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Abstract—Personalised learning has emerged as an essential
part of modern education systems, demanding intelligent models
that can adapt to each learner’s developing knowledge and pref-
erences. Our paper proposes a novel hybrid deep learning frame-
work that utilises sequential modelling using Long Short-Term
Memory-based Deep Knowledge Tracing (LSTM-DKT), Self-
Attentive Interaction Network for Knowledge Tracing (SAINT),
and Variational Autoencoder-based Collaborative Filtering (VAE-
CF) to produce personalised learning recommendations. The
model combines the strengths of both LSTM and SAINT to
predict a learner’s mastery over time, and integrates these pre-
dictions into the VAE-CF model to align the learner’s knowledge
with their latent content preferences. The integrated architecture
employs learning patterns and collaborative filtering to address
challenges related to cold start and sparsity in educational data.
This hybrid system outperformed the baseline models in both
mastery prediction and personalized recommendation tasks. The
research shows that cognitive tracing and collaborative filtering
significantly enhance the accuracy and relevance of personalised
content, providing a strong basis for the development of more
flexible and student-centered e-learning platforms.

Index Terms—Personalised Learning, Deep Knowledge Trac-
ing, LSTM, SAINT, Variational Autoencoder, Collaborative Fil-
tering, Recommender System, Adaptive E-Learning

I. INTRODUCTION

The popularity of online education platforms has led to
a growing need for personalised learning systems that cater
to the unique requirements of each learner. Conventional e-
learning systems often follow a one-size-fits-all approach,
which can lead to poor outcomes in knowledge acquisition.
Furthermore, e-learning and other forms of online and distance
education have gained increased importance, especially after
the COVID-19 pandemic, which accelerated digital transfor-
mation across the education system [1]. Rather than being seen
solely as a disruption, the pandemic served as a turning point
that highlighted the need for inclusive digital learning tools to
bridge the gaps between urban and rural educational settings,
in line with the United Nations Sustainable Development Goal
4 (SDG 4). Due to these emerging needs, educators and
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students need to adopt learning technologies such as digital
tools and platforms to engage with education through diverse
new methods [2].

Artificial intelligence (AI) has the potential to significantly
enhance e-learning systems by enabling content delivery that
responds to the needs of individual learners. Unlike tradi-
tional e-learning platforms that present the same material
to all students at a given grade level, Al-driven adaptive
systems generate specific and targeted content for each learner.
Through personalisation, learners can achieve better outcomes,
based on individual strengths and areas for improvement [3]
[4].

In recent years, significant studies have focused on person-
alised e-learning, which is based on two primary factors: the
first is knowledge tracking, which models the progression of
student mastery from interaction histories to predict future
performance, and the second aspect involves personalized
recommendations, which align content with learners’ skills
and comprehension levels [5]. An integrated approach that
can suggest content based on skill dependencies and mastery
levels can improve learning efficiency and effectiveness when
coupled with quality educational resources.

Significant advancements have been made recently in ad-
dressing the knowledge tracing problem. An advanced ma-
chine learning technique called Deep Learning-based Knowl-
edge Tracing (DLKT) is used to model and forecast students’
knowledge states over time based on their interactions (e.g.,
answering questions correctly or incorrectly). The DLKT
method was first proposed by Piech et al. [6]. These models
attempt to predict the probability that a student will cor-
rectly respond to a subsequent question by learning sequen-
tial patterns from data, usually logs of student interactions.
However, it is still unclear how successful DLKT techniques
are, and it remains difficult to evaluate and analyse these
techniques properly in an online education context [7]. This
study employs two representative DLKT methods: (i) LSTM-
based DKT, which captures sequential dependencies [8] and



(ii) the transformer-based SAINT model, to capture a student’s
evolving knowledge state over time using an encoder and de-
coder [9], resulting in improved interpretability and prediction
accuracy.

A learner’s current knowledge can be traced using knowl-
edge tracing models; however, these models cannot rec-
ommend what the learner should study next. In contrast,
recommender systems focus on suggesting relevant mate-
rial but typically lack a deep understanding of individual
learning dynamics. Recent advancements in deep learning-
based recommender systems, particularly those employing
Variational Autoencoder (VAE)-based collaborative filtering
models (VAE-CF) [10], have demonstrated significant efficacy
in learning latent representations of user-item interactions.
However, these systems often operate without incorporating
learners’ cognitive processes, which limits their effectiveness
in academic contexts where understanding knowledge progres-
sion is essential.

