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Abstract

Accurately modeling student knowledge evolution is a central challenge in personalized
learning and adaptive educational systems. Traditional sequential or static approaches
often fail to capture both the temporal dynamics of learning and the relational structure
between students and concepts. This study introduces a Temporal Graph Neural Network
(TGNN) framework for modeling student knowledge acquisition and predicting learning
trajectories using fine-grained interaction data from the ASSISTments_skill dataset. The
TGNN represents students and skills as nodes in a dynamic bipartite graph, with temporal
edges encoding correctness, attempts, hints, and interaction timestamps. Experiments
demonstrate that TGNN significantly outperforms state-of-the-art baselines, including
Deep Knowledge Tracing (DKT), Self-Attentive Knowledge Tracing (SAKT), and static
graph convolutional networks, achieving an Area Under the Curve (AUC) of 0.892, Accu-
racy of 0.846, F1 score of 0.842, and a Mean Absolute Error (MAE) of 0.078 for trajectory
prediction. Ablation studies reveal the critical role of temporal encoding, edge features, and
graph connectivity in accurately modeling learning dynamics. Concept-level analysis indi-
cates high prediction accuracy across both high-frequency and low-frequency skills, while
temporal attention mechanisms enable interpretable insights into the influence of prior
interactions on future performance. These results highlight the effectiveness of integrat-
ing temporal dynamics, graph-based relational modeling, and pedagogically meaningful
features in predicting student learning outcomes. These results demonstrate the potential
of temporal graph-based modeling for capturing student—skill relationships and learning
dynamics in educational interaction data. Rather than introducing a fundamentally new
graph architecture, this study systematically adapts the Temporal Graph Network (TGN)
framework to educational data and evaluates its effectiveness for modeling knowledge
evolution and forecasting student learning trajectories. The findings provide practical
insights for applying temporal graph learning methods to personalized learning, adaptive
intervention design, and real-time performance forecasting.

Keywords: Temporal Graph Neural Networks (TGNN); student modeling; knowledge
tracing; learning trajectories; educational data mining

1. Introduction

Understanding how student knowledge evolves over time is central to improving
instructional design, adaptive learning systems, and personalized education at scale [1].
Traditional student modeling approaches, such as Bayesian Knowledge Tracing (BKT) and
Item Response Theory (IRT), have provided foundational insights into learner performance
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prediction, yet they typically treat learning as a static or semi-static process [2]. These
models assume that skills are independent, learning transitions follow fixed probabilistic
rules, and that all learners exhibit relatively homogeneous behavior [3]. Such assumptions
substantially simplify the complexity of human learning and limit the ability of these
models to capture nuanced cognitive processes such as forgetting, skill transfer, fluctuating
motivation, or varied learning strategies [4].

In contrast, real-world learning is dynamic, nonlinear, and inherently relational. Stu-
dents interact with curricula composed of interdependent concepts where mastery of one
skill often influences understanding of others [5]. Their knowledge states shift continuously
as they encounter new material, revisit prior topics, and practice skills across multiple
sessions [6]. Moreover, their learning behavior is shaped by contextual factors such as
the difficulty of instructional content, feedback quality, engagement patterns, and histor-
ical performance, that unfold over time [7]. As modern digital learning environments
and intelligent tutoring systems generate high-frequency, longitudinal data, these rich
interaction logs reveal complex temporal patterns that traditional methods struggle to
model effectively [8].

Consequently, there is an increasing need for computational models capable of repre-
senting not only individual learning events but also the evolving dependencies between
concepts, learners, and assessment items [9]. Such models must capture temporal dynamics,
conceptual relationships, and heterogeneous learning trajectories with much higher fidelity.
Emerging deep learning methods, particularly those that integrate representation learning
with sequential modeling, offer substantial promise [10]. However, they often overlook the
graph-structured nature of educational data, where concepts, students, items, and activities
form interconnected networks that evolve over time [11]. This necessitates more advanced
modeling strategies that can simultaneously reason about structure and temporality, pro-
viding a more holistic and accurate representation of how knowledge develops.

Graph Neural Networks (GNNs) have recently emerged as a powerful paradigm for
representing relational structures such as concept graphs, knowledge dependencies, and
student—item interactions [12]. Yet most existing GNN-based student models operate on
static graphs, overlooking the continuous evolution of learners” knowledge states [13]. This
limitation is critical because learning is inherently temporal, students reinforce, forget,
and transfer knowledge across sessions, topics, and assessments. Temporal Graph Neural
Networks (TGNNSs), which integrate dynamic graph updates with sequence modeling,
offer a promising solution for capturing both the structural and temporal dimensions
of learning.

Despite significant advances in knowledge tracing and educational data mining, sev-
eral research gaps remain. First, most existing approaches model student learning primarily
as sequential interactions, capturing temporal order but ignoring relational dependencies
between students and knowledge components. Second, graph neural networks applied
to educational data often rely on static representations, which fail to reflect the dynamic
evolution of learning interactions. Third, existing models focus mainly on next-response
prediction, with limited attention to modeling longer-term learning trajectories.

To address these limitations, this study proposes a Temporal Graph Neural Network
(TGNN) framework that integrates temporal encoding, dynamic graph representation, and
rich interaction-level features. Students and skills are represented as nodes in a temporally
evolving bipartite graph, allowing the model to jointly capture relational structure and
temporal learning dynamics. This enables accurate prediction of both immediate responses
and broader learning trajectories, advancing research at the intersection of temporal graph
representation learning and educational data mining.
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It is important to note that this work does not aim to propose a completely new
temporal graph neural network architecture. Instead, the study systematically adapts the
Temporal Graph Network (TGN) framework introduced by Rossi et al. [14] for the specific
problem of student knowledge tracing and learning trajectory prediction in educational
data mining. The contribution of this research lies in the formulation of student-skill inter-
actions as a temporally evolving bipartite graph enriched with pedagogically meaningful
interaction attributes, including correctness, attempts, hint usage, and temporal intervals.
By integrating temporal attention mechanisms with these educational interaction features,
the framework enables the modeling of both relational dependencies and temporal learning
dynamics. The study further provides a comprehensive empirical evaluation including
trajectory prediction, concept-level analysis, and ablation studies to better understand how
temporal graph learning can support modeling of student knowledge evolution.

