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Abstract: Identifying and addressing students’ academic gaps are essential for
delivering effective personalised learning experiences. In this study, we present
a transfer learning model that combines transformer layers with convolutional
modules to detect learning deficiencies and recommend targeted exercises. The
model analyses student interaction data from an online homework platform,
capturing patterns that indicate areas of misunderstanding. By integrating both
global sequence modelling and local feature extraction, the system predicts
performance outcomes with high accuracy. In experiments, the model achieved
87.5% accuracy and an AUC of 0.91, outperforming traditional approaches
across multiple benchmarks. It also processes each student sequence in under
0.15 seconds, supporting its practical use in real-time learning environments.
These results confirm the model’s capability for accurate prediction, reliable
gap detection, personalised intervention, and practical deployment in adaptive

learning systems.
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1 Introduction

Identifying and addressing academic gaps is a key challenge in personalised education
(Bingham et al., 2018). As students interact with digital learning platforms, they generate
detailed behavioural data — such as correctness patterns, response times, and hint usage —
that can provide valuable insight into their understanding (Liu and Yu, 2023). However,
making effective use of this data is difficult, especially when performance records are

uneven or limited across topics (Anwar et al., 2024).

Copyright © The Author(s) 2025. Published by Inderscience Publishers Ltd. This is an Open Access Article

distributed under the CC BY license. (http://creativecommons.org/licenses/by/4.0/)



56 Y Fu

Machine learning has significantly enhanced intelligent tutoring systems by enabling
them to model student learning progress and deliver adaptive feedback (Lin et al., 2023).
However, many existing approaches rely on handcrafted features or large, task-specific
datasets, which limits their scalability across diverse educational settings (Singhal et al.,
2023). Transfer learning provides a promising alternative by allowing models trained on
large datasets to adapt to new tasks with minimal labelled data (Hosna et al., 2022).

To address this, we propose a transfer learning framework based on a transformer
architecture enhanced with convolutional modules. The system is designed to detect
topic-level academic gaps using behavioural indicators from an online homework
platform, such as correctness rates, hint usage frequency, and response latency, and to
recommend targeted exercises for remediation. By combining local feature extraction
with global sequence modelling, the model captures complex patterns in student learning
behaviours. Our experiments evaluate the model’s performance across prediction
accuracy, gap detection, recommendation quality, and computational efficiency. We
compare against standard baselines including logistic regression, LSTM, and
transformer-only variants. Results show that the proposed approach outperforms baseline
models and supports scalable, adaptive learning interventions.

The main contributions of this work are:

1 A transformer-based transfer learning model with convolutional enhancements,
capturing both fine-grained and long-range patterns in student behaviour for
improved prediction and gap detection.

2 A behaviour-driven gap detection method that uses detailed interaction data to
identify topic-level weaknesses and guide personalised support.

3 An integrated recommendation system that responds to detected gaps with tailored
exercises, validated through comprehensive experimental results.

The remainder of this paper is organised as follows: Section 2 reviews related work in
gap detection, transfer learning, and personalised learning systems. Section 3 presents our
methodology, including data processing, model design, and recommendation strategy.
Section 4 details the experimental setup and evaluation results. Section 5 concludes the
study and outlines directions for future research.

2 Literature review

In recent years, machine learning has significantly influenced educational data mining,
particularly in modelling student performance and enabling personalised learning.
Romero and Ventura (2020) emphasise the value of analysing structured interaction data
to better understand student behaviour and academic trends, advocating for real-time,
formative assessment over static evaluations. Their work underscores the potential of
granular behavioural data — such as response time and hint usage — in driving more
adaptive learning systems.

Despite this progress, many existing models struggle to generalise across courses or
student populations due to data sparsity and domain-specific dependencies. To mitigate
this, transfer learning has emerged as a promising strategy. Zhuang et al. (2020)
categorise various transfer learning techniques and highlight their ability to adapt models
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trained on one dataset to new educational tasks with limited labelled data. This approach
helps overcome the cold-start problem in domains where annotated data is scarce.