This study presents a hybrid deep learning framework that
integrates an LSTM-DKT model for modelling sequential
learner performance, a Transformer-based SAINT model for
contextual encoding of learning sequences, and a VAE-CF
model for content recommendation. The proposed methodol-
ogy enables personalised end-to-end learning by combining
knowledge tracing and recommendation into a unified pipeline.
This integration allows the system to track a learner’s knowl-
edge and dynamically adapt the next skill to be learned. The
contributions of this study are as follows:

1) We develop a hybrid architecture that integrates DLKT
models such as LSTM-DKT and SAINT with a proba-
bilistic recommendation system VAE-CF.

2) We present a deployment architecture for large-scale per-
sonalisation in adaptive e-learning systems for practical
application.

The remainder of this paper is organised as follows. Section
IT reviews related work. Section III describes the proposed
methodology. Section IV presents the results and discussion.
Finally, Section V provides the conclusion and outlines direc-
tions for future work.

II. RELATED WORK

We present related work aimed at developing personalised
e-learning systems, focusing on two key components: deep
knowledge tracing for evaluating learners’ knowledge levels,
and deep learning-based recommender systems. A range of
methodologies has been explored to enhance these compo-
nents within the domain of e-learning. Below, we provide an
overview of prior studies that have employed machine learning
and deep learning techniques for these purposes. These models
utilise both supervised and unsupervised learning approaches
to predict learner performance.

A. Evolution from Deep Learning to Transformer model in
Knowledge Tracing

Knowledge tracing is the process of modelling students’
knowledge mastery over time using data from past learning

interactions, in order to forecast how well they will per-
form in future interactions. When combined with high-quality
learning materials and instruction, such predictive capabilities
can enhance student learning and accelerate progress towards
personalised education. Research on knowledge tracing has
been conducted since the 1990s, and to the best of our
knowledge, Corbett and Anderson were the first to evalu-
ate students’ current knowledge of each distinct knowledge
component using Bayesian Knowledge Tracing (BKT) [11],
which assumes skill independence, lack of memory, and fixed
transition parameters. Since then, several attempts have been
made to address the knowledge tracing problem, including
Item Response Theory (IRT), which estimates student ability
and item difficulty [12], and factor analysis-based models [13];
however, these approaches assume linear learning behaviour
and lack temporal granularity.

Recently, the rapid advancement of deep neural networks
has established DLKT models as the standard framework for
simulating students’ mastery of knowledge components. Table
I categorises DLKT methods into deep sequential models
(DKT), memory-augmented models (DKVMN), graph-based
models (GKT), and attention-based models (SAKT, SAINT)
[14]. With the growing interest in deep learning, DLKT
models [15] have developed significantly, with the LSTM-
based approach being one of the first to represent sequential
student learning activity. This approach was able to capture
temporal dependencies in student responses, outperforming
more conventional techniques such as BKT and IRT.

Similarly, DKVMN creates a dynamic value matrix to
update the student’s knowledge state and a static key matrix
to store the relationships between various knowledge compo-
nents, but it may lack sufficient capacity to represent complex
knowledge structures [16]. Further improvements were made
with the GKT model, which utilises graph neural networks
(GNNs) to better capture student learning behaviours and
concept relationships as a graph. However, it is not inherently
sequential, and temporal logic must be encoded manually [17].

However, attention-based knowledge tracing models such
as SAKT and SAINT are regarded as superior because they
overcome the drawbacks of previous models (LSTM-DKT,
DKVMN, and GKT) and offer flexibility, efficiency, and state-
of-the-art performance across multiple datasets (e.g., ASSIST-
ments, EdNet, Junyi). These are transformer-based models that
provide improved parallelism and better long-range depen-
dency modelling through self-attention mechanisms. In 2019,
Pandey and Karypis [18] introduced SAKT, which allowed the
model to focus on the most relevant past responses, improving
both training efficiency and predictive accuracy. However,
SAKT’s reliance on a fixed-length history limited its ability to
capture long-range dependencies. To address these limitations,
the SAINT model [19] was introduced. It employs positional
encoding and relative temporal information to represent global
attention across a student’s complete interaction sequence.
SAINT significantly outperformed earlier models in predic-
tive accuracy on large-scale knowledge tracing benchmark
datasets, owing to its ability to model long-term dependencies