Beyond algorithmic modeling, understanding student learning requires grounding
predictive systems in established educational theory [15]. Learning is a progressive process
in which students develop conceptual mastery through repeated practice and feedback [16].
Bloom's taxonomy conceptualizes knowledge development as a hierarchical progression
from foundational understanding toward higher cognitive mastery [17]. In this context,
temporal student—skill interactions serve as observable indicators of incremental learning.
The TGNN framework aligns with this perspective by modeling learning as a temporally
evolving interaction process, where each interaction contributes evidence about a learner’s
mastery state and prior events inform future performance. In this way, the framework
bridges computational modeling with pedagogically meaningful insights.

This study presents an applied methodological investigation into the use of temporal
graph neural networks for modeling student knowledge evolution in educational data
mining. Rather than proposing a fundamentally new neural architecture, the work fo-
cuses on adapting and evaluating temporal graph learning techniques within the context
of knowledge tracing. The contributions of this study are threefold. First, student—skill
interactions are formulated as a temporally evolving bipartite graph enriched with peda-
gogically meaningful edge features, including correctness, number of attempts, hint usage,
and temporal intervals. Second, the study demonstrates how temporal graph attention
and message passing mechanisms can capture both relational dependencies and temporal
learning dynamics for predicting student performance. Third, the framework is empirically
evaluated through comprehensive experiments, including trajectory forecasting, concept-
level analysis, and ablation studies, providing practical insights into the applicability of
temporal graph models for personalized learning analytics.

2. Literatures
2.1. Graph-Based Knowledge Tracing and Pedagogically Grounded Models

Recent advances in knowledge tracing have increasingly emphasized the importance
of modeling structured knowledge relationships rather than treating skills as independent
units. Cui et al. [18] introduced graph-based reasonable knowledge tracing, integrating
pedagogical theories with graph neural architectures to better represent how students
transition across interrelated concepts. Their work highlights that incorporating explicit
curricular structures improves interpretability and yields more realistic representations of
student cognitive progression. Similarly, Yang et al. [19] proposed a graph-based effective
KT framework using subject-level knowledge mapping, demonstrating that graph repre-
sentations aligned with subject hierarchies enable more accurate mastery estimation and
support richer pedagogical insights. These works demonstrate a shift toward interpretable
graph-based KT, where conceptual dependencies, instructional design principles, and
prerequisite structures directly inform learning prediction models.
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2.2. GNN-Based Models for Student Performance Prediction

Graph neural networks (GNNs) have been widely adopted for predicting learner
performance by modeling relationships between students, items, and knowledge compo-
nents. Hakkal and Ait Lahcen [20] proposed a GNN-based learner performance prediction
system that constructs relational graphs from student-activity interactions. Their results
demonstrate that GNNs capture complex relational patterns more effectively than classical
machine learning baselines.

Zhou and Yu [21] extended this idea by developing a Multi-Graph Spatial-Temporal
Synchronous Network that incorporates multiple relational views such as student-knowledge,
student—task, and temporal transitions to jointly model performance and learning pathways.
Meanwhile, Wu et al. [22] introduced SGKT, one of the earliest session-graph approaches
in KT, which represents each learning session as a directed interaction graph, enabling
improved modeling of short-term knowledge transitions and performance fluctuations.

Collectively, these studies show that static GNN architectures can significantly improve
prediction accuracy by leveraging multi-relational educational data; however, they typically
operate on fixed graphs and do not explicitly model dynamic evolution over time.

2.3. Dynamic and Temporal Graph-Based Knowledge Modeling

Temporal extensions of graph-based learning are beginning to appear in educational
data mining. Cheng and Long [23] proposed a method for analyzing and predicting com-
petitive student performance via Temporal Knowledge Graphs, capturing event-specific
updates to student representations as learning interactions unfold. Although promising,
their framework focuses primarily on structured competitive environments rather than
broader KT tasks. Xia et al. [24] presented a Multivariate Knowledge Tracking approach
that leverages GNNs to simultaneously model multiple dimensions of learning behavior
(e.g., correctness, response time). Their work demonstrates that graph-based models can
encode heterogeneous features, though the graph remains static.

From a broader perspective, Xia [25] surveyed graph-model-based deep learning for
learning analytics and highlighted several gaps: insufficient modeling of time-evolving
knowledge states, limited incorporation of long-term temporal dependencies, and a lack of
general frameworks for dynamic knowledge evolution. These works provide a foundation
but indicate the need for Temporal Graph Neural Networks (TGNNSs) specifically designed
for continuous learning processes rather than static snapshots.

2.4. Transformer-Based, Hybrid, and Multi-Dimensional Knowledge Tracing Models

Beyond GNNs, several studies have explored combining deep learning architectures
with graph or probabilistic components to better model temporal dependencies. Mai, Cao,
and Liu [26] introduced an interpretable transformer-Bayesian hybrid KT model, capturing
both sequential dependencies and causal structures underlying learning. Their hierarchical
design offers improved interpretability, though it does not explicitly integrate concept
graphs. Zhang et al. [27] proposed AEKT, a multi-dimensional KT model incorporating
cognitive ability and knowledge acquisition into a unified latent space. This highlights the
growing trend toward multi-aspect KT, where temporal, cognitive, and relational factors
are jointly modeled.

Hashemifar and Sahebi [28] focused on personalized student modeling for future learn-
ing resource prediction, using sequential and relational signals to forecast appropriate next
learning materials. This work reinforces the importance of student-resource-knowledge
interactions as evolving processes. These hybrid and multidimensional approaches high-
light the evolving complexity of KT models but also demonstrate the absence of a unified
temporal-graph framework.
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2.5. Contrastive Learning and Graph Convolutional Extensions in KT

Several studies have applied advanced graph representation learning techniques
to enhance KT accuracy and robustness. Song et al. introduced JKT [29], a joint graph
convolutional KT model, which integrates knowledge graph embeddings with GNN-based
propagation to explicitly model concept dependencies.

Building on this, Song et al. [30] proposed Bi-CLKT, a bi-graph contrastive learning
KT framework that incorporates self-supervised learning to improve student knowledge
representation. These contrastive methods are effective for reducing data sparsity and im-
proving generalization by leveraging structured relations. Ding and Larson [31] examined
the interpretability limitations of deep KT models and highlighted the opacity of existing
sequence-based and graph-based KT methods. Their critique underscores the need for
models that offer transparency in temporal updates and graph-based reasoning. These
works strengthen the evidence that deeper relational modeling improves KT performance,
yet they still do not fully represent time-evolving graph structures. Table 1 presents the
summary of related works.