Recent advances in deep learning have further enhanced performance prediction
models. Tsiakmaki et al. (2020), for instance, reuse pre-trained models to forecast student
performance across courses, demonstrating that transfer learning can maintain accuracy
even in dynamic educational settings. Liu et al. (2024) propose a hybrid architecture that
integrates convolutional layers with transformer-based attention, enabling the model to
capture both local behaviour patterns and global learning sequences. Their approach
improves detection of irregular learning signals, which are often indicative of struggling
students. This body of work informs our design, though our model introduces a distinct
combination of transfer learning with convolution-augmented transformers tailored
specifically for academic gap detection.

Transformer architectures have proven effective in modelling sequential learning data
due to their ability to attend to long-term dependencies. The Kanformer model (Alnasyan
et al., 2025) applies attention mechanisms to student interactions across time, improving
the granularity of knowledge tracing by emphasising content-relevant history rather than
relying on fixed-length memory.

In parallel, convolutional models continue to contribute by capturing fine-grained
behavioural features. TransConv (Liu et al., 2024) combines transformer-based global
modelling with local convolutional filters, facilitating knowledge transfer across domains
while preserving context-specific detail. Similarly, Cui et al. (2022) introduce a tri-branch
convolutional architecture to isolate different behavioural signals — such as engagement,
retry patterns, and error rates — enabling real-time detection of student cognitive states.

Several recent studies have also addressed the design of personalised
recommendation systems. Mubarak et al. (2022) introduces a graph-based
recommendation model that uses student similarity graphs and graph convolutional
networks. This method personalises content delivery by propagating knowledge through
structurally similar learners. The approach improves recommendation relevance and
reduces reliance on large amounts of individual data. However, Lin et al. (2025)
compares multiple deep learning architectures applied to educational datasets, including
LSTM, CNN, and Transformer models. The study benchmarks these models across tasks
such as engagement prediction and skill mastery detection. The analysis demonstrates
that integrated architectures with attention or memory mechanisms consistently
outperform traditional models on both accuracy and adaptability.

Lastly, Tan (2025) addresses fairness and privacy in transfer learning systems used in
education. The authors propose domain adaptation mechanisms that minimise bias
propagation and enforce anonymisation of student features during training. Their
framework ensures that model performance does not compromise data protection,
supporting ethical deployment of adaptive educational systems. Our proposed model
builds on this foundation by integrating both global attention and local feature extraction
within a unified transfer learning framework optimised for academic gap detection.

3 Methodology

This study focuses on improving how students recover from academic gaps by using
personalised recommendations in an online exercise or homework system. We apply
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transfer learning to make smarter decisions about what content each student should work
on. The system uses detailed interaction logs — such as exercise correctness, hint usage,
and response time — to guide its recommendations. The general architecture of our
proposed method is illustrated in Figure 1.

Figure 1 The architecture of optimisation of academic gap compensation strategy based on
transfer learning (see online version for colours)
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3.1 Data collection from the homework system

The study uses structured data collected from an online homework and exercise system to
support academic gap detection and personalised content recommendation. The system
records each student’s interaction with assigned exercises, including the question
identifier, the associated skill or topic label, the correctness of each response, the total
number of attempts, the use of system-provided hints or explanations, and the time spent
on each question.

Table 1 Collected data

Category Data item

Student interaction Student id (anonymised), question id, submission time, response,

data correctness, attempt number, time spent (in seconds), hint used,
explanation viewed

Content metadata Question id, topic, subtopic, difficulty level, learning objective

Session metadata Session id, start time, end time, total questions attempted, device type,

browser type

Each student is assigned an anonymised identifier. Additional profile data includes the
student’s current grade level and enrolled course. The system also logs session-level
metadata, including login and logout timestamps, device type, and the total number of
exercises completed per session. All collected data is shown in Table 1. This rich
behavioural and contextual information serves as input to the model, enabling it to detect
patterns of misunderstanding and personalise recommendations accordingly.

From this data, the system computes behavioural indicators. These include the
accuracy rate per topic, average response time, the number of retries before a correct
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answer is submitted, and the frequency of hint usage. Engagement is measured based on
session length and activity frequency across a defined time window.