TABLE I
COMPARISON OF TRADITIONAL AND DLKT MODELS

Model Architecture Temporal Modeling | Skill Awareness | Attention Mechanism | Performance
IRT Probabilistic Model None Explicit No Moderate

BKT Hidden Markov Model Basic Explicit No Low

DKT LSTM (RNN-based) Strong Implicit No High

DKVMN | Key-Value Memory Network + RNN | Strong Implicit Yes High

GKT GNN + Student-Skill Graph Variable Implicit Yes High

SAKT Self-Attention over History Short-Term Implicit Yes High

SAINT Full Transformer Encoder Long-Term Implicit Yes State-of-the-Art

and capture more nuanced contextual information.

B. Deep Learning-Based Recommender Systems

Recommender systems are becoming an essential compo-
nent of personalised learning environments, as they enable
content to be delivered in a manner that adapts to the needs of
each learner. Traditional collaborative filtering (CF) techniques
such as user based CF, item based CF, and matrix factorisation
face challenges in addressing the cold start problem, interac-
tion sparsity, and the absence of mechanisms to account for
item difficulty and learning progression. As a result, these
methods often yield suboptimal performance in educational
settings due to limited interaction data and insufficient con-
textual awareness [20].

To overcome these limitations, deep learning based rec-
ommender systems have been developed, utilising non-linear
representations and probabilistic modelling to improve rec-
ommendation performance. Similarly, Neural Collaborative
Filtering (NCF) [21] extends matrix factorisation by replacing
dot-product similarity with multi-layer perceptrons.

Content-based filtering (CBF) [22], which is frequently used
in education to suggest resources based on metadata such
as topic and difficulty, performs well in the early stages
of learning. However, it is unable to capture latent student
behaviours and collaborative signals. In contrast, VAE-CF
provides a more comprehensive personalisation approach by
combining collaborative signals with content features. It is
effective in handling robust latent factors even in sparse and
high-dimensional user—item interaction data within person-
alised learning systems. VAE-CF learns complex non-linear
correlations through deep probabilistic encoding and decoding
processes, enabling improved generalisation for cold start
learners and underrepresented items. Overall, VAE-CF [23]
offers a strong solution for integration with deep knowledge
tracing models in adaptive learning systems, as it achieves
a balance between expressiveness, scalability, and generalisa-
tion.

III. PROPOSED METHODOLOGY

This section outlines the proposed hybrid framework, which
integrates an LSTM-DKT model to capture sequential learn-
ing patterns, a SAINT transformer-based knowledge tracing
model to enhance context awareness through self-attention
mechanisms, and a VAE-CF system to deliver personalised
e-learning content. The objective is to accurately determine
the evolving knowledge state of each learner and recommend

content aligned with their interests and knowledge gaps. The
proposed hybrid model consists of learner interaction data, a
knowledge tracing model, and personalised recommendations
via VAE-CEF, as illustrated in Fig. 1.
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Fig. 1. Hybrid Model for Personalised Recommendation

A. Learner Interaction Data

The e-learning platform generates learner interaction data
whenever a student engages with it. The learner data module
is constructed using the ASSISTments 2017 dataset [24],
a widely used benchmark in educational data mining and
knowledge tracing research. This dataset includes anonymised
interaction logs of students using an intelligent tutoring system
during real learning sessions to solve mathematics problems.
Each interaction record contains information such as student
ID, timestamp, problem ID, skill tag (knowledge component),
and correctness (correct or incorrect).

Input Representation: The dataset used in this study has
been preprocessed to extract meaningful student interaction



sequences, as shown in Fig. 2, which are then fed into the
knowledge tracing models. To preserve learning progression
over time, the sequences are arranged temporally for each
learner. These sequences are converted into fixed-length input
vectors that represent the problem ID, skill ID, and response
outcome. This data is used by the LSTM-DKT and SAINT
models to predict whether a student will answer the next
problem correctly based on their past skill performance. The
input data consists of the following components:

o the set of learners, U = {uy,us,...,un}
o the set of skills, S = {s1,52,...,5n8}
o the set of questions, Q = {q1,¢2,.--,qm}

« the sequence of interaction for each learner,

I, ={(q1,m), (g2,72) ..., (gr,r7)}, Where rp denoting
correctness.

