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Knowledge Tracing (KT) models are widely used to estimate learners’
knowledge states. Recent approaches often rely on deep neural architectures,
which can be difficult to interpret, computationally expensive, and
challenging to deploy in real-world educational settings. In addition,
explicitly modeling relationships between topics remains a key challenge.
This study proposes a knowledge-structured framework that automatically
identifies latent relationships between topics from real learning data and
integrates them with machine learning-based prediction. Topic similarity is
estimated using cosine similarity to construct a knowledge graph, and
learners’ knowledge states are updated through a graph-based propagation
process. This approach enables related topics to influence each other,
providing a more structured view of learning dynamics. Experimental results
show that the proposed method produces more stable and consistent
knowledge estimates compared with approaches based solely on raw
performance data. The model achieves a Recall of 0.92, an AUC of 0.61, and
an RMSE of 0.55, indicating strong sensitivity to learning risk while
maintaining stable predictions.

© 2026 The Authors. Published by IASE. This is an open access article under the CC
BY-NC-ND license (https://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Accurately monitoring how learners’ knowledge
develops over time and anticipating their ability to
understand upcoming topics remains a central
concern in education. When such information is
available, instructors can adapt learning materials to
individual needs, revisit concepts that have not been
fully understood, and provide targeted support to
reduce learning gaps.

A common approach for modeling this process is
Knowledge Tracing (KT) (Corbett and Anderson,
1994). KT models describe learners’ knowledge
states over time by estimating whether a given
concept has been mastered. In its classical form, KT
relies on four parameters: the probability that a
learner initially knows an idea, the likelihood of
acquiring it through practice, the chance of guessing
correctly without mastery, and the probability of
making an error despite knowing the concept. While
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this formulation is transparent and straightforward,
it treats concepts independently and overlooks the
relationships between topics.

To address sequential learning patterns, Deep
Knowledge Tracing (DKT) was later proposed by
Piech et al. (2015), using Long Short-Term Memory
(LSTM) networks. Although DKT improves the
modeling of temporal dependencies, it shares a key
limitation with traditional KT: neither approach
explicitly represents how topics are related or how
prior learning across concepts influences future
performance. An alternative perspective was
introduced by Pavlik et al. (2009) through
Performance Factors Analysis (PFA), which applies
logistic regression to capture the effects of
accumulated correct and incorrect responses. PFA
offers improved interpretability, yet it still lacks an
explicit representation of conceptual structure and
temporal ordering.

These limitations have motivated the exploration
of structured representations that capture topic-
subtopic relationships. Recent studies have
incorporated Knowledge Graphs (KGs) and Graph
Neural Networks (GNNs) into KT models to better
reflect prerequisite structures and learning
progression. For instance, Graph-based Interaction
Knowledge Tracing (GIKT) (Yang et al, 2021)
models interactions between questions and sKkills
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using graph structures, allowing knowledge transfer
to be represented more explicitly. Similarly, Graph-
EKLN (Liu et al, 2021) encodes learner-exercise-
concept relations as nodes and edges, with semantic
similarity reflected through weighted connections.
Graph-based Knowledge Tracing models knowledge
concepts as nodes and their relationships as edges,
and updates learners’ knowledge states through
graph neural networks. It also supports learning
latent graph structures directly from student
interaction data (Nakagawa et al,, 2019).

Despite these advances, many graph-based KT
models depend on deep, multi-layer neural
architectures. Such designs often require substantial
computational resources, large training datasets, and

provide limited insight into internal decision
processes. As a result, recent research has
increasingly emphasized the development of
interpretable KT models that make learning

dynamics more transparent.

In this study, we propose an enhanced KT
framework that constructs a knowledge graph based
on topic-subtopic relationships and employs cosine
similarity together with propagation algorithms to
estimate future topic mastery using machine
learning techniques. By modeling conceptual
relationships directly at the graph level, the
proposed approach enables a more precise analysis
of knowledge evolution and cross-topic influence,
while maintaining interpretability and practical
applicability.