Let S; be the i student; Q;; be the /" question attempted by student S;; T;; be the topic
tag of Qij; Cij € {0, 1} be the correctness label (1 = correct, 0 = incorrect); #;; be the
response time in seconds; 4;; € {0, 1} be whether a hint was used (1 = used); a;; be the
number of attempts made on Q;;. Supposed that O, r is the set of all questions attempted

by student S; that belong to topic 7, as shown in equation (1):

Qi,T ={Qz‘,j|7;,j = T} (1
For a given topic 7, the accuracy of student S; is:
1
Accuracy;r = +—— Z Ci; 2)
|Qf,T | Q,'JEQJ-,T

The average response time is:
1 <
AvgTime; = — Z lij 3)
i j=1
where N; is the total number of questions attempted by student S;.
The hint usage rate is defined as:

1
HintRate;, =— ) h; ; “
N, ; !

The persistence score is:

1
Persistence; = — 2 a; 5
N o ®)]

An overall engagement score can be defined as a weighted combination of behavioral
indicators:

Engagement; = o - SessionCount; + o, - AvgTime; + ¢ - QuestionRate; (6)

where a1, o, 05 are weights assigned based on empirical tuning or model learning.

All data is anonymised and stored securely to ensure compliance with data protection
standards. This dataset is used for academic gap identification and as input to the transfer
learning model for personalised exercise recommendation.

3.2 Academic gap detection

Academic gap detection identifies specific topics or skills where a student repeatedly
underperforms or exhibits signs of conceptual struggle (Wu, 2023). This process uses
both quantitative performance metrics and behavioural indicators derived from student
interaction data, as described in the data collection section. Integrating these
complementary data types enhances the precision of gap identification, allowing for more
targeted and effective interventions.
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Each exercise is associated with a predefined topic label. For each student S
topic-level accuracy is computed using equation (1) in the data collection section. A topic
T'is flagged as a learning gap for student S; if the following conditions are satisfied:

Accuracy;r < t,, |Q¢,r| 2 Npin @)

where 7, = 0.6 is the accuracy threshold and Nmin = 5 is the minimum number of attempts
in topic 7. Q; 7 denotes the set of questions attempted by S; related to topic T.

To supplement performance data, behavioural signals are used to detect cognitive
effort and misunderstanding. The following metrics, previously defined in the feature
extraction section, are analysed per topic: average response time [equation (2)], hint
usage rate [equation (3)] and persistence [equation (4)].

Topics with abnormally high values in one or more of these features are considered
secondary indicators of conceptual gaps, even when accuracy is near the threshold.

A composite gap confidence score is computed to quantify the severity of a gap and
prioritise intervention. The score G; 7 is defined as:

Gir = a-(1— Accuracy; v )+ - HintRate; r +y- Persistence; r 8)

where @, f3, y are tunable hyperparameters that control the contribution of each factor. A
higher score indicates a more serious learning gap.

To ensure reliability, the system verifies that gap-like patterns persist over time. A
topic is confirmed as a learning gap only if low performance and difficulty signals are
observed across at least two sessions, separated by a minimum interval of three days.

3.3 Transfer learning model

This study proposes a transfer learning framework built on a modified transformer
architecture (Ma et al., 2023) to model student learning behaviours and detect academic
gaps with high precision. Each student’s learning history is represented as a sequence of
feature vectors, where each vector encodes interaction-level features including topic
identifier, correctness, response time, number of hints used, and number of attempts. The
detailed architecture of our proposed transformer is illustrated in Figure 2.

