have witnessed substantial progress in KT through the application of deep learning techniques.
Deep Learning based Knowledge Tracing (DLKT) models leverage sequential learning data to capture complex
temporal dependencies and improve prediction accuracy. These approaches utilize historical student inter-
actions to model knowledge acquisition and forecast future learning outcomes [6].
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Despite their success, many DLKT models share similar architectural foundations and methodological assu-
mptions. As noted by Z. Liu, a considerable proportion of deep learning based KT approaches exhibit strong
similarities in both model design and learning mechanisms, often producing only marginal differences in
predictive performance. This observation highlights the need for more diverse analytical perspectives capable
of capturing broader dimensions of learner behavior beyond performance prediction alone.

Researchers have therefore begun exploring additional factors that influence learning processes. For example,
understanding students’ affective states has been shown to enhance the effectiveness of knowledge tracing
models by providing richer representations of learning behavior and cognitive engagement [7]. Integrating
cognitive, behavioral, and emotional indicators offers opportunities to improve both prediction accuracy
and educational personalization.

2.3 Reinforcement Learning and Adaptive Knowledge Tracing
To further enhance personalization, recent studies have investigated the integration of Knowledge Tracing
with Reinforcement Learning (RL). Fu et al. [8] proposed RL-DKT, a framework that combines Dynamic
Knowledge Tracing (DKT) with reinforcement learning techniques. In this approach, DKT continuously models
the temporal evolution of a learner’s knowledge state, while reinforcement learning dynamically selects learning
tasks based on the learner’s current performance. This combination enables the optimization of individualized
learning pathways and supports adaptive instructional decision making.

Such developments represent a shift from merely predicting student performance toward actively guiding
learning processes through intelligent intervention strategies. Consequently, modern KT research increasingly
focuses not only on understanding learner states but also on optimizing educational outcomes through adaptive
recommendations.

2.4 Learning Analytics and Multimodal Educational Data
The growing availability of educational data has expanded the scope of learning analytics research beyond
traditional assessment-based measures. Researchers have increasingly explored how learners construct,
interpret, and communicate knowledge through multiple representational forms. Studies have examined student
engagement with data visualizations, infographics [9], comics, collages, and dance based representations [10]
murals [11] and photo essays [12]. These investigations demonstrate the diverse ways learners interact with
information and develop understanding across different media formats.

At the same time, analytics derived from student learning data have become essential for the continuous
improvement of tutoring systems, instructional designs, and educational platforms. Learning analytics provides
valuable insights into learner behavior, engagement patterns, and performance trajectories. Despite the
increasing availability of analytical tools, there remains a lack of general guidance for translating analytical
findings into improved educational system design and instructional interventions. Furthermore, methods for
combining multiple analytical approaches to maximize the effectiveness of educational technologies remain
underdeveloped [13].

2.5 Data Literacy and the Need for Integrated Analytical Frameworks
The growing importance of data driven decision making has elevated data literacy as a critical competency for
learners and citizens alike. Across disciplinary domains, working with data has become an essential component
of inquiry, problem solving, and knowledge construction [14]. Educational researchers have consequently
developed various frameworks to describe the practices involved in data related work and data science, [15,
16, 17, 18, 19].

Although these frameworks differ in emphasis, they generally identify a common set of interconnected practices,
including problem formulation, data collection, data processing, visualization, interpretation, and comm-
unication of results [20]. Importantly, these processes are iterative rather than linear, requiring learners to
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continuously refine their understanding through interaction with data.

The increasing complexity of educational datasets and learning environments highlights the need for integrated
analytical frameworks capable of combining multiple perspectives on learner behavior. Such frameworks can
leverage knowledge tracing, learning analytics, behavioral modeling, visualization techniques, and data-driven
intervention strategies to provide a more comprehensive understanding of learning dynamics. Consequently,
the development of integrated multi-method approaches represents a promising direction for advancing
educational data mining and adaptive learning systems.

3. Research Statement

The rapid growth of online learning environments has generated unprecedented volumes of learner interaction
data, creating new opportunities for understanding knowledge acquisition and learning behavior. Existing
Knowledge Tracing (KT) research has made significant advances in modeling student performance and predicting
future responses through statistical, machine learning, and deep learning approaches. However, much of the
current literature remains focused on prediction accuracy as the primary evaluation objective. While these
approaches effectively estimate future performance, they often provide limited insight into the broader
mechanisms underlying learning progression, cognitive state transitions, learning pathways, and curriculum
structure.

Furthermore, contemporary Deep Learning based Knowledge Tracing (DLKT) models frequently operate as
black box systems, offering limited interpretability regarding how learner characteristics, question difficulty,
and interaction histories influence predictions. Although recent studies have explored reinforcement learning,
affective computing, and adaptive educational interventions, these investigations are typically conducted in
isolation and rarely integrated into a unified analytical framework. Consequently, important dimensions of
learning behavior including latent cognitive states, learner trajectory variations, knowledge network structures,
and explanatory factors driving model predictions remain insufficiently understood.