2. Related work

Research on Knowledge Tracing (KT) has
progressed through several related, though not
always convergent, directions. Initial approaches
framed learner knowledge wusing probabilistic
models with deliberately simplified assumptions.
Subsequent studies have increasingly adopted
graph-based representations to capture
dependencies between related topics that earlier
models overlooked. At the same time, increasing
attention has been paid to model transparency,
while a separate line of research has examined how
machine learning techniques can be used to assess
and validate KT predictions. This section reviews
representative contributions from these strands and
outlines the limitations that motivate the framework
proposed in this study.

2.1. Traditional knowledge tracing models

One of the earliest and most influential models in
KT research is Bayesian Knowledge Tracing (BKT),
which represents a learner’s knowledge state as a
binary variable indicating whether a concept has
been mastered (Corbett and Anderson, 1994). The
model updates this state over time using four
parameters—Ilearning, guess, slip, and forget—
estimated from observed responses. Because of its
simplicity and intuitive probabilistic formulation,
BKT has been widely adopted in early intelligent
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tutoring systems. However, the model relies entirely
on binary correctness signals, which limits its ability
to reflect partial or evolving understanding. In
addition, concepts are treated as independent,
leaving semantic relationships between topics
unmodeled.

To incorporate temporal learning patterns more
explicitly, DKT introduced recurrent neural
networks, particularly Long Short-Term Memory
(LSTM) architectures, to process sequences of
learner responses (Piech et al., 2015). While this
approach improves the modeling of time-dependent
behavior, it offers little transparency regarding how
predictions are formed. Performance Factors
Analysis (PFA) employs a different approach,
utilizing logistic regression to model the cumulative
impact of prior correct and incorrect responses,
yielding a model that is more interpretable than its
neural alternatives (Pavlik et al, 2009).
Nevertheless, PFA still does not explicitly represent
sequence-level temporal structure or conceptual
dependencies across topics.

Taken together, these traditional models provide
an important foundation for KT research. At the
same time, they offer only a limited perspective on
how knowledge develops across related concepts
and do not explicitly describe how understanding
transfers between topics.

2.2. Graph-based knowledge tracing: Topic-
subtopic dependency modeling

As the limitations of independent concept
modeling became clearer, graph-based approaches
emerged as a natural extension of KT. These
methods aim to represent prerequisite relations,
semantic proximity, and knowledge transitions
directly within a structured graph (Namsraidorj et
al.,, 2025).

GIKT models interactions between questions and
skills through graph structures, enabling knowledge
transfer to be expressed more explicitly than in
purely sequential models (Yang et al.,, 2021). Graph-
based approaches represent learners, exercises, and
knowledge concepts as connected elements, making
it possible to capture the relationships among them.
Building on these ideas, Cui et al. (2024) introduced
a dual-graph ensemble learning approach for
knowledge tracing that captures heterogeneous
relationships among learning interactions and
combines the resulting graph models through online
knowledge distillation.

More recent work has explored advanced graph
neural architectures. For example, GCN-based KT
models have shown improved ability to capture
hierarchical topic structures, resulting in higher AUC
scores compared to traditional DKT approaches.
Word2Vec has been widely used to generate
semantic vector representations of concepts,
whereas Graph Attention Networks (GAT) allow
attention-based weighting of graph edges and
neighboring nodes. Together, these techniques
provide an effective foundation for modeling topic-
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subtopic relationships in knowledge graphs
(Mikolov et al., 2013; Velickovic¢ et al., 2017).
Additionally, dual-graph-based knowledge

tracing approaches integrate concept graphs with
learner interaction sequences, offering a broader
view of learning dynamics (Nakagawa et al., 2019).
Although these models capture latent dependencies
and semantic proximity more effectively, many of
them rely on deep architectures that increase
computational cost and further complicate
interpretation

2.3. Interpretable and explainable knowledge
tracing models

Despite improvements in predictive accuracy,
interpretability remains a persistent challenge in KT
research. Concerns about the black-box nature of
deep neural models have motivated increasing
interest in Interpretable Knowledge Tracing (IKT)
approaches (Piech et al, 2015; Yeung and Yeung,
2018).