Table 1. Summary of Related Works.

Representative
Approaches

Existing Contributions

Gap/Research Need

Contribution of the Proposed
TGNN Framework

Cui et al. [18];
Yang et al. [19]

Hakkal & Ait
Lahcen [20];
Zhou & Yu [21];
Wu et al. [22]

Cheng & Long [23];
Xia et al. [24,25]

Mai et al. [26];
Zhang et al. [27];
Hashemifar &
Sahebi [28]

Song et al. [29,30];
Ding & Larson [31]

Incorporate concept
dependencies and
curricular structure into
knowledge tracing

Capture relational
dependencies among
students, tasks, and skills

Introduce temporal
extensions and
multi-dimensional
feature modeling

Strong sequential
modeling and cognitive
representation learning

Improve representation
robustness and highlight
interpretability concerns

Graphs treated as static
structures; knowledge states
not continuously updated
over time; need to model
knowledge evolution as a
continuous process

Temporal dynamics handled
externally or limited to
session-level transitions; need
unified modeling of relational
structure and long-term
temporal dependencies
Limited generalization to
broader KT tasks; graphs
remain partially static; need
continuous temporal graph
evolution reflecting
cumulative learning behavior
Weak integration of explicit
concept relationships; limited
structural reasoning; need
joint representation of
sequential, relational, and
contextual learning signals
Static graph propagation and
opaque temporal updates;
need transparent modeling of
how knowledge states evolve
over time

Model’s learners and skills as
nodes in a temporally
evolving graph, enabling
dynamic updates of
knowledge representations
across learning sequences

Integrates structural learning
and temporal message passing
within a single framework to
capture both relational and
sequential learning dynamics

Employs dynamic node
embeddings updated through
time-aware propagation,
allowing modeling of
knowledge reinforcement,
decay, and transfer

Combines temporal sequence
modeling with graph-based
relational reasoning through
TGNN architecture.

Enables interpretable temporal
updates through evolving
graph embeddings and
interaction-level

feature propagation

3. Methodology
3.1. Dataset Source

The study utilized the ASSISTments_skill dataset, which was obtained from the pub-
licly available repository on Kaggle [32]. The dataset originated from the ASSISTments
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online tutoring platform, a widely adopted intelligent tutoring system that logs detailed
student interactions with mathematics problems. Each interaction is recorded with tempo-
ral information, the associated knowledge component, student performance outcomes, and
auxiliary variables such as the number of attempts and hints requested. The dataset was
selected due to its high granularity, temporal sequencing of events, and relevance for study-
ing student knowledge evolution and predictive modeling using Temporal Graph Neural
Networks (TGNNs). While the ASSISTments_skill dataset is widely used in knowledge
tracing research and provides detailed, temporally ordered interactions, we acknowledged
that it represents data from 2015. Future studies could extend the proposed framework to
more recent and large-scale datasets such as EdNet, Junyi, or the NeurIPS 2020 Education
Challenge data to evaluate cross-dataset generalizability and robustness.

3.2. Data Description

The dataset contained 708,630 interaction records spanning 4217 unique students,
159 distinct skills, and 26,915 unique problems. Each record captured the student identifier,
problem identifier, associated skill, correctness of response, number of attempts, hint
usage, and timestamp. These characteristics provided a rich foundation for modeling
student-concept interactions and temporal learning patterns. Table 2 presents the key
descriptive statistics of the dataset, illustrating the scale, diversity, and variability of the
interactions, which is essential for constructing temporally aware graph representations.

Table 2. Summary Statistics of the ASSISTments_skill Dataset.

Statistic Value
Total number of interaction records 708,630
Number of unique students 4217
Number of unique problems/items 26,915
Number of unique skills (KC tags) 159
Average interactions per student 168.0
Median interactions per student 94
Maximum interactions for a single student 1204
Minimum interactions for a student 1
Percentage of correct responses 64.7%

3.3. Data Preprocessing and Temporal Graph Construction

The dataset was subjected to a structured preprocessing pipeline to ensure data quality
and temporal consistency for graph-based modeling. Records with missing identifiers or
invalid timestamps were removed, duplicates were filtered, and interaction times were
standardized and chronologically ordered per student to preserve learning sequences. The
cleaned data were then represented as a dynamic bipartite student—concept interaction
graph, where nodes represented students and skills, and edges captured interaction at-
tributes such as correctness, attempts, hints, and timestamps. Temporal ordering was
maintained through sequential partitioning into training, validation, and test sets, prevent-
ing future-data leakage and enabling realistic prediction of future performance. Feature
engineering introduced student-level statistics, skill-level aggregates, and interaction-level
attributes to enhance representation learning, while all features were normalized and
label-encoded for model compatibility. The final temporal split ensured unbiased evalua-
tion by preserving chronological dependencies throughout training and testing.
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3.4. Proposed Methodology
3.4.1. Problem Definition

The central objective of this study was to model student knowledge evolution and
predict future learning trajectories using Temporal Graph Neural Networks (TGNNs). For-
mally, the learning evolution problem was defined as a sequence-to-graph prediction task.

Let S = {s1,52,...,5N} denote the set of N students.

Let K = {kq,ky, ..., kp} denote the set of M knowledge components or skills.

Each interaction ¢; j ; represents a temporal edge between student s; and skill k; at times-
tamp f, annotated with features such as correctness, number of attempts, and hints used.

The primary task was to predict the probability that student s; would correctly answer
a future problem associated with skill k;, denoted as:

P(%‘,j,t' =1 Ht)

where:

Viju € {0, 1} is the binary correctness label for student s; on skill k; at a future time
t' >t

‘H; represents the history of all interactions up to time ¢.

This formulation directly addresses key limitations in prior knowledge tracing ap-
proaches by simultaneously modeling temporal learning dynamics, relational dependencies
between students and skills, and longer-term learning trajectory forecasting within a unified
graph-based framework.

Additionally, secondary prediction tasks included estimating the likelihood of skill
mastery for each student and forecasting entire learning trajectories over subsequent
temporal windows. This formulation allowed for the evaluation of both fine-grained
next-step predictions and aggregate trajectory forecasting.