B. Knowledge Tracing Model

1) LSTM-based Deep Knowledge Tracing (LSTM-DKT):
The LSTM-DKT represents the sequential nature of learner’s
learning activities over time. A sequence of student responses
is processed, and they are mapped to a latent representation
of the learner’s changing knowledge state in order to capture
the temporal dependencies found in learner interactions. Each
learner interaction I, at each time step is encoded into a
fixed-length input vector that indicates the skill attempted and
whether the response was correct. The LSTM network receives
this input sequence and maintains a hidden state h;, which
encodes the progression of the learner’s knowledge over time,
as defined in Equation (1).

hy = LSTM(I,, hy_1) (1)

The learner’s probability of correctly answering the next
question/skill is predicted using a fully connected layer with a
sigmoid activation, as shown in Equation (2). Optimal results
were obtained with a learning rate of 0.001 (Adam optimizer),
hidden size of 256, and dropout of 0.3 to mitigate overfitting.

Yi+1 = U(Wht + b) (2)

2) SAINT Transformer-based Model: SAINT is an ad-
vanced transformer-based adaptation specifically designed
for knowledge tracing. This approach utilises self-attention
mechanisms to effectively capture long-range dependencies
within student interaction sequences, resulting in improved
performance, particularly on sparse data. It employs an
encoder—decoder structure to process sequences of prob-
lem-response pairs. The encoder encodes a sequence of ex-
ercise embeddings and passes the resulting representations to
the decoder. Both the encoder and decoder consist of multi-
head attention networks, which serve as the core components
of SAINT, supported by feed-forward layers with ReLU
activation to produce the final predictions. This architecture
enhances learner knowledge representation, particularly in the
presence of complex skill dependencies. The final prediction
at each time step is computed as shown in Equation (3).

ht = MultiHeadAttention(Q, K, V') 3)

where Q, K and V are the projected queries, keys and values,
respectively. The performance of the model was improved by
utilizing attention heads to capture various relational patterns
among interactions, an embedding size of 256 to balance
computational efficiency, a dropout rate of 0.2 to prevent
overfitting, and a learning rate of 0.001, ensuring that the
model achieves high accuracy.

C. Preference Learning via Variational Autoencoder Collab-
orative Filtering (VAE-CF)

The VAE-CF model acquires latent embeddings for both
learners and learning items. This module uses implicit feed-
back to discover a latent representation of students’ interests,
allowing for personalised learning content recommendations.
It includes a sparse user-item matrix that contains previous
learner-content interactions. The encoder translates learner-
item interaction data X, into a latent space vector z,. The
decoder then generates predicted interaction scores for previ-
ously unobserved content, as shown in Equation (4).

X, = softmax(W z, + b) 4)

To improve the quality of recommendations, hyperparameter
tuning was performed on key parameters of the VAE-CF
model. Specifically, the latent dimension size of 100, learning
rate of 0.002, batch size of 256, and dropout of 0.3 was tuned
to optimize training efficiency, mitigate overfitting and provide
the best trade-off between accuracy and generalization.

D. Hybrid Model for Personalised Recommendation

The outputs generated by the LSTM and SAINT models
are used to assess each learner’s mastery level across specific
skills or concepts. These mastery predictions are then passed
to the VAE-CF module, where they are combined with latent
user—item interaction embeddings to generate personalised
content recommendations. The final output evaluates learning
resources to address knowledge gaps, and sustain learner
engagement. This hybrid system overcomes the limitations
of standalone knowledge tracing and collaborative filtering
models by supporting knowledge retention, enabling adaptive
learning pathways, and improving learner autonomy.

TABLE II
PERFORMANCE OF KNOWLEDGE TRACING & HYBRID MODELS
Model Variant Accuracy | Recall ‘gftiﬁf (1;:;;111%1153;1
LSTM-DKT 0.792 0.731 -
SAINT 0.829 0.752 -
LSTM-DKT + VAE-CF 0.824 0.773 0.661
SAINT + VAE-CF 0.838 0.801 0.685
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Fig. 2. Student-skill interactions (Knowledge Tracing)

IV. RESULTS AND DISCUSSION

This section evaluates the proposed hybrid model, which
integrates LSTM-DKT and SAINT with VAE-CF to generate
recommendations based on both knowledge and learner prefer-
ences. The model was evaluated using the ASSISTments2017
dataset [24], a widely used benchmark in knowledge tracing
research. Performance was assessed using two primary met-
rics for prediction—accuracy and recall—and recall@10 for
recommendation effectiveness. Table II presents a comparison
between the baseline models and the proposed hybrid system.