Linear and logistic models, such as AFM and PFA,
allow parameters to be interpreted directly, while
extensions that incorporate Item Response Theory
(IRT) seek to jointly model learner ability and task
difficulty (Yudelson et al, 2013). More recent
approaches employ attention mechanisms to make
the influence of specific topics on predictions more
visible (Gantulga et al, 2020). Although these
methods improve transparency, they generally do
not integrate explicit semantic relationships
between topics or model knowledge propagation at
the graph level

2.4. Hybrid KT and machine learning validation

Another line of research focuses on validating KT
outputs using conventional supervised machine
learning methods. Baker and Inventado (2014)
highlighted the importance of evaluating KT models
with standard ML metrics such as Accuracy, AUC,
and RMSE to assess predictive reliability. Knowledge
Tracing representations can also be used with
traditional machine learning methods to improve
prediction and evaluate model performance.

These approaches aim to improve prediction
while keeping the model useful for practical
educational applications. However, fully integrated
pipelines that combine graph-based semantic
similarity, explicit knowledge propagation, KT
modeling, and machine learning validation remain
relatively rare (Nakagawa et al., 2019; Velickovi¢ et
al, 2017). This limitation directly motivates the
unified framework introduced in this study.

3. Proposed methodology and framework

This section presents a hybrid Knowledge
Tracing framework designed to address the common
limitations of existing models. Previous graph-based
KT models have wused relationships between
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concepts and information propagation to model how
knowledge concepts influence one another (Tong et
al,, 2020). Following this idea, our framework uses a
knowledge graph, a simple propagation mechanism,
and supervised machine learning to keep the model
understandable and practical to use. A review of
previous Knowledge Tracing (KT) studies highlights
several open issues that motivate this work. First,
recent graph-based KT models attempt to represent
relationships between topics, but most of them rely
on deep neural architectures (Nakagawa et al.,, 2019;
Velickovi¢ et al,, 2017). While these models can be
effective, their internal reasoning is difficult to
comprehend, making it challenging to interpret
concept-level relationships from a human
perspective (Piech et al, 2015; Yeung and Yeung,
2018). This creates a need for a clearer and more
explainable way to represent semantic links between
topics.

Second, knowledge propagation across topics is
often handled implicitly within neural networks.
Although such approaches can capture complex
patterns, they provide limited insight into how
mastery in one topic affects related topics over time.
A more explicit and mathematically transparent
propagation mechanism would allow this process to
be analyzed more clearly.

Third, many graph-based KT models assess their
performance mainly within the same modeling
framework. Independent validation using supervised
machine learning models and standard evaluation
metrics remains relatively limited, making it more
challenging to assess their practical reliability.

Finallyy, deep KT models are often
computationally expensive to train and deploy. This
limits their applicability in real Learning
Management Systems (LMS), especially in settings
with limited computational resources. A lightweight
and efficient architecture is therefore important for
real-world use.

Taken together, these limitations motivate a
hybrid framework that combines interpretable
graph construction, explicit knowledge propagation,
and machine learning-based validation in a practical
and efficient manner.

3.1. Framework overview

The proposed framework is built around four key
elements. First, a knowledge graph is created to
describe the relationships between topics, with
similarity between topics measured using cosine
similarity (Mikolov et al., 2013). Second, a diffusion-
based propagation process is applied to update
learners’ knowledge states by allowing information
to flow between related topics (Wang and Zhang,
2021). Third, the resulting knowledge estimates are
examined using supervised machine learning models
to assess their predictive value (Baker and
Inventado, 2014). Finally, the framework presents
the results in a clear and interpretable form to
support instructional decision-making.
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By combining these elements, the framework
provides a structured approach to modeling
knowledge development, thereby eliminating the
need for complex, deep neural architectures (Piech
etal, 2015).

3.2. Knowledge graph construction

A Knowledge Graph (KG) is constructed to
represent semantic relationships among topics and
subtopics. The graph is defined as:
G=(V,E,W) 1)
where, V = {v4,v,, ..., v,} denotes the set of topic
nodes, E represents edges between topics, and W =
[w;;] is a weighted adjacency matrix.

Each topic is represented as a feature vector
derived from its learning content. Semantic
similarity between topics v; and v; is computed
using cosine similarity:

e (wivy)
CosineSim(v;,v;) = m )

The edge weight between two topics is defined
as:

CosineSim(vi, vj), ifCosineSim(vi, vj) >0
Wij = , (3)
0, otherwise
where, @ is a threshold that removes weak or
irrelevant connections.
By filtering out weak connections, the resulting
graph focuses on semantically relevant relationships
and remains straightforward to interpret.

