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The Use of Neural Networks for Predicting
student Academic Performance in Higher

Introduction

In recent years, higher education insti-
tutions have increasingly faced the need to
promptly and accurately predict students' ac-
ademic performance. Early identification of
students experiencing academic difficulties
enables instructors and support services to
implement timely interventions, such as sup-
plemental instruction, academic advising, and
curriculum adjustments. Traditional statistical
methods, such as linear regression or decision
trees, often fall short in capturing the com-
plex, high-dimensional relationships between
academic outcomes, attendance, and activity
within learning management systems [1; 2].

Neural networks, capable of uncovering
hidden patterns in large volumes of hetero-
geneous data, represent a promising tool for
tackling the problem of academic performance
prediction. This study proposes a hybrid mod-
el that combines convolutional and recurrent
blocks (CNN-LSTM) based on an anonymized
dataset of undergraduate students from a
technical university. This architecture enables
not only the prediction of final grade point av-
erages but also the identification of “at-risk”

students who may require additional academ-

ic support. The following sections describe the

stages of data preprocessing, model develop-
ment, and performance evaluation.

Research Objective

The objective of this study is to develop
and evaluate a hybrid CNN-LSTM model for ac-
curately predicting the academic performance
of students at a technical university and for
the early identification of students at academic
risk.

Research Tasks

e To collect and describe an anonymized ac-
ademic dataset covering three semesters;

e To implement and train a hybrid neural net-
work architecture;

e To assess the performance of the proposed
model and compare it with traditional
methods;

e To analyze the impact of key features on
prediction accuracy;

e To develop practical recommendations for
implementing the system within academic
support services.

Neural networks, capable of detecting hid-

den patterns in large volumes of heteroge- EEE]
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neous data, offer a promising approach to the
challenge of academic performance predic-
tion. This study proposes a hybrid model that
combines convolutional and recurrent blocks
(CNN-LSTM) based on an anonymized dataset
of undergraduate students from a technical
university. This architecture enables not only
to predict the final grade point average but
also to identify “at-risk” students who may re-
quire additional academic attention.

Prior work has progressed from interpre-
table but capacity-limited classical models to
deep and explainable approaches. Early stud-
ies showed that linear regression and decision
trees provide transparent baselines yet fail to
capture complex nonlinear relations among
behavioral and academic features [1]. Multi-
layer perceptrons modestly improved classifi-
cation of “successful/at-risk” students (=75%
accuracy) but could not model temporal de-
pendencies in activity data [3,4]. Deep hybrid
architectures addressed this gap: CNN-LSTM
models more effectively captured attendance
and LMS dynamics, reaching ROC-AUC above
0.85 [5]. Beyond sequence modeling, graph
neural networks that encode “student-stu-
dent” and “student-course” relations further
improved dropout-risk predictions, while ex-
plainable techniques such as LIME and SHAP
clarified feature and edge contributions to in-
crease practitioner trust [6,7]. In parallel, the
gamification literature and mobile implementa-
tions indicate that points and badges can boost
engagement-by about 30% in one study-and
strengthen predictive signals available to per-
formance models [8-10]. Recent surveys con-
solidate these advances, covering ensemble
and deep methods and underscoring the role
of transparency, with demonstrations of LIME/
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SHAP in higher-education contexts [11-13].

Taken together, contemporary research in-
dicates that transitioning from classical meth-
ods to hybrid neural architectures and graph
networks, along with incorporating gamification
and mobile activity features, significantly im-
proves the accuracy of academic performance
prediction. At the same time, more complex
models require extensive, well-prepared data-
sets and careful hyperparameter tuning.

Methodology

This study utilized anonymized data from
1,200 undergraduate students at a technical
university, collected over three semesters. The
dataset included four groups of features: aca-
demic performance (scores from quizzes and
final exams), attendance (proportion of ab-
sences per course), online activity (number of
lectures viewed, forum participation, and quiz
submissions in the LMS), and socio-demo-
graphic parameters (student gender and field
of study).

Figure 1 illustrates the distribution of stu-
dents’ average grades: most values are con-
centrated in the range of 2.5 to 3.5, with a
slight skew towards higher grades. Small peaks
around 2.8 and 3.2 indicate the most frequent-
ly occurring scores. The tails of the histogram
reflect a few students with very low (below
2.0) and very high (above 4.0) performance.

Standard preprocessing was performed
before training. Records with less than 60%
feature completeness were removed to avoid
bias from missing data. Categorical variables
— gender and field of study — were one-hot
encoded for proper network interpretation.
Quantitative features (grades, attendance, ac-
tivity) were standardized using semester-lev-
el Z-score normalization to align distributions
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Figure 1 — Distribution of students’ average grades



and mitigate outliers. Finally, the dataset was
randomly split into training (70%), validation
(15%), and test (15%) sets.