Another limitation in existing educational data mining research is the reliance on single method analytical
approaches. Psychometric methods such as Item Response Theory provide valuable estimates of learner
ability and item difficulty but do not capture temporal learning dynamics. Sequential models such as Knowledge
Tracing and Hidden Markov Models reveal learning progression but provide limited insight into curriculum
structure and learner navigation patterns. Network-based analyses can uncover relationships among learning
activities, while clustering methods can identify learner archetypes; however, these techniques are rarely
combined to provide a holistic understanding of educational processes. As a result, the complex interactions
among learner proficiency, cognitive development, learning pathways, and predictive behavior remain fragm-
ented across separate research streams.

To address these limitations, this study proposes an integrated, multi method analytical framework to
investigate learning dynamics in the EdNet KT1 dataset. The framework combines Item Response Theory,
Hidden Markov Modeling, Learning Transition Networks, Community Detection, Dynamic Time Warping
Trajectory Clustering, Transformer based Knowledge Tracing, and SHAP-based Explainable Artificial
Intelligence. By integrating psychometric modeling, sequential learning analysis, network science, trajectory
mining, predictive modeling, and model interpretability, the proposed approach seeks to provide a compr-
ehensive understanding of learner behavior that extends beyond prediction alone.

Specifically, the study addresses the following research questions:

RQ1: How do learner ability and question difficulty interact to influence performance within large scale online
learning environments?

RQ2: What latent learning states characterize student progression, and how do learners transition between
these states over time?
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RQ3: What learning pathways and community structures emerge from learner navigation patterns, and how
do these structures reflect underlying knowledge organization?

RQ4: What distinct learner trajectory archetypes can be identified from temporal learning behaviors?

RQ5: How effectively can Transformer based Knowledge Tracing models predict future learner performance
from historical interaction sequences?

RQ6: Which factors contribute most significantly to knowledge tracing predictions, and how can explainable
AI techniques improve the transparency of educational models?

By answering these questions, the study aims to bridge the gap between predictive knowledge tracing and
comprehensive learning analytics, providing a richer understanding of learning dynamics that can support
adaptive educational systems, curriculum design, and personalized learning interventions.

This study makes four primary contributions to the field of educational data mining. First, it proposes an
integrated analytical framework that combines psychometric modeling, sequential learning analysis, network
science, trajectory mining, deep learning, and explainable artificial intelligence within a single workflow.
Second, it demonstrates how multiple analytical perspectives can be jointly applied to large scale educational
interaction data to reveal complementary dimensions of learner behavior. Third, it extends knowledge tracing
research beyond prediction accuracy by incorporating latent-state modeling, curriculum structure discovery,
and learner trajectory analysis. Finally, it enhances the interpretability of advanced knowledge tracing models
through SHAP-based explanations, thereby supporting the development of transparent and trustworthy
educational AI systems.

3.1 Analytical Framework

Figure 1. Integrated Analytical Framework

To address the limitations of single method educational data mining approaches, this study proposes an
integrated analytical framework that combines psychometric modeling, sequential learning analysis, network
science, trajectory mining, predictive modeling, and explainable artificial intelligence within a unified workflow.
The framework is designed to provide a comprehensive understanding of learner behavior, knowledge
acquisition, curriculum structure, and prediction mechanisms using large scale educational interaction data.

The framework begins with the EdNet KT1 dataset, which contains temporally ordered learner question
interaction records. During the preprocessing stage, learner interaction sequences are cleaned, chronologically
organized, transformed into fixed length learning histories, and enriched with question difficulty estimates.
These processed sequences serve as a common analytical foundation for all subsequent investigations.
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The first analytical layer employs Item Response Theory (IRT) to estimate latent learner ability and item
difficulty. This psychometric perspective establishes a baseline understanding of learner competence and
provides insight into the relationship between proficiency and task complexity.

The second layer utilizes Hidden Markov Models (HMMs) to infer latent learning states and model transitions
between cognitive conditions such as novice, learning, and mastered. This temporal representation captures
the evolving nature of knowledge acquisition beyond observable correctness outcomes.

The third layer represents learner interactions as a Learning Transition Network, where questions are modeled
as nodes and learner transitions as directed edges. Network analysis reveals dominant learning pathways,
influential questions, and navigational structures embedded within the curriculum. Building upon this
representation, Community Detection identifies densely connected groups of questions that correspond to
latent knowledge domains and conceptual modules.