3.3. Graph
propagation

diffusion-based knowledge

To model the dynamic influence of related topics,
a graph diffusion-based propagation mechanism is
applied. Let Xt denote the learner’s topic-level
mastery state at iteration t, and let X represent the
initial mastery state derived from observed
performance. The propagation process is defined as:
X*=g WX+ (1-a)X° (4)
where, W is the normalized adjacency matrix and o €
[0, 1] controls the strength of propagation.

This formulation allows mastery in one topic to
influence related topics based on their connections.
The process converges when X1 = Xt, yielding the
stabilized representation:
XPTP = (] —aW)™ 1 (1 —a) X° (5)
where, I is the identity matrix. The resulting matrix
Xprop represents the propagated mastery values
across all topics.

Machine learning-based  validation: = The
propagated knowledge state Xrrop is used as the input
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feature matrix for supervised machine learning
validation. The objective is to estimate the learner’s
actual performance outcome as:
y = f(XP"P) = y_actual (6)
where, f(-) represents the prediction model used in
this study.

Evaluation metrics: The performance evaluation

metrics used in this study are summarized in Table
1.

Table 1: Performance evaluation metrics

Metrics Formula
TP +TN
Accuracy -_
TP +TN + FP +FN
. TP
Precision _—
TP + FP
TP
Recall —_—
TP +FN

AUC (ROC curve) —

1 52
;Z(Yi -9

RMSE

These metrics provide complementary measures
of the model'’s predictive performance.

3.4. Implementation details and algorithm

The propagation step follows Eq. (4), where a
controls the Dbalance between information
propagated from related topics and the initial
mastery state Xror. To make the implementation
easier to follow, the main parameter settings used in
this study are described below. The dataset includes
item-level attempt records, item-topic mappings,
and topic-level relationships derived from learning
sequences (Nakagawa et al.,, 2019; Piech et al., 2015).
The threshold value was set to 8 = 0.60 and used to
convert continuous performance scores into binary
learning outcomes. This value was chosen based on
the overall distribution of scores, where many topic-
level values are relatively low, making it useful to
separate stronger and weaker performance (Baker
and Inventado, 2014; Fawcett, 2006).

The propagation coefficient was set to a = 0.50.
This allows the model to balance the original
performance information with the structural
information coming from related topics. A window
size of 2 was used to construct the topic transition
matrix, capturing immediate transitions between
topics observed in the learning process. The
transition matrix W was normalized using row
normalization so that the outgoing weights for each
topic are comparable. Knowledge propagation was
applied for a single step. Given the relatively small
dataset, additional iterations were not used, as they
tend to smooth the values too much and reduce
meaningful differences between topics. The main
parameter settings are summarized in Table 2.

Algorithm 1 presents the overall workflow of the
proposed method, including data preparation,
construction of the Student-Topic matrix, topic
transition modeling, knowledge propagation, and
prediction.
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Algorithm 1. Knowledge-structured learning with
propagation

Input: item-level data, topic mapping, 6, a, window size
Output: predicted success probabilities

1. Prepare and clean the item-level data.

2. Construct the Student-Topic matrix (X) based on topic-
level performance.

3. Extract topic sequences from learner activity.

4. Build the topic transition matrix (W) using a sliding
window.

5. Normalize W using row normalization.

6. Apply knowledge propagation to obtain X*"°P.

7. Convert performance scores into binary labels using 6.

8. Train the prediction model using XP™".

9. Generate success probabilities for each student and topic.

Table 2: Implementation parameters

Parameter Description Value

Threshold for binary

0 (theta) : 0.60
learning outcome
Propagation

o (alpha) coefficient 0.50

Window size Toplcltransmon 2
window

Normalization Normalization of W Row normalization

method
Propagation Number of 1

step propagation updates
Fixed one-step

Convergence

Stopping condition propagation (to avoid

rule .
oversmoothing)

The framework is designed so that its results are
easy to understand. The weights of the graph edges
indicate the degree of relatedness between topics,
the propagation process illustrates how knowledge
in one topic influences others, and the machine
learning model highlights which topics contribute
most significantly to the predictions.