A hybrid architecture combining convo-
lutional and recurrent components was pro-
posed to predict the final average grade and
identify students in the “at-risk” group. First,
the student’s “activity map” — a matrix of time
X activity types — is processed by a convolu-
tional block that extracts local behavior pat-
terns, such as sharp changes in engagement
during different periods of the semester. Then,
the sequence of extracted features is passed
to an LSTM block, which captures the tempo-
ral dynamics of the indicators throughout the
semester. Finally, a fully connected layer inte-
grates the extracted features and outputs the
predicted average grade.

All model hyperparameters — including the
number of convolutional filters, the LSTM hid-
den state size, and the learning rate — were
tuned using grid search on the validation set.
During optimization, the aim was to minimize
the mean squared error (MSE) and maximize
the coefficient of determination (R2), employ-
ing early stopping if no improvement was ob-
served for ten consecutive epochs.

Experiments and Results

To evaluate the performance of the pro-
posed hybrid model, the following three met-
ricc were employed: mean squared error
(MSE), coefficient of determination (R2), and
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ROC-AUC for the binary classification task of
identifying whether a student belongs to the
“at-risk” group. MSE measures how close the
predicted average grades are to the actual val-
ues, R2 reflects the proportion of explained
variance, and ROC-AUC assesses the model’s
ability to distinguish between “at-risk” and “not
at-risk” students across various thresholds.

When compared to classical algorithms, the
hybrid CNN-LSTM model demonstrated sig-
nificant superiority. Specifically, the MSE was
0.15 compared to 0.28 for linear regression,
while R2 increased to 0.82 versus 0.65 for the
same regression model. For the risk classifi-
cation task, the hybrid architecture achieved
a ROC-AUC of 0.88, whereas the decision tree
reached only 0.77 [5].

The ROC curve shows that the hybrid model
(red line) achieves the highest area under the
curve (0.88), while the decision tree (green
line) and linear regression (blue line for binary
prediction) reach only 0.77 and 0.69, respec-
tively.

To evaluate the contribution of architectural
components, an ablation study was conducted.
Below are the results of models using individu-
al blocks (CNN or LSTM) as well as their com-
bination:

As shown in the table, each component
of the model contributes to its overall effec-
tiveness; however, the best performance is
achieved through their combination. A paired
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Figure 2 — ROC curve for three models: hybrid CNN-LSTM, linear regression, and decision tree
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t-test revealed statistically significant differ-
ences between the hybrid model and the base-
line algorithms (p < 0.05), confirming the va-
lidity of the architectural choice.

Additionally, a feature importance analysis
was conducted to identify key determinants
of academic performance. The greatest con-
tributions to the final prediction were from:
the proportion of completed online tests in the
Moodle system; attendance dynamics during
the last four weeks of the semester—particu-
larly a sharp decline, interpreted as an early
indicator of risk for academic lagging.

The scatter plot based on the CNN-LSTM
model’s results confirms its high accuracy.
Points representing predicted and actual aver-
age grades cluster closely along the diagonal
line y = x, indicating a low mean squared er-
ror and strong agreement between the model’s
predictions and real data.

Thus, the conducted experiments confirm
the high effectiveness of the proposed archi-
tecture in both regression and classification
tasks. The model demonstrated not only su-
perior quantitative performance but also good
interpretability at the feature level, which is

crucial for practical implementation in the aca-
demic environment.

The practical implementation of the model
is feasible within university academic monitor-
ing systems, taking data anonymity into ac-
count. Future work may involve the integration
of graph neural network approaches, which
would enable modeling not only individual stu-
dent behavior but also mutual influences with-
in the educational environment through the
analysis of social and academic relationships.

Conclusion. This study demonstrated the
effectiveness of the hybrid CNN-LSTM neural
network architecture in predicting students’
academic performance, outperforming tradi-
tional methods across key metrics. The model
enables early identification of at-risk students
for timely academic intervention. Future work
includes expanding the feature space by in-
corporating motivational, behavioral, and so-
cio-economic factors, as well as integrating the
model into the Moodle system for automated
monitoring. The source code and anonymized
dataset will be made publicly available to en-
sure reproducibility and facilitate model adap-
tation.

Table 1 — Experiments and results: comparison of model predictions with actual data.

Model MSE R? ROC-AUC
CNN block only 0,22 0,70 0,81
LSTM block only 0,19 0,75 0,84

CNN-LSTM (hybrid) 0,15 0,82 0,88
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Figure 3 — Scatter plot of predicted vs. actual average grades
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