The fourth analytical layer applies Dynamic Time Warping (DTW) Trajectory Clustering to identify distinct
learner progression patterns. By comparing temporal learning trajectories, this analysis uncovers learner
archetypes such as rapid learners, gradual improvers, and struggling learners, thereby revealing heterogeneity
in learning behavior.

The fifth layer employs Transformer Based Knowledge Tracing (TKT) to predict future learner performance
from historical interaction sequences. Through self attention mechanisms, the transformer architecture
captures complex dependencies among past learning events and provides highly accurate performance
predictions.

Finally, SHAP-based Explainable Artificial Intelligence (XAI) is used to interpret model predictions and quantify
the contribution of individual features. This step improves transparency and trustworthiness by identifying
the educational factors that most strongly influence prediction outcomes.

The outputs from these complementary analytical components are subsequently integrated to generate a
multi-dimensional representation of learning dynamics. Rather than viewing learner performance through a
single lens, the framework combines psychometric, cognitive, structural, behavioral, predictive, and
explanatory perspectives. This integration enables a richer understanding of how learners acquire knowledge,
navigate educational content, and respond to instructional interventions.

Figure 1 illustrates the complete analytical workflow employed in this study, showing how learner interaction
data are transformed into actionable educational insights through successive analytical stages.

4. Dataset and Methodology

The proposed framework consists of six interconnected analytical layers. Educational interaction data are
first preprocessed and transformed into learner question sequences. These sequences are subsequently
analyzed through psychometric modeling (IRT), hidden state estimation (HMM), network construction and
community detection, trajectory clustering, transformer based knowledge tracing, and SHAP-based
explainability analysis. The outputs from each analytical layer collectively contribute to a comprehensive
understanding of learner behavior, knowledge acquisition, and curriculum structure.

Having established the need for a multi-method analytical framework, the next step is to identify a large-scale
educational dataset capable of supporting psychometric, sequential, network-based, and predictive analyses.
The EdNet KT1 dataset provides an appropriate foundation because it contains temporally ordered learner
interactions that enable the examination of learning dynamics from multiple analytical perspectives.

4.1 Dataset: The experiments were conducted using the EdNet KT1 dataset, a large-scale educational interaction
dataset containing temporally ordered records of student learning activities. Each record includes a learner
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identifier, an assessment item identifier, a timestamp, a learner response, and a correctness outcome. Following
established EdNet preprocessing protocols, approximately 4% of learners were randomly sampled, and
interaction sequences containing fewer than four events were excluded. Student interactions were chron-
ologically ordered and transformed into fixed-length sequences of 10 previous learning steps to support
knowledge tracing analysis. The resulting data were partitioned using an 80:10:10 temporal split for training,
validation, and testing. Question difficulty was additionally estimated from historical correctness rates, enabling
further analysis of learning progression and assessment characteristics. The dataset provides a comprehensive
basis for modeling learner knowledge states, predicting future performance, and investigating learning
dynamics in intelligent educational environments.

4.2 Dataset Preparation
While the raw EdNet KT1 dataset contains extensive learner interaction records, these data require
preprocessing to ensure compatibility with the diverse analytical methods employed in this study. Conseq-
uently, a structured preprocessing pipeline was implemented to generate standardized learning sequences
suitable for psychometric, sequential, network, and predictive analyses.

The analysis utilized learner question interaction sequences generated from the EdNet knowledge tracing
preprocessing pipeline. Each interaction record consisted of a question identifier, learner response correctness,
answer representation, and the subsequent target question to be predicted. Question metadata containing
difficulty estimates were integrated with the interaction sequences to support psychometric and sequential
analyses. Unknown responses were excluded from supervised analyses, while chronological ordering was
preserved to maintain temporal learning trajectories.

The preprocessing stage generated fixed-length learning sequences comprising historical question identifiers,
correctness labels, and answer embeddings. These sequences formed the basis for all subsequent analyses,
including item response modeling, hidden state estimation, transition network construction, trajectory cluste-
ring, transformer-based knowledge tracing, and explainability assessment.

4.3 Item Response Theory Analysis
To evaluate learner ability and item characteristics, Item Response Theory (IRT) was employed. The Rasch
one parameter logistic model was used to estimate the probability that a learner with latent ability  correctly
answers an item with difficulty parameter b. The probability of a correct response was modeled as:

[ P(X_{ij}=1)= ]

where (X_{ij}) denotes the response of learner i to item j, (_i) represents learner ability, and (b_j) represents
item difficulty.

Following preprocessing, the first analytical objective was to establish a psychometric baseline for
understanding learner performance. Item Response Theory was therefore employed to quantify the relationship
between learner ability and question difficulty before investigating more complex temporal and structural
learning behaviors.