Let the sequence of interactions for a student be represented as:

X =[x,x2,...,xr], xeR? )

where T is the sequence length and d is the dimensionality of each embedded input
vector. To encode position information, a positional encoding matrix Pe R™? is added
to the input:

Zo=X+P (10)

The model consists of 12 stacked transformer layers. Each layer begins with a multi-head
self-attention mechanism. Given input Z._i, attention is computed as:

Attention(Q, K, V) = softmax(QKT jV (11)

Ja
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where Q, K, V are the projected query, key, and value matrices, and dy is the dimension of
the key vectors. The attention output is passed through a residual connection and layer
normalisation:

A = LayerNorm(Z,_, + MultiHead (Z,_,)) (12)

Figure 2 The architecture of proposed transformer

Input Embedding
Linear Projection
+ Positional Encoding

Transformer Layer x12

Multi-Head Convolution
Attention Module
(Self-Attention) (Local Features)

\/

's i 2

Add & LayerNorm
(Residual Connection)

Feed-Forward
Network
(Two Linear Layers + Activation)

Add & LayerNorm
(Residual Connection)

-
L

Output Layer
Fully Connected + Sigmoid

To capture local patterns, a 1D convolutional layer is applied along the temporal axis:
C; = ConviD(4;) (13)

This convolutional output is then passed through a position-wise feed-forward network
(FFN):

FEN(x) = ReLU (xW; +b )W, +b (14)
The result of the FFN is again normalised with a residual connection:
Z, = LayerNorm(C; + FEN (C})) (15)

The model is pre-trained on a large source domain dataset D; to learn general patterns of
student learning behaviour. These pre-trained parameters 6 are transferred and fine-tuned
on a smaller, domain-specific target dataset D,. Fine-tuning is performed by minimising
the binary cross-entropy loss:



62 Y. Fu

0" =argming Lp, (f5(X), y) (16)

where f3(X) is the model’s output and y is the observed correctness label. The final layer
of the model produces the probability that the student will answer the next question
correctly:

JA/HI :O-(WOZT +ba) )

where Zr is the output representation at the final time step, W, and b, are the output layer
weights and bias, and ¢ denotes the sigmoid function.

This Transformer-based architecture, enhanced with convolutional layers and trained
through a transfer learning pipeline, effectively captures both global learning patterns and
local performance trends, thereby supporting reliable academic gap detection and
personalised recommendation.

3.4 Personalised exercise recommendation

Based on the academic gap detection and latent mastery representations generated by the
transfer learning model, the system recommends tailored exercises to address each
student’s individual learning needs. The recommendation process is modelled as a
ranking problem over a candidate set of exercises.

Let Q={q1,42,...,qv} denote the pool of available exercises. Each exercise ¢; is
associated with metadata including topic ¢, difficulty level d;, and learning objective o;.
For each student, the model generates a latent vector representation A, € RY from the
final Transformer layer output:

hy = Pooling (Zr) (18)

where Zr € R™? is the output of the final transformer layer and Pooling(.) denotes a
pooling operation (e.g., mean or attention-based pooling) across the time dimension.
For each candidate question g;, we compute an embedding vector %, € R?, derived

from its metadata using a learnable encoder:
hq, :J(em‘ (ti;diaoi) (19)

The relevance score between student s and question ¢; is computed using a matching
function ¢

1 =0 (hs, by )= h by, (20)
The top-K recommended exercises are selected as:
Q, =TopK eq (1) 1)

To encourage coverage of detected knowledge gaps, a topic-aware penalty is applied to
reduce the score of exercises unrelated to the student’s identified weak areas. Let 7
denote the set of topics flagged as learning gaps for student s, then the adjusted relevance
score becomes:
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- ri, if e
Fyi =4 (22)

Ary;, otherwise

where 4 € [0, 1] is a down-weighting factor. The final recommendation list is generated
by selecting the top-K questions based on 7; ;.

4 Evaluation

4.1 Dataset and setup

The dataset used in this study was collected from an online homework system that
records detailed student interactions during exercise attempts. Each data entry includes
anonymised student identifiers, question IDs, timestamps, correctness of responses,
number of attempts, use of hints, and time spent on each question. Additionally, metadata
about the content — such as topic, difficulty level, and learning objectives — is also logged.
The dataset covers multiple sessions across various course levels, providing rich temporal
and behavioural information for each student.

For model training and evaluation, the dataset was split into training, validation, and
test sets in an 80:10:10 ratio. Data pre-processing involved normalising continuous
features, encoding categorical variables, and aggregating exercise attempts into
sequential feature vectors representing individual student learning trajectories. All
personal data was anonymised and handled according to data privacy standards.