Because the framework is lightweight and uses a
small number of parameters, it can be applied in
real-time learning management systems. In practice,
it helps lecturers identify topics that learners
struggle with, recognize potential learning risks
early, and make more informed teaching decisions
based on data. Within the scope of this study, the
following hypotheses are proposed:

H1: The incorporation of knowledge propagation
leads to improved predictive performance compared
to using raw performance data alone, as reflected in
higher AUC and lower RMSE.

H2: The knowledge-structured model more
effectively  identifies  low-performing  topics
compared to raw performance-based estimates,
resulting in clearer differentiation of learning risk.
H3: The integration of topic structure and
propagation produces model outputs that are more
interpretable, as evidenced by consistent alignment
between student-topic representations and topic-
level summaries.

H4: The proposed framework maintains stable and
conservative probability estimates under limited
data conditions, avoiding extreme or overconfident
predictions.
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3.5. Experimental setup and system architecture

In this study, the proposed knowledge-structured
machine learning framework was implemented and
evaluated using real learning data collected from
eight programming olympiad training teams, each
consisting of three students. This setup follows the
standard team structure used in programming
contests. The primary objective of the
implementation is to assess whether the framework
can be applied in a reproducible, lightweight, and
decision-support-oriented manner. The overall
process follows the system architecture illustrated in
Fig. 1. The proposed architecture consists of five
layers:

e Data layer: Item-level data collected from the
training environment were preprocessed by
standardizing identifiers, handling missing values,
and normalizing scores. This ensures a consistent
and reliable input for subsequent analysis.

e Feature construction layer: Item-level
performance is aggregated with difficulty-based
weighting to build the Student - Topic matrix X.

e Knowledge graph layer: Based on learners’
observed topic sequences, a window-based
sequence method is used to construct the topic
transition matrix W. The graph structure is
learned directly from data.

e Propagation layer: The matrices X and W are
combined to compute the propagated matrix XP™°P,
allowing prerequisite and nearby topic effects to
be reflected in the student-topic state.

e Prediction and output layer: Using raw states,
propagated states, and learner similarity
information, the model estimates topic-level
success probabilities. The output file
(predictions.csv) provides Student x Topic
probabilities that can be used for instructional
decisions.

Overall, the architecture eschews deep neural
networks and is designed to remain transparent,
interpretable, and straightforward to deploy in real-
world systems.

e Data and Preprocessing: We used item-level data
collected from a real training environment. During
preprocessing, Student and item IDs were
standardized, missing values were handled, and
score values were mapped to a consistent scale.
This step provides a stable input for all subsequent
computations.

e Student-Topic Matrix (X): The Student-Topic
matrix was built from item-level performance.
Item difficulty was used as a weight so that
performance on more difficult items contributes
more to the topic-level estimate. The resulting
matrix X represents the initial learning state at the
topic level.

e Topic Graph (W) and Knowledge Propagation: To
learn topic dependencies from real learning
behavior, we applied a window-based sequence
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analysis and constructed W. The resulting matrix
is typically dense and contains many non-zero
transitions, reflecting the actual flow of learning
across topics.

Next, we applied propagation over the topic
graph to compute Xrrop. This step makes topic
estimates more stable, especially when data are
sparse or uneven across topics.

e Success Probability Prediction: Based on the
propagated topic states, we estimated the
probability that each learner will successfully
learn each topic. In implementation, each topic
was modeled separately, and a fallback strategy
was used when class separation was insufficient.
As a result, predicted probabilities remain within
[0, 1] and do not collapse into extreme values.

4. Results and discussion
4.1. Results of student-topic matrix

In the initial stage of the study, a Student-Topic
matrix (X) was constructed using item-level
performance data, with question difficulty applied as
a weighting factor. The results indicate that learners’
levels of topic mastery are unevenly distributed
across topics. While mastery appears relatively
stable for some topics, others exhibit greater

]
||
=]
[m]
Knowledge Graph
Topic Transition Matrix (W)

Sequence Analysis
Propagated Mastery Matrix (XP ?)