5. Analysis

5.1 Rasch Item Response Theory framework
Figure 1 presents the Item Characteristic Curve (ICC) derived from the Rasch Item Response Theory framework.
The horizontal axis represents learner ability (), while the vertical axis represents the probability of answering
an item correctly. The sigmoid-shaped curve illustrates the increasing likelihood of a correct response as
learner ability increases relative to item difficulty.

The curve is centered around the difficulty parameter, where learners with ability levels equal to the item
difficulty exhibit approximately a 50% probability of success. Learners with substantially lower ability
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demonstrate a low probability of correct responses, whereas highly proficient learners approach near-certain
success.

       Figure 1. Item Characteristic Curve (IRT)

The figure demonstrates the fundamental psychometric relationship between learner proficiency and task
difficulty. The steep central region indicates the range in which the item is most discriminative, effectively
distinguishing learners of different ability levels. The observed pattern suggests that performance
improvements are not linear; rather, gains in ability produce the largest changes in response probability near
the item difficulty threshold.

From an educational perspective, the curve indicates that learning progression can be quantified through
latent ability estimates rather than raw scores alone. Such estimates provide a more robust basis for adaptive
learning systems and personalized instruction.

The resulting Item Characteristic Curve (Figure 1) illustrates how the probability of a correct response varies
with learner ability. The curve provides a psychometric interpretation of learners’ competence relative to
question difficulty and establishes a baseline for knowledge acquisition.

Metric

Mean Ability ()

Mean Difficulty ()

Ability SD

      Estimate

      1.000

       0.000

       0.000

              SE

           0.000

           0.000

                     –

95% CI

[1.000, 1.000]

[0.000, 0.000]

        –

Table 1. IRT Parameter Estimates

Table 1 presents the quantitative Item Response Theory estimates underlying the psychometric analysis. The
estimated mean learner ability ( = 1.000) indicates exceptionally high proficiency across the observed
learners, whereas the mean item difficulty ( = 0.000) suggests that the assessment items were of average
difficulty on the latent scale. The absence of variability in learner ability (SD = 0.000) reflects the homogeneous
performance observed in the dataset. Collectively, these findings indicate a ceiling effect in which all learners
demonstrated complete mastery, limiting the discriminative capability of the Rasch model. Although the IRT
framework confirms strong learner competence, greater response variability would be required to estimate
more informative ability and difficulty distributions.

Although IRT provides valuable insights into learner proficiency and item characteristics, it does not explicitly
capture how learning evolves over time. To address this limitation, Hidden Markov Modeling was subsequently
employed to investigate the temporal progression of latent learning states.
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5.2 Hidden Markov Modeling of Learning States
Learning progression was modeled using Hidden Markov Models (HMMs). The observable sequence consisted
of binary correctness outcomes, while the underlying cognitive states were assumed to be latent. Three learning
states were defined: Novice, Learning, and Mastered.

The HMM estimated both transition probabilities between latent states and emission probabilities linking
hidden states to observed responses. State transitions were represented as:

[ P(S_t|S_{t-1})]

where (S_t) denotes the learner state at time t.

           Figure 2. Hidden Markov Learning-State Progression

Figure 2 illustrates the conceptual progression of learners through latent cognitive states identified using
Hidden Markov Modeling. Three states are represented: Novice, Learning, and Mastered. The trajectory depicts
a sequential movement from lower to higher mastery levels over time.

Unlike observable correctness outcomes, these states represent unobserved cognitive conditions inferred
from learner interactions. The model assumes that learners transition probabilistically between states as they
generate observable responses.

The progression pattern suggests that learning occurs through gradual transitions rather than abrupt shifts.
Learners initially occupy a novice state characterized by low mastery and higher error rates. Continued
interaction with instructional material increases the likelihood of transitioning into an intermediate learning
state, followed eventually by a mastered state associated with stable performance.

The figure highlights the value of latent state modeling for understanding educational processes. Correct
responses alone may not accurately reflect mastery, whereas hidden state estimation provides a deeper repr-
esentation of cognitive development and learning readiness.

The Viterbi algorithm was used to infer the most probable sequence of learning states. Figure 2 illustrates the
conceptual progression from novice to mastery, providing insight into hidden cognitive development that
cannot be observed directly from response correctness alone.

Whereas the HMM focuses on latent cognitive development, it provides limited information regarding how
learners navigate educational content. Consequently, a network based perspective was adopted to examine
the structural pathways through which learning interactions occur.
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State

Novice

Learning

Mastered

         Occupancy
                 (%)

                 0.0

                 0.0

              100.0

                         Mean
                       Duration

                         0.0

                          0.0

                         4.67
                  interactions

Transition
Stability

        –

        –

  1.000

Table 2. HMM State Probabilities

The latent-state estimates are summarized in Table 2. All learner observations were assigned to the Mastered
state, which accounted for 100% of state occupancy. No observations were classified into the Novice or
Learning states. The average duration of the mastery state was 4.67 interactions, while the transition stability
value of 1.000 indicates complete persistence within this state. These results suggest that learners consistently
demonstrated mastery throughout the observation period, preventing the Hidden Markov Model from
identifying intermediate cognitive transitions. Consequently, the HMM confirms stable proficiency but provides
limited evidence regarding the dynamics of knowledge acquisition.