The proposed framework models learners, skills, and their interactions as a temporally
evolving graph structure, enabling the algorithm to capture how student knowledge states
dynamically progress across sequential learning activities, as detailed in Algorithm 1.

During training, for each observed student-skill interaction (a positive edge), a fixed
number of unobserved students—skill pairs are sampled as negative edges. This process,
known as negative sampling, allows the model to learn to distinguish actual interactions
from potential but unobserved ones. By presenting the model with both positive and
negative edges, it effectively learns the structure of student—skill relationships and reduces
bias toward predicting interactions as positive.

3.4.2. Graph Formulation

The temporal graph was constructed as a dynamic bipartite network G = (V4, E;),
where:

Vi = 5§ U K s the vertex set, including student and skill nodes.

E; C S x Kis the set of time-stamped interactions (edges) at time t.

Node features for students included cumulative prior success rates per skill, total
attempts, and elapsed time since last interaction. Skill nodes incorporated global statis-
tics such as overall correctness rate and attempt frequency. Edge features consisted of
correctness, attempts, hints, and temporal intervals.

Temporal constraints were imposed such that edges only existed at or before their
recorded timestamps, ensuring causally consistent learning sequences.
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The adjacency matrix A; was defined at each discrete time step ¢ to capture the evolving
connectivity between students and skills:

Al ] 1 if student s; interacted with skill k]- at time t,
tiL ] =
0 otherwise.

Dynamic neighborhood aggregation was then applied to enable the TGNN to capture
both local interactions and long-range temporal dependencies.

Algorithm 1: Training Procedure of the Temporal Attention-Based Graph Neural Network for Modeling Student
Knowledge Evolution and Predicting Learning Trajectories

Input: Dataset D (Interactions e; ; between student s; and skill k; at the time time t); initial learning rate = 0.001;

mini-batch size B = 1024; L2 reqularizationcoefficient\; totalepochsE.
Output: Optimized model parameters ®

1. Initialize: * Node embeddings X;(0) for all students s; and skill nodes k;.
Adam optimizer with parameters © and initial learning rate 7.

2. Pre-process:

Sort all interactions D chronologically by timestamp ¢ per student to ensure temporal integrity.

3. For each epoch e =1.. ..E:

1. Divide sorted interactions into sequential mini-batches of size B.
2. For each mini-batch B C D:

1.

Negative Sampling : For each positive edge ¢; ;; € B, sample 3 unobserved pairs s;, K;andom
at time f as negative edges.

Temporal Encoding: Compute time-encoded vectors based on intervals between current and
prior interactions.

Message Passing:

»  Compute messages : m;;; = ¢e(x;(t), xj(t),e;;;), using a 2-layer MLP.
m  Aggregate neighbors using temporal attention with 4 heads.

Node Update : Update node embeddings X; (¢t + 1) using a GRU to capture long-term
dependencies.

Prediction : Estimate correctness probability ;11 = o(Wo(x;(t +1)O x;(t + 1)) + bo).
Loss Calculation: * Compute binary cross-entropy loss $L$.

2
m  Totalloss Ly =L+ AHOII2

7. Backpropagation : Update parameters (© via Adam optimizer.

3. Learning Rate Decay: Apply cosine learning-rate decay schedule.
4. Validation: Evaluate AUC on validation set.

4. Early Stopping: If validation AUC does not improve for 10 epochs, terminate training.

Return: Best-performing model checkpoint ..

3.4.3. Temporal Graph Neural Network Architecture

As depicted in Figure 1, the proposed model employed a Temporal Graph Network
(TGN) as the backbone architecture due to its ability to handle dynamic, evolving graphs
with time-stamped interactions. Figure 1 illustrates the flow of information within the
TGNN. Student and skill nodes interact via temporal edges, which are transformed by a
message function and aggregated with temporal attention. Node embeddings are updated
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using a GRU, and the final prediction layer estimates the probability of correct responses
for each interaction. The proposed TGNN embeds each student and skill node into a
128-dimensional vector space. Messages between nodes are computed using a two-layer
multilayer perceptron (MLP), while temporal attention aggregation employs four heads to
capture interactions at multiple temporal scales. Node embeddings are updated using a
Gated Recurrent Unit (GRU), and a dropout rate of 0.2 is applied to prevent overfitting.
These design choices allow the model to efficiently capture both relational and temporal
dynamics in student—skill interactions.

Student Nodes Skill Nodes
(Cumulative Features) (Global Features)

Temporal Edges
(Correctness, Attempts, Hints, Timestamps)

:

Message Function
(MLP)

(Aggregation & Temporal Attention)

Node Update
(GRU)
Prediction Layer
(sigmoid output)

Figure 1. TGNN Architecture. Schematic of the proposed Temporal Graph Neural Network (TGNN)
architecture. Student and skill nodes interact via temporal edges, which are transformed by a

message function, aggregated using a four-head temporal attention mechanism, and updated via
GRU node embeddings. The final prediction layer outputs the probability of correct responses for
each student-skill interaction.

Each student and skill node was embedded into a continuous vector space and updated
over time via message passing. For each temporal edge ¢; j ;, messages were computed as:

t t
m;;; = e (Xl( >,x]( )/ei,j,t)

where:
xl@ € R? is the embedding vector of node i (student s;) at time ¢.
x](t) € R is the embedding vector of node j (skill k) at time ¢.
€t € R% is the feature vector for the edge at time .
¢. is a learnable edge function (e.g., a multilayer perceptron, MLP).

The node update function incorporated temporal attention:

U =y, (xft),AGGREGATE{mZ-J-,y ¥ < t})
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where:

Y, is a node update function (e.g., a Gated Recurrent Unit, GRU) to capture
temporal dependencies.

The aggregation operation applied an attention mechanism over neighboring messages.

Time encoding vectors were concatenated with node embeddings to encode the abso-
lute temporal position of each interaction.

The final prediction layer employed a sigmoid activation to estimate the probability of
correctness for each student—skill pair:

Dijer1 = U(WO (x}t“) ® x](.t“)) + b0>

where:

ijt+1 € [0,1] is the predicted probability of a correct response.

W, € R"? and b, € R are learnable parameters of the output layer.

o(+) is the sigmoid activation function.

© denotes the element-wise product.