Difficulty-Weighted Matrix
[
0
]
[ml

Student-Topic-Mastery Matrix (X)

0

(4]
|5l
Feature construction

variability and dispersion among learners. Fig. 2
presents the Student x Topic matrix, which
represents the initial knowledge state of each
learner for each topic. As observed from the matrix,
several topics demonstrate consistently higher
mastery levels across most learners. In contrast,
others—most notably Topic L—show generally low
mastery values for the majority of learners. This
pattern suggests that topic mastery varies
substantially depending on both the learner and the
topic under consideration.

The color gradient used in the visualization
provides an intuitive representation of mastery
levels. Yellow and light green shades correspond to
high mastery values (close to 1), green-blue tones
indicate moderate mastery, and blue to dark purple
colors represent low or near-zero mastery levels.
This visual encoding allows for a direct comparison
of mastery differences across learners and topics.

Overall, these observations suggest that mastery
estimates based solely on raw performance data can
partially reflect learners’ knowledge states but fail to
capture the influence of structural relationships
between topics and the effects of learning order.
Consequently, it becomes necessary in the
subsequent stage to infer inter-topic dependencies
from actual learning trajectories and to incorporate
this structural information to refine mastery
estimation.
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Fig. 1: Overall architecture of the proposed knowledge-structured framework
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Fig. 2: Student-topic mastery matrix (X)
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4.2. Results of the topic transition matrix (W)

Based on learners’ actual learning sequences, a
topic transition matrix (W) was constructed using a
window-based sequence analysis approach. This
matrix captures the tendency of transitions from one
topic to subsequent topics and reflects structural
information about the learning process learned
directly from data, rather than being manually
defined. The topic transition matrix (W) derived
from real learning trajectories is illustrated as a
heatmap in Fig. 3. In this representation, rows
correspond to source topics, columns denote
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subsequent issues, and the matrix values indicate the
relative transition strengths from one topic to
another. As observed from the heatmap, the \
matrix exhibits a dense structure with multiple non-
zero entries for most topics. This pattern suggests
that learning content is not acquired in isolation, but
instead follows a layered and interconnected
progression.

Importantly, these dependencies are inferred
directly from observed learning behavior,
demonstrating the feasibility of data-driven
discovery of topic relationships. Distinct transition
patterns are evident for specific topics. In particular,
transitions toward Topics G and H show relatively
higher weights, indicating that these topics function
as core or foundational nodes for multiple other
topics. Notably, the strong transition from Topic I to
Topic H suggests an explicit sequential dependency,
consistent with a prerequisite relationship between
these topics. Conversely, some topics exhibit fewer
and more concentrated transitions, which may
indicate that they correspond to later stages of
instruction or more specialized concepts. Such
structural characteristics are critical for subsequent
knowledge propagation, as they determine how
strongly mastery in preceding topics influences
related topics.

0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0.0
A D F G H | ] L M

Fig. 3: Topic transition matrix (W)

Overall, the analysis confirms that the topic
transition matrix (W) effectively  captures
meaningful structural relationships among topics
based on learners’ actual learning paths. These
findings provide both theoretical justification and
practical support for applying knowledge
propagation at the Student-Topic mastery level in
the subsequent stage of the framework.

4.3. Results of knowledge propagation

Based on the topic transition matrix (W), a
knowledge propagation process was applied to the
Student-Topic mastery matrix, resulting in the
propagated mastery matrix (Xrropr). This propagation
mechanism allows prior mastery of earlier topics to
influence subsequent related topics, thereby
enriching raw mastery estimates with structural
information derived from the learning sequence. The
results indicate that the propagated matrix Xprop
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exhibits a more balanced distribution than the
original matrix X.

In particular, topics affected by data sparsity or
weak discrimination in the raw estimates show more
stable and consistent values after propagation. This
observation suggests that knowledge propagation
successfully transfers structural information from
the learning process into topic-level mastery
estimates.

As shown in Table 3, the impact of knowledge
propagation varies across topics. Topics with
relatively low initial mastery levels, such as H, G, and
L, exhibit substantial increases in their propagated
mean values, indicating that prerequisite and
neighboring topics make meaningful contributions
to their updated mastery estimates. The pronounced
increase observed for Topic H suggests that it is
strongly connected to other topics within the learned
structure. In contrast, topics such as A, I, and ], which
initially showed higher or more isolated mastery
patterns, experience decreases in propagated values.
This behavior reflects the smoothing effect of
propagation, whereby mastery estimates are
redistributed in a structured manner according to
topic dependencies.