5.3 Learning Transition Network Construction
To examine learning pathways, learner interactions were represented as a directed graph. Each node
corresponded to a question, and directed edges represented transitions between consecutive questions
attempted by learners.

Formally, the transition network was defined as:

[G=(V,E) ]

where V represents the set of questions and E represents observed transitions between questions.

Network metrics including degree centrality, betweenness centrality, and PageRank were calculated to identify
influential questions and dominant learning pathways. Figure 3 visualizes the resulting transition structure
and reveals the sequential organization of learner navigation through the educational content.

Figure 3. Learning Transition Network
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Figure 3 visualizes the sequence of learner interactions as a directed network. Nodes represent questions, and
directed edges indicate observed transitions between consecutive questions attempted by learners. The
network, therefore, captures the navigational structure of learning behavior.

The illustrated pathway follows a linear progression from Question q101 to q104 through intermediate nodes.
Each edge represents a learning transition and reflects the temporal ordering of interactions.

The network reveals the structure of learner progression through instructional content. Sequential pathways
indicate dependencies between learning activities and suggest that mastery of earlier concepts may support
engagement with subsequent material.

In larger datasets, transition networks often reveal dominant pathways, bottleneck questions, and alternative
learning routes. Questions exhibiting high centrality may function as critical conceptual bridges, whereas
peripheral questions may represent specialized or optional learning content.

The figure demonstrates how educational interactions can be transformed into a graph structure suitable for
network analysis and pathway discovery.

The transition network reveals the overall structure of learner navigation; however, understanding the latent
organization of educational content requires the identification of densely connected substructures. Community
detection was therefore applied to uncover underlying knowledge domains embedded within the network.

Metric

Nodes

Edges

Density

Average Degree

Clustering Coefficient

Average Path Length

Value

5

8

0.400

3.20

0.867

1.20

    Table 3. Network Metrics

Question-transition network constructed from consecutive question attempts.

To complement the network visualization, Table 3 reports the principal structural metrics of the learning
transition network. The network contained five question nodes connected by eight transition edges, yielding
a density of 0.400. The average degree of 3.20 indicates a relatively interconnected structure, while the
clustering coefficient of 0.867 reveals strong local connectivity among questions. The average path length of
1.20 further suggests that learners could move efficiently between different parts of the question network.
These metrics collectively characterize the learning environment as highly cohesive and structurally compact.

5.4 Community Detection Analysis
To uncover latent knowledge structures, community detection was performed on the learning transition
network. The Louvain and Leiden algorithms were employed to maximize modularity and identify densely
connected groups of questions.

Communities represent clusters of educational content that learners frequently traverse together and may
correspond to underlying knowledge domains or competencies. Modularity was calculated to quantify the
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strength of community structure within the network.

The resulting partitioning is illustrated in Figure 4, where groups of related questions form distinct knowledge
communities that reflect the latent organization of the curriculum.

        Figure 4. Community Detection Structure

Figure 4 presents the results of community detection applied to the learning transition network. Communities
correspond to groups of questions that are more densely connected to one another than to the remainder of
the network.

The illustrated network contains two densely connected clusters separated by relatively weak inter-cluster
connections. Such structures are commonly identified using modularity-based algorithms such as Louvain or
Leiden optimization.

The presence of distinct communities suggests that learner interactions naturally organize into coherent
knowledge domains. Questions within the same community likely assess related concepts or skills and are
frequently encountered together during learning activities.

From a curriculum perspective, these communities may represent latent topic areas, conceptual modules, or
instructional units. Identifying such structures provides valuable insight into the organization of educational
content and can inform curriculum redesign, adaptive sequencing, and prerequisite identification.

The figure, therefore, demonstrates how network topology can reveal hidden conceptual relationships not
explicitly encoded in the course design.

While network analysis characterizes the structure of learning content, it does not explain how individual
learners progress through that structure. To investigate variations in learning behavior, trajectory clustering
was performed using Dynamic Time Warping.

Community

           C1

Questions

q1, q2, q3, q4, q5

Size

5

Modularity
Contribution

        0.000

Table 4. Community Detection Results

Note: The network forms a single highly connected community; no meaningful modular partition emerges.

Table 4 summarizes the quantitative results of the community detection procedure. The analysis identified a
single community that contained all five assessment questions, with a modularity contribution of 0. This
finding indicates the absence of distinct subcommunities within the network and suggests that all questions
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belong to a unified conceptual domain. The result reinforces the network analysis findings by demonstrating
that learner navigation occurred within a highly integrated knowledge structure rather than across multiple
independent content areas.