3.5. Mathematical Formulation

The learning objective was defined using the binary cross-entropy loss function:

1 . R
L= “TE Y [ijlog (i) + (1= yije)log(1 —ije)]
(ijt)€E

where:
E is the set of all observed temporal edges in the training data.
Yijt is the ground-truth binary correctness label.
7 jt is the model’s predicted probability.
Regularization was applied to avoid overfitting:

ﬁtotal =L+ AH C) ||§

where:

© denotes all trainable parameters of the model.

A is the L2 regularization coefficient.

Il - |2 is the L2 norm.

Temporal message passing and attention mechanisms ensured that predictions lever-
aged both historical interactions and graph connectivity.

3.6. Training Procedure

The training of the Temporal Graph Neural Network followed a temporally coherent
mini-batching strategy designed to respect the chronological dependencies inherent in
student learning data. Interactions were first sorted by timestamp for each learner, and
training batches were constructed by sequentially sampling temporal edges so that earlier
events always preceded later ones during optimization. This ensured that the model never
accessed future information when predicting past states, thereby preventing temporal
leakage and supporting an authentic simulation of real-world learning progression. Each
temporal batch contained both node features and corresponding time-encoded edge fea-
tures, enabling the model to process historical interactions in a logically consistent manner.

Given the natural sparsity of student-skill relationships, negative sampling played a
central role in the learning process. For every observed interaction (a positive edge), a fixed
number of unobserved student-skill pairs were dynamically sampled as negative examples.
This strategy addressed the imbalance between interactions that occurred and the far

https:/ /doi.org/10.3390/a19040263


https://doi.org/10.3390/a19040263

Algorithms 2026, 19, 263

11 of 22

larger space of potential but unobserved interactions. Negative samples were drawn in a
time-aware fashion, ensuring that the sampled non-interactions aligned with the temporal
boundary of the batch. This approach improved the model’s ability to distinguish authentic
learning events from incidental or spurious patterns, ultimately stabilizing parameter
updates during training. While the TGNN uses a default negative sampling ratio of 1:3, we
also conducted a sensitivity analysis to evaluate the impact of alternative ratios (1:1, 1:2, 1:5)
on model performance. Results of this analysis are reported in Section 4.9, demonstrating
that TGNN predictions are robust to reasonable variations in the sampling configuration.

Optimization was performed using the Adam optimizer due to its robustness in
handling sparse gradients and dynamic learning environments typical of temporal graph
models. An initial learning rate of 0.001 was selected, followed by a cosine learning-
rate decay schedule to facilitate smooth convergence and mitigate overfitting during
later epochs. Weight regularization in the form of L2 penalties was applied to enhance
generalization, while early stopping was implemented based on validation performance to
prevent unnecessary epochs of training. Model checkpoints were saved at each epoch in
which improvement occurred, ensuring that the best-performing version was retained for
final evaluation.

3.7. Experiments
3.7.1. Experimental Setup

The experiments were designed to rigorously evaluate the effectiveness of the pro-
posed Temporal Graph Neural Network (TGNN) in modeling student knowledge evolution
and predicting learning trajectories. The training and evaluation experiments were per-
formed on a high-performance workstation equipped with an NVIDIA RTX 4090 GPU
(NVIDIA Corporation, Santa Clara, CA, USA), 64 GB RAM, and a 12-core CPU. The model
implementation was developed using the PyTorch deep learning framework (version
2.1.0) and PyTorch Geometric (version 3.3.0) for dynamic graph representation learning.
Additionally, the NetworkX library was employed for auxiliary graph construction and pre-
processing tasks. The dataset, ASSISTments_skill, was processed as described in Section 4,
and temporal edges were batched sequentially to preserve chronological dependencies.

A mini-batch size of 1024 edges were employed, and the Adam optimizer was used
with an initial learning rate of 0.001, decayed by a factor of 0.95 every five epochs. Early
stopping was applied with patience of 10 epochs based on validation AUC to prevent
overfitting. Each experiment was repeated five times with different random seeds, and the
average performance metrics were reported to ensure statistical reliability.

3.7.2. Evaluation Metrics

The Temporal Graph Neural Network (TGNN) was evaluated using a multidimen-
sional framework designed to assess interaction-level correctness prediction, long-term
learning trajectory forecasting, and probabilistic reliability. For classification performance,
AUC was adopted as the primary metric due to its robustness to class imbalance, comple-
mented by Accuracy and Fl-score to capture overall correctness and the balance between
precision and recall. To evaluate trajectory forecasting, Mean Absolute Error (MAE) mea-
sured the deviation between predicted and actual knowledge progression, reflecting the
model’s ability to capture temporal continuity and mastery trends. Calibration analysis
further examined the reliability of predicted probabilities, ensuring that confidence es-
timates aligned with observed outcomes for practical deployment in adaptive learning
systems. Hyperparameters were optimized via grid search on the validation set, resulting
in 128-dimensional node embeddings and GRU hidden states, a four-head temporal atten-
tion mechanism, a two-layer MLP for message passing, 0.2 dropout, and a 1:3 negative
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sampling ratio. Baseline models, including DKT, SAKT, and static GCN variants, were care-
fully tuned to comparable optimal configurations to ensure that performance differences
reflected architectural contributions rather than uneven parameter settings.

4. Results and Discussion
4.1. Performance Comparison with Baselines

The proposed Temporal Graph Neural Network (TGNN) demonstrated consistent
improvements over baseline models in predicting student correctness and forecasting
learning trajectories. Table 3 summarizes the performance metrics across all evaluated
models, including AUC, Accuracy, F1 Score, Mean Absolute Error (MAE), and Calibration
Error. The TGNN achieved an AUC of 0.892, outperforming the closest baseline, SAKT,
by 2.8%. Similarly, the F1 score was higher for TGNN, reflecting its ability to balance
precision and recall effectively. Static graph models and sequential LSTM-based models
showed lower performance, highlighting the importance of integrating both temporal and
structural information.

Table 3. Performance Metrics Across Models.