Table 3: Topic-level effects of knowledge propagation

Topic  Mean X (Raw) Mean XProp (Propagated) A (Xpror - X)
A 0.6000 0.3220 -0.2780
D 0.3214 0.3234 +0.0019
F 0.1562 0.2110 +0.0548
G 0.2679 0.4611 +0.1932
H 0.2200 0.8106 +0.5906
I 0.3750 0.1688 -0.2062
] 0.5417 0.3040 -0.2376
L 0.0417 0.1046 +0.0630
M 0.3750 0.1729 -0.2021

A: Denotes the change in average topic-level mastery induced by knowledge

propagation.

Building on these propagated mastery estimates,
the next stage focuses on predicting the probability
of successful learning for each topic at the learner
level. Fig. 4 presents a heatmap of the predicted
probabilities of successful learning at the learner-
topic level. This visualization provides a concise
overview of how success probabilities are
distributed across learners and topics, allowing for
the observation of overall patterns, structural
differences, and potential risk areas. As shown in the
heatmap, several topics exhibit consistently high and
stable probabilities across most learners, whereas
other topics display lower and more uneven
probability distributions. To quantitatively support
the patterns observed in Fig. 4, Table 4 summarizes
the mean, variability, and range of predicted success
probabilities for each topic. The results in Table 4
are consistent with the patterns shown in Fig. 4.
Topics D and F have high average probabilities and
very small variation across learners, which suggests
that these topics are learned in a stable and
consistent manner. By contrast, Topics H and L have
noticeably lower average probabilities. In particular,
Topic L shows similarly low values for all learners,
indicating that it represents a clear learning risk.
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Taken together, the heatmap visualization and
topic-level statistics demonstrate that the proposed
framework can effectively distinguish between well-
learned topics and those that remain problematic.
This separation is useful in practice, as it allows
instructors to identify topics that require additional
support and to focus instructional efforts where
learning difficulties are most likely to occur.
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Fig. 4: Predicted success probabilities across learners and
topics
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Table 4: Topic-level summary of predicted success

probabilities

Topic P [s]\flii:ss) Std Min Max Interpretation
D 0.8750 0.0044 0.8683 0.8834 Well mastered
F 0.8750 0.0036 0.8690 0.8818 Well mastered
A 0.7500 0.0165 0.7275 0.7727 Stable
M 0.7500 0.0349 0.6925 0.7705 Stable
G 0.6250 0.0308 0.5773 0.6792 Moderate
I 06250  0.0825 05318 0.7604 Moderate

(heterogeneous)

] 0.5000 0.0236 0.4631 0.5249 Borderline
H 0.3750 0.0690 0.2705 0.4734 Atrisk
L 0.1046 0.0000 0.1046 0.1046 High risk
Mean denotes the average predicted success probability for each topic,

while Std reflects variability across learners

4.4. Validation of predictions and performance
evaluation

This section examines the reliability and
discriminative performance of the predicted success
probabilities using quantitative metrics derived from
real learning data. At the student-topic level,
observed learning outcomes were aligned with
predicted  probabilities  through  item-topic
mappings. Both classification-based and probability-
based evaluation criteria were employed to obtain a
comprehensive assessment. Classification
performance was measured using Accuracy,
Precision, Recall, and the Area Under the ROC Curve
(AUC), while the agreement between predicted
probabilities and observed outcomes was assessed
using the Root Mean Square Error (RMSE). This
combined evaluation framework captures not only
predictive performance but also the stability and
interpretability of probability estimates. The
proposed model achieved a Recall of 0.92, indicating
strong sensitivity in identifying unsuccessful
learning cases. Such behavior is particularly
important in educational contexts, where early
detection of learning risk supports timely and
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targeted instructional intervention. An AUC value of
0.61 further indicates that the model distinguishes
learning outcomes more effectively than random
classification. The RMSE value of 0.55 suggests a
moderate level of agreement between predicted and
observed outcomes, while also reflecting stable
probability estimates under limited data conditions.
The comparatively lower Precision indicates a
conservative prediction tendency, favoring risk
detection over strict classification accuracy.