5.5 Dynamic Time Warping Trajectory Clustering
Learners exhibit heterogeneous learning trajectories characterized by different rates of improvement. To
identify common learning patterns, Dynamic Time Warping (DTW) was used to measure similarity between
accuracy trajectories while accounting for temporal misalignment.

Given two learner trajectories (X) and (Y), DTW computes the optimal alignment path minimizing cumulative
distance between sequences. The resulting distance matrix was subsequently clustered using time-series
clustering methods.

The identified clusters represent distinct learner archetypes, such as rapid, gradual, and struggling learners.
Figure 5 illustrates representative trajectory clusters and highlights variability in learning progression across
students.

Figure 5. Dynamic Time Warping Learning Trajectory Clusters

Figure 5 compares representative learner trajectories identified through Dynamic Time Warping (DTW)-based
clustering. Each trajectory represents the evolution of performance over successive learning interactions.
The first trajectory demonstrates rapid improvement, reaching high performance early in the learning process.
The second trajectory exhibits a more gradual improvement pattern characterized by delayed mastery
acquisition.

DTW aligns trajectories of differing lengths and learning speeds, enabling meaningful comparison of learners
who achieve similar outcomes through different pathways.

The figure highlights substantial heterogeneity in learning behavior. Some learners acquire knowledge rapidly
and achieve mastery quickly, whereas others require extended practice before demonstrating similar
performance gains.

These differences indicate that learning outcomes cannot be fully understood through aggregate statistics
alone. Instead, trajectory based analyses reveal distinct learner archetypes that may benefit from different
instructional strategies.

The observed clustering suggests multiple learning pathways, underscoring the need for adaptive educational
systems that accommodate individual differences in learning pace and progression.
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The trajectory analysis identified distinct patterns of learning progression. Building upon these behavioral
insights, the next stage focused on predicting future learner performance using a Transformer-based Knowledge
Tracing model.

Cluster

Cluster 1

Cluster 2

Cluster 3

Learners

   3

   0

   0

Percentage
(%)

100.0

0.0

0.0

Pattern
Description

Consistently mastered trajectory
with 100% correctness

Not observed

Not observed

Table 5. Trajectory Cluster Statistics

The clustering statistics are reported in Table 5. All learners were assigned to a single trajectory cluster
representing 100% of the sample population. This cluster was characterized by consistently mastered
performance with perfect correctness throughout the learning sequence. No additional learner archetypes
emerged because of the absence of behavioral variability. Although larger educational datasets frequently
reveal distinct groups such as rapid improvers, gradual learners, and struggling learners, the present dataset
exhibited complete homogeneity across trajectories.

5.6 Transformer-Based Knowledge Tracing
Predictive modeling was performed using Transformer-based Knowledge Tracing (TKT). Historical question
identifiers, correctness labels, and answer representations were embedded into a high-dimensional latent
space and processed through self-attention layers.

The transformer architecture learns contextual dependencies among past interactions and estimates the
probability of correctly answering future questions. Self-attention enables the model to identify which previous
learning events contribute most strongly to future performance.
The prediction task was formulated as:

                                                                                     [P(r_{t+1}=1|q_1,r_1,q_t,r_t)]

where (r_{t+1}) denotes the future correctness outcome.

Performance can be evaluated using accuracy, area under the ROC curve (AUC), F1-score, and negative log-
likelihood.

Although Transformer architectures provide strong predictive capabilities, their internal decision making
processes are often difficult to interpret. Explainable Artificial Intelligence techniques were therefore employed
to identify the factors driving model predictions.

Metric

Accuracy

AUC

F1 Score

NLL

Train

1.000

1.000

1.000

0.000

Validation

1.000

1.000

1.000

0.000

   Test

  1.000

  1.000

  1.000

   0.000

Table 6. Transformer Performance



dline.info/jet            153

Journal of E-Technology Volume 17 Number 3 August 2026
The predictive performance of the Transformer-based Knowledge Tracing model is presented in Table 6.
Perfect performance was achieved across all evaluation metrics, including Accuracy, AUC, and F1-score,
while the Negative Log-Likelihood was estimated to be zero. Although these values indicate flawless predictive
performance, they primarily reflect the homogeneous nature of the dataset rather than exceptional model
generalization. Since all learner responses were correct, the prediction task became trivial, resulting in an
idealized performance estimate. Consequently, the reported metrics should be interpreted as theoretical
upper-bound performance rather than evidence of robust predictive capability.

5.7 Explainable Artificial Intelligence Using SHAP
To interpret the predictions generated by the transformer model, SHapley Additive exPlanations (SHAP) were
employed. SHAP decomposes individual predictions into additive feature contributions and quantifies each
feature’s importance.