The transformer-based transfer learning model was implemented using PyTorch and
trained on NVIDIA GPUs. Hyperparameters including learning rate, batch size, and
number of transformer layers were tuned based on validation performance. Early
stopping was applied to prevent overfitting. Model inputs consist of sequential
behavioural indicators per exercise, and the output predicts the probability of correct
responses on future questions.

4.2 Prediction evaluation

To evaluate the capability of the proposed transformer-based model in predicting student
performance, we design a next-response prediction task. Given a sequence of prior
exercise attempts represented by feature vectors — including topic tag, correctness,
response time, number of attempts, and hint usage — the model predicts the probability
that a student will correctly answer the next question.

We compare our model against several strong baselines:

1 logistic regression (Li et al., 2023)
2 two-layer LSTM (Singh and Malhotra, 2022)
3 self-attention transformer without convolution.

All models are trained and evaluated using the same dataset split and input features to
ensure fair comparison. Evaluation metrics include accuracy, precision, recall, F1-score,
and area under the ROC curve (AUC). Table 2 gives the results of the evaluation.
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The proposed model outperforms all baselines across all evaluation metrics.
Compared to logistic regression and LSTM, the transformer architecture better captures
long-range dependencies and sequential behaviour. The self-attention baseline also
performs well, but integrating convolutional modules within the transformer layers
significantly improves performance by capturing local behavioural patterns. This is
reflected in the
Fl-score and AUC, where our model shows a clear advantage, demonstrating both
predictive accuracy and robustness in identifying difficult-to-predict student responses.

Table 2 The results of prediction evaluation
Model Accuracy  Precision Recall Fl-score AUC
Logistic regression 0.741 0.730 0.705 0.717 0.781
LSTM (two-layer) 0.764 0.749 0.723 0.736 0.804
Self-attention transformer 0.782 0.768 0.750 0.759 0.829
Proposed model (ours) 0.805 0.793 0.778 0.785 0.861

4.3  Academic gap detection performance

This experiment evaluates the accuracy and reliability of the academic gap detection
component. The goal is to identify topics where students consistently underperform or
exhibit behavioural patterns indicative of conceptual struggle. Ground truth labels are
established through expert annotations based on long-term performance logs and follow-
up assessments.

We compare four models:

1  arule-based baseline using accuracy thresholds alone

2 logistic regression trained on extracted behavioural indicators

3 atransformer without convolution

4 the proposed model that integrates both sequential and local behaviour signals.

Evaluation metrics include precision, recall, F1-score, and area under the precision-recall
curve (AUPRC), since class imbalance is present in the gap detection task.

As illustrated in Figure 3, the rule-based model fails to generalise across diverse
behaviour patterns, often misclassifying temporary errors as persistent gaps. Logistic
regression improves by incorporating behavioural signals but lacks sequential modelling.
The transformer-only model captures temporal trends but overlooks local fluctuations.
The proposed model outperforms all baselines by effectively combining global and local
student dynamics, leading to more precise and consistent gap detection across different
academic topics.

4.4 Recommendation effectiveness

The third experiment evaluates how effectively the proposed system delivers personalised
exercise recommendations that address individual learning gaps and improve learning
outcomes. To measure this, we compare student performance before and after receiving
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recommendations, using matched topic difficulty and controlling for prior accuracy and
engagement levels.

Figure 3 The comparison between performance (see online version for colours)
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We implement four recommendation strategies for comparison:

1 random selection from the curriculum-aligned question pool

2 popularity-based recommendation using global success rates

3 topic-based recommendation focused solely on previously underperforming areas

4  the proposed model leveraging transformer outputs and gap detection scores to
personalise at the skill level.

From Figure 4, valuation metrics include average post-recommendation accuracy,
normalised learning gain (NLG), and improvement in behavioural indicators such as
reduced hint usage and faster response time. Students are grouped into matched cohorts
to ensure statistical validity.

The proposed model achieves the highest post-recommendation accuracy and
learning gains. It also leads to a measurable improvement in behavioural indicators,
suggesting not only better correctness but more confident and efficient problem-solving.
Compared to topic-focused heuristics, the model benefits from finer-grained adaptation
and the ability to dynamically prioritise skills based on confidence scores.