Model AUC  Accuracy F1Score MAE Calibration Error
TGNN (proposed) 0.892  0.846 0.842 0.078  0.041
DKT 0.857  0.811 0.806 0.093  0.056
SAKT 0.864  0.818 0.814 0.089  0.052
Static GCN 0.798  0.762 0.756 0.112  0.067
LSTM-based Sequence 0.831  0.792 0.787 0.101  0.059
Transformer-based KT ~0.865  0.820 0.817 0.088 0.051

Table 3 demonstrates the advantage of incorporating dynamic graph structure and
temporal dependencies in capturing learning patterns. The TGNN'’s edge features and
attention-based message passing contributed substantially to its superior predictive perfor-
mance. To validate the robustness of performance improvements, we conducted statistical
significance testing using paired t-tests across five repeated experimental runs with different
random seeds. The results confirm that the TGNN outperforms all baseline models (DKT,
SAKT, Static GCN, LSTM-based Sequence, Transformer KT) with statistical significance
(p < 0.05) across AUC, Accuracy, and Fl-score metrics. These findings indicate that the ob-
served predictive improvements are unlikely to have occurred by chance and reinforce the
reliability of the proposed framework. Although the Transformer-based knowledge tracing
model achieves performance metrics close to TGNN on some measures, key differences re-
main. Transformer architectures effectively capture long-range sequential dependencies in
student interactions but primarily model interactions as linear sequences without explicitly
considering relational dependencies between students and skills. In contrast, the TGNN
framework leverages a dynamic bipartite graph representation, incorporating edge-level
features such as correctness, attempts, and hints, as well as temporal attention across the
graph structure. This combination of temporal and relational modeling enables the TGNN
to capture shared learning patterns across multiple students and skills, which contributes
to its slightly higher predictive performance and robustness compared to purely sequential
Transformer-based models. In addition, Figure 2 illustrates that the TGNN achieves the
highest overall true positive rates across varying false positive thresholds, resulting in
the largest AUC. However, at very low false positive rates, the ROC curves for DKT and
SAKT are visually close to TGNN, indicating that differences in early-stage classification
are relatively small. This nuanced observation highlights that TGNN's overall superiority
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arises from consistent performance across the full range of thresholds rather than a large
margin at low FPR.

1.0 4 —— TGNN
DKT

—— SAKT

—— Static GCN

0.8 1 —— LSTM Seq

—— Transformer KT

—=== Random

0.6

0.4 A

True Positive Rate

0.2 4

0.0 A

T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 2. ROC Curves Comparing TGNN with Baseline Models. The figure compares the ROC
curves of TGNN, DKT, and SAKT models. TGNN demonstrates the highest overall true positive rate
and AUC, while DKT and SAKT show similar performance to TGNN at very low false positive rates,
indicating that TGNN’s advantage comes from consistent performance across all thresholds.

4.2. Analysis of Learning Trajectory Predictions

The TGNN effectively captured student learning trajectories over time. Temporal
attention mechanisms enabled the model to account for prior interactions, spacing effects,
and cumulative skill mastery. Table 4 presents empirical trajectory forecasting errors (MAE)
for high-, medium-, and low-activity students. The TGNN consistently yielded lower MAE
across all activity levels compared to baseline models, indicating robust performance across
heterogeneous learner profiles.

Table 4. MAE for Learning Trajectory Forecasting by Student Activity Level.

Student Activity TGNN DKT SAKT StaticGCN LSTM Seq  Transformer KT
High (>200 interactions) 0.072 0.091 0.086 0.115 0.098 0.084

Medium (50-200 0.076 0.094 0.089 0.110 0.100 0.088
interactions)

Low (<50 interactions)  0.084 0.102 0.096 0.118 0.107 0.094

The results indicate that TGNN is capable of modeling both short- and long-term learning
dynamics, providing reliable predictions for students with varying interaction frequencies.

Also, Figure 3 shows that the TGNN reliably predicts correctness probabilities over
time for high-, medium-, and low-activity learners, with all values constrained to [0, 1]. The
model closely follows actual learning progression, capturing nuanced trajectory dynamics,
especially in later interactions.
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Figure 3. Predicted versus actual student learning trajectories for high-, medium-, and low-activity
learners. Correctness probabilities are shown on the y-axis ([0, 1] range), illustrating how the TGNN
accurately tracks temporal learning progression. Solid lines represent actual probabilities, and dashed
lines represent model predictions.

Beyond demonstrating predictive improvements, the results have meaningful edu-
cational implications. Accurate modeling of student learning trajectories enables early
identification of learners who may be struggling with specific skills, allowing educators
to intervene proactively. Temporal attention mechanisms reveal which prior interactions
are most influential for future performance, supporting the design of adaptive learning
pathways tailored to individual students. By forecasting longer-term learning trajectories,
the TGNN framework can inform decisions about skill sequencing, personalized feedback,
and resource allocation in intelligent tutoring systems. These insights translate predictive
performance into actionable strategies for enhancing learning outcomes, demonstrating the
pedagogical relevance of the model beyond algorithmic accuracy.

Implementing predictive models in educational settings requires careful attention to
ethical issues. Student interaction data is sensitive, and privacy protection must be ensured
through secure storage, anonymization, and controlled access. Predictive systems can
also introduce algorithmic bias if models disproportionately favor certain student groups;
therefore, fairness-aware evaluation and mitigation strategies are necessary. Transparency
in model predictions is critical for educators to trust and interpret recommendations, and
decisions informed by TGNN forecasts should always be contextualized within human
judgment. Addressing these ethical considerations ensures that the deployment of temporal
graph-based student modeling supports equitable and responsible educational practices.

4.3. Concept-Level and Student-Level Insights

Table 5 presents per-skill prediction accuracy for the top 10 skills by interaction
frequency. The skills are ordered based on how frequently they appear in the dataset, not
by prediction difficulty. Consequently, the uniform decrease in accuracy values reflects
differences in skill frequency rather than model performance per se. High-frequency skills
benefit from abundant interaction data, whereas lower-frequency skills rely on graph
propagation through related nodes. This ordering allows us to illustrate how TGNN
maintains strong predictive accuracy across both common and less frequent skills while
highlighting the effectiveness of temporal and relational modeling.
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Table 5. Per-Skill Prediction Accuracy (Top 10 Skills).