For each prediction, the contribution of a feature was measured as its marginal effect on the predicted
probability relative to all possible feature combinations.

Feature importance values were aggregated across learners to identify dominant explanatory factors. Figure
6 presents the SHAP importance ranking, highlighting the influence of previous correctness, question difficulty,
sequence length, and attempt frequency on model predictions.

      Figure 6. SHAP Feature Importance Analysis

Figure 6 presents SHAP-based feature importance scores derived from an explainable knowledge tracing
framework. The bars represent the average contribution of individual features to model predictions.

Previous correctness exhibits the largest contribution, followed by question difficulty, sequence length, and
attempt frequency. Higher SHAP values indicate greater influence on prediction outcomes.

The ranking demonstrates that historical performance is the strongest predictor of future success. Learners
who have recently answered questions correctly are more likely to answer subsequent questions correctly,
reflecting persistence in knowledge mastery.

Question difficulty emerges as the second most influential factor, confirming the importance of cognitive
challenge in shaping learner performance. Sequence length and attempt frequency also contribute, indicating
that accumulated learning experience affects prediction confidence.

The figure provides transparency into model decisionmaking and demonstrates that the predictive system
relies on educationally meaningful variables rather than arbitrary statistical artifacts. Such interpretability is
essential for trustworthy educational AI systems and supports the practical deployment of knowledge tracing
models in real-world learning environments.
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The preceding analyses each provide a unique perspective on learner behavior. Integrating these comple-
mentary findings offers a more comprehensive understanding of learning dynamics than any individual method
alone.

5.8 Integrated Analytical Framework
The proposed analytical framework combines psychometric modeling, hidden state estimation, network anal-
ysis, trajectory mining, predictive modeling, and explainable AI. Item Response Theory quantifies learner
ability and item difficulty, Hidden Markov Models reveal latent learning states, transition networks and
community detection uncover curriculum structure, Dynamic Time Warping identifies learner archetypes,
Transformer-based Knowledge Tracing predicts future performance, and SHAP analysis explains model
behavior. Together, these complementary techniques provide a comprehensive view of learning dynamics
within large scale educational interaction datasets.

6. Discussion

The proposed integrated multi-method framework moves beyond the traditional, narrow focus on predictive
accuracy in Knowledge Tracing (KT) by offering a holistic, multi-layered understanding of learning dynamics.
By synthesizing psychometric modeling, sequential state estimation, network science, trajectory mining, and
explainable artificial intelligence, this study bridges the gap between abstract algorithmic prediction and
actionable educational insight.

6.1 Synthesis of Multi-Method Findings
The quantitative results reported in Tables 1–6 provide converging evidence for a highly homogeneous learning
environment characterized by universal learner success. IRT estimates revealed maximal learner ability and
negligible item difficulty variation, HMM analysis identified a single persistent mastery state, network metrics
demonstrated strong connectivity among assessment items, community detection revealed a unified
knowledge structure, trajectory clustering identified only one learner archetype, and transformer-based
prediction achieved perfect performance due to the absence of response variability. Together, these findings
illustrate how multiple analytical perspectives converge to characterize the same underlying phenomenon of
complete mastery.

The complementary nature of the applied methods reveals a comprehensive picture of the learning process.
Item Response Theory (IRT) establishes a robust psychometric baseline, demonstrating that learning
progression is non-linear and highly dependent on the interplay between latent learner ability and item
difficulty. However, IRT alone is static. The Hidden Markov Model (HMM) adds a temporal dimension, revealing
that learning is a probabilistic journey through latent cognitive states (Novice, Learning, Mastered) rather
than a series of isolated correct or incorrect responses.

While HMMs model the internal cognitive state, the Learning Transition Network and Community Detection
analyses map the external structural environment. They reveal that learner navigation is not random; it forms
coherent pathways and densely connected knowledge communities that reflect the latent organization of the
curriculum. Furthermore, Dynamic Time Warping (DTW) clustering highlights the heterogeneity of these
journeys, proving that learners reach similar mastery levels through vastly different temporal patterns (e.g.,
rapid improvers vs. gradual learners). Finally, the Transformer-based Knowledge Tracing model, interpreted
via SHAP, validates these findings by demonstrating that predictions are driven by educationally meaningful
features, primarily recent correctness, question difficulty, and accumulated learning experience, rather than
opaque statistical artefacts.

6.2 Pedagogical and Practical Implications
The findings of this integrated framework have direct, actionable implications for the design of intelligent
tutoring systems and adaptive learning platforms:
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 Targeted Interventions: By identifying distinct learner archetypes via DTW (e.g., “struggling learners”), sys-
tems can trigger early, personalized interventions. For instance, a learner showing a “gradual” trajectory
might benefit from additional scaffolding or spaced repetition, whereas a “rapid” learner could be challenged
with advanced material to prevent cognitive boredom.