4.5 Ablation study

To assess the contribution of each component within the proposed model, an ablation
study was conducted. We designed several model variants by selectively removing key
modules and compared their performance to the full model. This analysis focuses on
three aspects: predictive accuracy, gap detection precision, and recommendation
effectiveness.
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Figure 4 Comparison between recommendation effectiveness (see online version for colours)
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Figure 5 The results of ablation study (see online version for colours)
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Four ablated versions were evaluated:

1 w/o convolution module — the local feature extractor was removed, relying solely on
self-attention

2 w/o positional encoding — positional context was excluded from the input embedding
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3 w/o behavioural features — only correctness and topic embeddings were used,
excluding response time, hint usage, and persistence

4  shallow transformer (four layers) — the depth was reduced from 12 to 4 layers.

Each variant was trained and tested under the same conditions as the full model using the
identical student interaction dataset. Evaluation metrics include AUC for prediction,
Fl-score for gap detection, and post-recommendation accuracy. The comparison results
are shown in Figure 5.

Removing the convolution module led to a noticeable decline across all metrics,
indicating the importance of local feature extraction. The absence of positional encoding
impaired the model’s temporal understanding, particularly in sequential prediction.
Excluding behavioural features reduced the model’s ability to detect learning gaps,
highlighting their role in capturing cognitive signals. The shallow version also performed
worse, showing that deeper representation learning contributes to both generalisation and
personalisation.

4.6 Computational efficiency

To evaluate the practicality of the proposed model for real-time educational applications,
we measured its computational efficiency in terms of training time, inference speed, and
memory consumption. All experiments were conducted on a workstation equipped with
an NVIDIA A100 GPU (40 GB VRAM), Intel Xeon Silver 4316 CPU, and 256 GB
RAM. The batch size was fixed at 64 and all models were trained for ten epochs using the
Adam optimiser.

Figure 6 Comparison between computational efficiency (see online version for colours)
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We compared the full model against the following baselines:
1 standard transformer (no convolution, no behavioural features)
2 LSTM-based predictor

3 LightGBM (Yan et al., 2021), a decision tree ensemble model using handcrafted
features.

Figure 6 illustrates the computational efficiency of different methods.

The proposed model requires longer training time and higher GPU memory than
lightweight baselines. However, its inference time remains within acceptable bounds for
practical deployment in student-facing platforms. The addition of convolution modules
and behavioural inputs increases complexity, but these components contribute
significantly to predictive and diagnostic performance, as shown in earlier experiments.
The efficiency results suggest that the proposed architecture offers a favourable trade-off
between accuracy and runtime cost when used in modern GPU environments.

5 Conclusions

This study introduces a unified framework for personalised learning support by
combining academic gap detection, behavioural analysis, and predictive modelling within
a convolution-augmented transformer architecture. The system leverages both
performance accuracy and behavioural indicators to identify topic-level learning gaps and
assess their severity. The model supports targeted exercise recommendations tailored to
individual student needs.

Extensive experimental evaluation confirms the model’s predictive accuracy,
effective gap detection, and meaningful recommendation outcomes. Ablation studies
highlight the impact of convolutional modules and behavioural features, while efficiency
benchmarks demonstrate suitability for real-time educational use. Together, these
elements establish a scalable and interpretable pipeline capable of supporting adaptive
learning with minimal manual intervention.

Future research will extend this framework to a broader range of subject areas and
student populations to evaluate its generalisability. Incorporating longer-term learning
trajectories and curriculum structures remains a priority, as does integrating external
knowledge sources — such as prerequisite skill graphs — to deepen semantic understanding
of learning gaps (Zhong et al., 2023). We also aim to explore reinforcement learning
strategies to optimise exercise sequencing over time. On the deployment side, adapting
the system for low-resource environments and validating it through real-world classroom
trials will be essential for practical adoption. Lastly, enhancing model interpretability
with explainable Al techniques will improve transparency and usability for educators and
learners.
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