The LSTM-DKT model achieved an accuracy of 0.792 and
arecall of 0.731, demonstrating its ability to capture sequential
learner patterns. In contrast, SAINT outperformed LSTM-
DKT with an accuracy of 0.829 and a recall of 0.752, owing
to its attention mechanism, which more effectively models
contextual relationships in student interactions.

Although the VAE-CF model is not explicitly designed
for knowledge tracing, it performed reasonably well on rec-
ommendation metrics, achieving a recall@10 of 0.661 when
combined with LSTM-DKT and 0.685 when combined with
SAINT. The results clearly show that the hybrid model
SAINT + VAE-CF outperforms LSTM-DKT + VAE-CF across
all three evaluation metrics. Specifically, SAINT + VAE-
CF achieved an accuracy of 0.838 and a recall of 0.801,
compared to 0.824 and 0.773 for LSTM-DKT + VAE-CF,
respectively. These improvements indicate that SAINT’s self-
attention mechanism more effectively captures long-range
dependencies in learner interactions, thereby enhancing pre-
diction accuracy.

The proposed hybrid framework offers a more comprehen-
sive view of learner performance than conventional models,
which typically focus solely on personalised recommenda-

tions. This integration is particularly beneficial in scenarios
involving sparse or imbalanced learner interaction data, as the
combination of sequential learning and probabilistic encoding
helps to reduce noise and improve generalisation. Furthermore,
the observed improvement in personalisation demonstrates that
the hybrid model effectively prioritises pedagogically relevant
content, which is critical for supporting learner progress.

V. RISK AND CHALLENGES

Despite the promising performance of the proposed hybrid
model that integrates knowledge tracing with personalized
recommendation, several risks and challenges remain for its
deployment in real-world educational environments.

1) Scalability and System Performance: A key chal-
lenge is scaling the hybrid model to support large
learner cohorts across diverse institutions. Integrating
deep learning—based knowledge tracing (LSTM, SAINT)
with VAE-CF intensifies computational demands, raising
concerns about latency, memory, and responsiveness
under high user loads. Prior work emphasizes the role
of system optimization and distributed infrastructures
for scalable learning analytics [25]. Hence, efficient
computation and strong load balancing are crucial to
sustain real-world performance.

2) User Interaction and Feedback Mechanisms: Person-
alization is driven by mastery predictions, but responsive
feedback and user-friendly interfaces are necessary for
learner adoption. Prior research has highlighted the
importance of user feedback loops in validating adap-
tive learning systems and enhancing learner trust and
engagement [26]. Clear recommendations and learning
pathways must be communicated.



3) Ethical and Responsible AI Considerations: Al-driven
personalization in education raises critical ethical con-
cerns. Protecting learner data privacy and security is
essential, given the sensitivity of performance and be-
havioral information. Risks of algorithmic bias may lead
to unequal recommendations across demographic groups
[27]. Ensuring transparency, fairness, and accountability
is vital, with explainability and bias mitigation strategies
enhancing trust and credibility. Clear ethical guidelines
are therefore necessary to align with best practices in Al
and educational technology.

VI. CONCLUSION AND FUTURE WORK

This study introduced a deep learning—based hybrid frame-

work that integrates sequential (LSTM-DKT) and attention-
driven (SAINT) knowledge tracing models with a VAE-CF
recommender to deliver personalized e-learning. By modeling
both learners’ evolving knowledge states and latent content
preferences, the framework enables dynamic and individu-
alized recommendations. Results show that SAINT + VAE-
CF outperforms LSTM-DKT + VAE-CF, highlighting the
effectiveness of attention mechanisms in improving knowl-
edge tracing and personalization. The hybrid approach also
addresses challenges such as handling sparse learner—content
interactions, mitigating cold-start issues, and ensuring better
alignment of content with learner progress.
Future work will focus on incorporating multimodal data
sources (e.g., eye tracking and facial expressions) to capture
richer learner context, including motivation and engagement.
Broader validation with diverse datasets and learner demo-
graphics will strengthen the model’s generalizability. Addi-
tionally, deploying the framework in real-world educational
platforms will enable evaluation of practical effectiveness, not
only through algorithmic performance but also in terms of
learning gains, user satisfaction, and engagement. Active learn-
ing strategies and real-time feedback loops represent further
opportunities to enhance adaptability and responsiveness.
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