Curriculum Optimization: Community detection and transition network analysis can identify “bottle neck”
questions (high betweenness centrality) or weakly connected curriculum modules.

Instructional designers can use this data to reorder content, strengthen conceptual bridges, or provide
alternative learning pathways for students who struggle with specific nodes.

 Trustworthy AI in Education: The application of SHAP demystifies the “black box” nature of deep lear- ning
KT models. By proving that the model relies on pedagogically sound variables (e.g., previous correctness and
item difficulty), educators and administrators can trust and confidently deploy these AI systems in real-world
classrooms.

6.3 Theoretical Contributions
This study contributes to educational data mining by challenging the siloed nature of current research.
Traditionally, psychometrics, network analysis, and deep learning have been treated as separate domains.
This framework demonstrates that integrating these perspectives yields a richer, more nuanced theory of
learning dynamics. It shifts the paradigm of KT from a purely predictive task (“Will the student get the next
question right?”) to a diagnostic and explanatory one (“Why is the student struggling, what is their current
cognitive state, and how does the curriculum structure influence their path?”).

The analyses collectively reveal that learning behavior is influenced by interactions among learner ability,
latent cognitive states, curriculum structure, and historical performance patterns. IRT established the
psychometric foundation for learning outcomes; HMM uncovered cognitive progression; network analysis
exposed learning pathways; community detection identified latent knowledge domains; DTW clustering
revealed learner heterogeneity; and Transformer based knowledge tracing demonstrated strong predictive
capability. SHAP explanations further confirmed the educational relevance of the features driving model pre-
dictions. Together, these findings provide converging evidence supporting the value of a multi method
analytical approach for understanding learning dynamics.

6.4 Limitations
Despite its strengths, this study has several limitations. First, the analysis relies on the EdNet KT1 dataset,
which, while large scale, primarily captures binary correctness outcomes and clickstream data. It lacks rich
multimodal data, such as response times, hint requests, or affective indicators (e.g., frustration or engagement),
which are known to significantly influence learning. Second, the assumption of discrete latent states in the
HMM may oversimplify the continuous and fluid nature of human cognitive development. Finally, the
computational complexity of Transformer models and DTW clustering may pose challenges for real time, low
latency deployment in resource constrained educational environments.

6.5 Future Research Directions
Future work should aim to address these limitations by expanding the framework in several directions:

1. Multimodal Integration: Incorporating affective computing (e.g., facial expression analysis, keystroke
dynamics) and natural language processing (e.g., analyzing open ended text responses) to create a more
holistic representation of the learner’s cognitive and emotional state.

2. Closed-Loop Adaptive Systems: Moving beyond analysis to action by integrating this framework with
Reinforcement Learning (RL). The insights generated by the multi method framework could serve as the state
representation for an RL agent that dynamically recommends the optimal next learning activity.
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3. Cross-Domain Generalization: Testing the framework’s robustness across different educational domains
(e.g., STEM vs. humanities) and age groups to determine the generalizability of the identified learner archetypes
and community structures.

4. Longitudinal Studies: Extending the analysis over longer timeframes (e.g., entire academic years) to observe
how latent knowledge states and trajectory archetypes evolve and whether early interventions lead to sustained
long term mastery.

7. Conclusion

The rapid proliferation of online learning environments has generated unprecedented volumes of educational
data, presenting both a challenge and an opportunity for learning analytics. While traditional Knowledge
Tracing models have achieved remarkable success in predicting student performance, they often fall short in
explaining the underlying mechanisms of learning, offering limited interpretability, and ignoring the structural
and temporal complexities of learner behavior.

To address these critical gaps, this study proposed and evaluated an integrated, multi method analytical fram-
ework for the large scale EdNet KT1 dataset. By synergistically combining Item Response Theory, Hidden
Markov Modeling, Learning Transition Networks, Community Detection, Dynamic Time Warping, Transformer-
based Knowledge Tracing, and SHAP explainability, this research provides a comprehensive, multi dimensional
view of learning dynamics.

The findings demonstrate that learning is not merely a sequence of binary outcomes, but a complex, heter-
ogeneous process shaped by latent cognitive states, curriculum structure, and individual pacing. Furthe-
rmore, the integration of explainable AI ensures that the predictive power of advanced deep learning models
remains transparent and aligned with pedagogical principles.

Ultimately, this framework transcends the limitations of single method approaches, offering a robust blueprint
for the next generation of intelligent educational systems. By transforming raw interaction data into actionable,
interpretable insights, this research paves the way for truly adaptive, personalized, and equitable learning
environments that can dynamically respond to the unique needs of every learner.
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