Skill ID TGNN DKT SAKT StaticGCN LSTM Seq Transformer KT

1 0.879 0.831 0.845 0.780 0.801 0.846
2 0.871 0.825 0.838 0.775 0.793 0.840
3 0.867 0.821 0.833 0.770 0.789 0.837
4 0.862 0.818 0.828 0.765 0.785 0.832
5 0.858 0.814 0.824 0.760 0.782 0.829
6 0.854 0.810 0.820 0.755 0.778 0.826
7 0.851 0.808 0.818 0.753 0.776 0.823
8 0.849 0.805 0.815 0.750 0.774 0.821
9 0.847 0.803 0.813 0.748 0.772 0.819
10 0.845 0.801 0.811 0.746 0.770 0.817

Figure 4 confirms that TGNN consistently improves prediction accuracy across skills,
particularly for concepts with sparse interaction data. Note: Skills are ordered accord-
ing to frequency of occurrence in the dataset rather than student performance level or

difficulty ranking.
0.88 —8— TGNN
DKT
0.87
0.86
>
E 0.85
=1
2
2
c 0.84
2
g
s
g 0.83
a
0.82
0.81 1
0.80
2 4 6 8 10

Skill ID

Figure 4. Skill-Level Accuracy Comparison. Prediction accuracy per knowledge component
(top 10 skills by frequency) across models. TGNN maintains higher accuracy for both high- and
low-frequency skills, illustrating the effectiveness of graph propagation and temporal modeling.

4.4. Effect of Temporal Modeling

To evaluate the contribution of temporal encoding, TGNN variants with and without
time features were compared. Table 6 presents MAE and AUC differences. Removal of
temporal encoding led to a significant drop in AUC (from 0.892 to 0.847) and increased
MAE, indicating the critical role of temporal dynamics in capturing learning progression.

Table 6. Effect of Temporal Encoding on TGNN Performance.

Model Variant AUC MAE
TGNN (full) 0.892 0.078
TGNN (no temporal encoding) 0.847 0.102

Also, Figure 5 illustrates how the TGNN attends to past interactions at different
temporal scales, emphasizing the model’s capacity to prioritize informative events in
predicting future performance.
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Figure 5. Temporal Attention Weights Over Interactions. Visualization of temporal attention weights
for student interactions at different time scales. The TGNN prioritizes informative past events,
enabling accurate prediction of future performance.

4.5. Ablation Study on TGNN Components

To better understand the contribution of individual architectural elements within
the proposed TGNN, a comprehensive ablation study was conducted by systematically
disabling core components and evaluating the resulting performance. The findings revealed
that each component temporal encoding, graph relational structure, and edge-level features
played a distinct and measurable role in shaping the model’s predictive effectiveness. The
full TGNN consistently achieved the highest performance across all evaluation metrics,
indicating that the synergy between temporal modeling and graph-based message passing
is central to accurately capturing the dynamics of student learning.

Removing edge features, including correctness, attempts, and hint usage, caused a no-
table reduction in predictive quality, particularly in terms of MAE, which rose from 0.078 to
0.092. This demonstrates that edge attributes provided crucial contextual information about
the nature and difficulty of each interaction. Eliminating the graph structure resulted in an
even sharper decline in accuracy and F1 score, underscoring the importance of relational
dependencies between students and skills. In this variant, interactions were treated purely
sequentially, leading to weakened relational coherence and poorer mastery estimation.

The most pronounced performance degradation occurred when temporal encoding
was removed. The AUC dropped from 0.892 to 0.847, and MAE increased to 0.102, suggest-
ing that temporal dynamics are fundamental to capturing how knowledge evolves across
spaced practice, forgetting intervals, and prolonged engagement. Without temporal repre-
sentations, the model was unable to differentiate recency effects or temporal progression,
resulting in less stable learning trajectory forecasts. Table 7 summarizes the quantitative
outcomes of the ablation analysis:
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Table 7. Ablation Study Results.

TGNN Variant AUC Accuracy F1 MAE
Full Model 0.892 0.846 0.842 0.078
No Edge Features 0.865 0.820 0.815 0.092
No Graph Structure 0.849 0.803 0.798 0.101
No Temporal Encoding 0.847 0.799 0.793 0.102

The visual comparison in Figure 6 illustrates this progression more clearly, where
each removed component induces a stepwise drop in performance. Collectively, these
findings confirm that the TGNN derives its strength not from any single feature, but from
the interplay between temporal awareness, relational structure, and rich interaction-level
attributes. This integration enables the model to mirror the multifaceted nature of human
learning with high fidelity.

0.90 1
0.88 A
§ 0.86 -
0.84 -

0.82 -

0.80 -

0.892

Full No Edge No Graph No Time

Figure 6. Ablation Study Results on TGNN Components. Impact of removing key TGNN components
(edge features, graph structure, temporal encoding) on performance metrics. Each component
contributes to predictive effectiveness, with full TGNN achieving the best results.

4.6. Visualization of Dynamic Graph Patterns

Dynamic graph visualizations were generated to inspect student-skill interactions
over time and to provide qualitative validation of the relational and temporal structures the
model exploited. Figure 7 presented a simulated snapshot of the student-skill interaction
graph at a selected timestamp; node size encoded interaction frequency and edge thickness
encoded correctness-weighted connectivity.

The significance of Figure 7 lay in its visual confirmation of heterogeneous engagement
patterns: it revealed clusters of highly active students centered on foundational skills,
as well as peripheral learners with sparse interactions, and showed variability in edge
strengths reflecting differing success rates. This heterogeneity supported the empirical
finding that models which ignore either temporal dynamics or graph structure suffered
notable performance declines. Consequently, the visualization substantiated the rationale
for the TGNN approach by illustrating why simultaneous modeling of structural relations
and temporal dependencies was necessary to capture realistic learning behavior and to
produce reliable trajectory forecasts.
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Figure 7. Dynamic Student-Skill Interaction Graph. Snapshot of the temporal student-skill interaction
graph. Node size represents interaction frequency, edge thickness represents correctness-weighted
connectivity, and clusters indicate patterns of learner engagement.

4.7. Computational Analysis with Baselines

To evaluate the practical feasibility of the proposed TGNN framework, we conducted
a comparative computational analysis against baseline models, focusing on approximate
training time, GPU memory utilization, and computational overhead. Table 8 summarizes
these metrics across models. While TGNN introduces additional graph operations, message
passing, and temporal attention computations, efficient mini-batching and sparse graph
operations ensure that training remains feasible on medium-scale datasets.

Training the TGNN on the ASSISTments_skill dataset required approximately 3—4 h
per run on an NVIDIA RTX 4090 GPU with 64 GB RAM, which is moderately higher than
sequential LSTM or static GCN models but comparable to Transformer-based KT models.
GPU memory utilization remained below 70% during peak training, indicating that the
model can be executed efficiently without specialized hardware. These results demonstrate
that TGNN provides a practical balance between predictive performance and computational
cost, supporting its deployment for research-scale knowledge tracing applications.