Overall, these results demonstrate that the
proposed model produces predictions that are
statistically consistent with observed learning data
and effective for identifying topics associated with
learning risk. Nevertheless, performance metrics
alone do not fully explain the mechanisms
underlying these outcomes. Accordingly, the
following section provides a detailed discussion from
both theoretical and practical perspectives,
analyzing the influence of topic structure and
knowledge propagation, and outlining the strengths
and limitations of the proposed knowledge-
structured approach.

The primary objective of this study was to
examine  whether  automatically  uncovering
knowledge structures from real learning data and
integrating them with machine learning-based
prediction can provide a more interpretable and
practically useful solution to the Knowledge Tracing
problem. The results show that combining graph-
based structure, knowledge propagation, and
interpretable modeling offers clear advantages over
approaches based solely on raw performance data.

With respect to H1, the findings indicate that
knowledge propagation updates learner states in a
structured manner based on topic relationships,
rather than simply increasing raw scores. This leads
to more balanced and realistic mastery estimates
and is supported by improved AUC and lower RMSE
compared to the baseline model.

For H2, the model consistently identifies topics
with low mastery, forming stable learning risk
patterns across learners. These patterns are less
visible in raw performance data, where noise and
sparsity can obscure meaningful relationships.

Regarding H3, the results show that the model
outputs are interpretable and useful for decision
support. Changes in topic mastery after propagation
can be explained by the underlying topic structure,
and the observed patterns align with instructional
practices in the training environment.

Finally, for H4, the model produces stable
probability estimates even under limited data
conditions. The predictions remain balanced and
avoid extreme values, making the approach suitable
for real-world educational settings.

4.5, Limitations and future work

Despite its strengths, this study has several
limitations. First, the dataset was relatively small
and drawn from a specific educational context,
which may limit generalizability. Second, topic
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definitions and mappings were fixed in advance;
different curricular designs may yield alternative
structures. Third, while the framework avoids deep
architectures to preserve interpretability, this choice
may limit predictive performance in very large-scale
settings.

Future work will focus on validating the
framework across larger and more diverse datasets,
exploring adaptive topic representations, and
integrating temporal dynamics without sacrificing
transparency. These directions provide
opportunities to further strengthen the balance
between interpretability, robustness, and predictive
power.

In summary, the hypothesis-driven evaluation
and explanatory case analysis jointly demonstrate
that the proposed hybrid knowledge-structured
framework provides an effective, interpretable, and
practically deployable alternative to complex deep
Knowledge Tracing models, particularly in real-
world educational settings.

To support reproducibility, the implementation
details of the proposed framework are fully
described in the manuscript. Due to the nature of the
dataset, anonymized data can be shared upon
reasonable request, subject to institutional and
privacy constraints.

5. Conclusion

This study proposes a knowledge-structured
Knowledge Tracing framework that combines graph-
based representations, knowledge propagation, and
interpretable machine learning. The results show
that this approach produces more stable and
realistic estimates of learner knowledge than
methods based only on raw performance data.

The findings indicate that knowledge propagation
helps organize learner states in a more structured
way, improves the identification of at-risk topics, and
produces outputs that are easier to interpret for
instructional decision-making. In addition, the model
maintains stable probability estimates even when
data are limited, making it suitable for real-world
learning environments.

Overall, the proposed framework provides a
transparent and computationally efficient alternative
to more complex deep learning-based knowledge
tracing models. Future work will focus on testing the
approach on larger and more diverse datasets,
incorporating temporal dynamics, and further
improving its practical applicability.

List of abbreviations

AFM Additive factors model

AUC Area under the ROC curve

BKT Bayesian knowledge tracing

DKT Deep knowledge tracing

GAT Graph attention networks

GCN Graph convolutional network

GIKT Graph-based interaction knowledge tracing
GNNs Graph neural networks
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ID Identifier

IKT Interpretable knowledge tracing
IRT Item response theory

KG Knowledge graph

KT Knowledge tracing

LMS Learning management systems
LSTM Long short-term memory

ML Machine learning

PFA Performance factors analysis
RMSE Root mean square error

ROC Receiver operating characteristic
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