Table 8. Computational Analysis Across Models.

Training Time Peak GPU

Model per Run (hrs) Memory Usage (%) Notes

TGNN (proposed) 35 68 Includes graph message passing and
temporal attention

DKT 2.0 45 Sequential LSTM, no graph operations

SAKT 2.3 50 Transformer-based sequential model

Static GCN 1.8 40 Graph operations without temporal dynamics

LSTM-based Sequence 2.0 44 Sequential LSTM baseline

Transformer-based KT 32 65 Captures long-range dependencies without

explicit graph structure
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Although TGNN requires slightly higher computational resources than simpler se-
quential or static graph models, the additional overhead is justified by its improved predic-
tive accuracy and capability to capture both relational and temporal dependencies. Efficient
sparse graph operations and mini-batching strategies make TGNN feasible for medium-
scale educational datasets. Scaling to extremely large datasets may require distributed
graph computation or further optimization, which remains a direction for future work.

4.8. Statistical Significance

To validate the robustness of TGNN's performance improvements over baseline mod-
els, paired t-tests were conducted across five independent experimental runs with different
random seeds. Performance metrics evaluated included AUC, Accuracy, and F1 score,
and significance was assessed at p < 0.05. Table 9 summarizes the p-values for compar-
isons between TGNN and each baseline model. All values below 0.05 indicate statistically
significant improvements.

Table 9. Summary of p-values for Comparisons Between TGNN vs. Baselines.

Baseline Model AUC (p-Value)  Accuracy (p-Value) F1 Score (p-Value)
DKT 0.012 0.018 0.021
SAKT 0.015 0.022 0.019
Static GCN 0.003 0.005 0.004
LSTM-based Sequence  0.007 0.011 0.009
Transformer-based KT ~ 0.028 0.031 0.027

These results indicate that TGNN consistently outperforms all baseline models across
all metrics with statistical significance. The findings confirm that the observed predictive
gains are unlikely to be due to random variation or seed initialization.

4.9. Sensitivity Analysis

To assess the robustness of the TGNN to negative sampling ratios, we examined model
performance using alternative ratios of 1:1, 1:2, 1:3 (default), and 1:5. Negative sampling is
crucial in graph-based learning to balance observed (positive) and unobserved (negative)
student-skill interactions, influencing both convergence and predictive accuracy. Table 10
summarizes the AUC, Accuracy, and Fl-score for different negative sampling ratios.

Table 10. Sensitivity Analysis Results Summary.

Negative Sampling Ratio AUC Accuracy F1 Score
1:1 0.881 0.832 0.828
1:2 0.887 0.838 0.834
1:3 (default) 0.892 0.846 0.842
1:5 0.891 0.845 0.841

The results indicate that TGNN performance is relatively robust to the choice of
sampling ratio, with only marginal variations observed across reasonable ratios. The
default 1:3 ratio provides a good balance between model stability and training efficiency.
While more extreme ratios may affect convergence or computational cost, these findings
confirm that the proposed configuration is not overly sensitive and yields consistent
predictive performance.
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5. Conclusions and Future Work

This study presented an applied investigation of temporal graph neural networks
for modeling student knowledge evolution and predicting learning trajectories using
the ASSISTments_skill dataset. The work focused on adapting temporal graph learning
techniques to educational interaction data and evaluating their effectiveness for knowledge
tracing tasks. Experimental results demonstrated that the TGNN framework consistently
outperformed several established baselines, achieving an AUC of 0.892, Accuracy of 0.846,
F1 score of 0.842, and a Mean Absolute Error (MAE) of 0.078. Performance remained strong
across both high-activity learners (MAE 0.072) and low-activity learners (MAE 0.084),
indicating that temporal graph-based modeling can effectively capture heterogeneous
learning behaviors.

Beyond predictive performance, the TGNN framework provides actionable insights for
personalized learning and adaptive interventions. Temporal attention mechanisms enabled
the prioritization of influential past interactions, capturing spacing effects and learning
dependencies critical for accurate trajectory forecasting. Dynamic graph visualizations
illustrated clusters of students and skills with high engagement, offering interpretable
representations of learning patterns and supporting educators in identifying at-risk learners,
anticipating knowledge gaps, and recommending timely interventions. These findings
underscore the framework’s potential to bridge predictive analytics with practical, evidence-
based educational strategies.

Despite these promising results, several limitations remain. The study relied on a
single dataset, leaving generalizability to other courses, subjects, or institutions untested,
and the current model did not incorporate multimodal features such as textual explanations,
affective signals, or problem difficulty embeddings. Additionally, while computationally
feasible for medium-sized datasets, scaling TGNNSs to extremely large educational plat-
forms may require optimized sparse graph computation or distributed processing. While
the TGNN framework demonstrates strong predictive performance, deploying it in real-
world educational platforms presents both practical and ethical challenges. Large-scale
systems with thousands of students and skills require computational scalability, efficient
graph processing, and real-time inference capabilities, which can be addressed through
optimized mini-batching, sparse graph computations, or distributed processing. Inte-
gration with existing intelligent tutoring systems also demands careful attention to data
pipelines and latency constraints. From an ethical perspective, student interaction data is
sensitive and must be protected through anonymization, secure storage, and controlled ac-
cess. Predictive models should be monitored for algorithmic bias, ensuring fairness across
diverse student populations, and transparency in predictions is essential for educators to
make informed, responsible decisions. Addressing these considerations ensures that the
TGNN can be deployed in a practical, equitable, and responsible manner, bridging research
advances with real-world educational impact.

Future research can build upon the current TGNN framework by exploring enhanced
model architectures that extend temporal graph learning for knowledge tracing, poten-
tially integrating multimodal inputs or hierarchical skill representations. Cross-dataset
validation using more recent and challenging benchmarks such as EdNet, Junyi, and
NeurIPS Education Challenge datasets can evaluate generalizability across diverse learning
environments. Additionally, future work should consider comparisons with stronger con-
temporary baselines, including DIMKT, simpleKT, and GIKT, to benchmark performance
against state-of-the-art approaches. These directions collectively promise to advance the
predictive accuracy, interpretability, and applicability of temporal graph-based models for
personalized education.
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