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Abstract

Early prediction of academic outcomes is vital to enabling timely intervention, supporting
at-risk students, and improving educational planning and institutional performance. How-
ever, this task becomes particularly challenging when data availability is limited, such as in
small or graduate-level programs. This study explores the potential of data augmentation
techniques, specifically the Synthetic Minority Oversampling Technique, to enhance the
performance of machine learning models applied to such constrained educational datasets.
We conduct a comparative analysis using four datasets derived from prior research, each
representing a distinct educational use case: one focused on predicting academic success in
graduate programs, another on student dropout in virtual learning environments, a third
on dissertation performance prediction, and a fourth addressing multi-class performance
prediction in undergraduate coding courses. By applying consistent machine learning
methods in the original and augmented datasets, we systematically evaluate the impact of
data augmentation on classification performance using accuracy, precision, recall, and the
F1 score. The results demonstrate marked improvements, with accuracy increases up to 21%
and precision gains exceeding 25% in some models, notably with KNN and MLP. While not
all algorithms benefit equally, our findings highlight data augmentation as a practical and
impactful strategy for improving early prediction capabilities in Educational Data Mining
(EDM). By leveraging multiple datasets and diverse educational contexts, this contribution
provides robust evidence supporting the broader goal of enhancing decision-making and
personalized support in digital learning environments.

Keywords: Educational Data Mining; E-learning; Learning Management System; machine
learning; data augmentation

1. Introduction

At the university level, institutions are constantly striving to accurately predict student
performance in a way that ensures they maximize learning efficacy and project potential
academic challenges beforehand. Predictive capabilities are vital to ensuring proper alloca-
tion of resources and optimizing overall scholastic achievement rates. After the emergence
of education data mining techniques, it is now possible to extract meaningful insights
from large datasets in education for facilitating personalized intervention and improving
education support systems.

Educational Data Mining (EDM) refers to the application of data mining techniques
in education. EDM provides institutions with the ability to examine vast amounts of
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educational data and recognize patterns that are not readily obvious, predict student per-
formance, and support decision-making [1]. EDM techniques have become more important
in the age of large-scale deployment of Learning Management Systems (LMSs), systems
designed to manage and perform various forms of educational activities like content supply,
assignment uploading, grading, and student-teacher communication [2].

The rapid integration of digital platforms such as Learning Management Systems
(LMS), Virtual Learning Environments (VLEs), and Massive Open Online Courses (MOOCs)
has revolutionized the delivery and management of education. These technologies, ranging
from globally recognized platforms like Moodle to institution-specific VLEs, facilitate con-
tent distribution, online assessments, grading, communication, and student engagement
tracking. E-learning, enabled through these systems, has become a cornerstone of modern
education by promoting accessibility, flexibility, and personalized learning pathways. The
widespread adoption of MOOCs has further expanded access to educational resources,
allowing institutions to reach large, diverse learner populations. Collectively, these plat-
forms generate rich data streams that offer immense potential for understanding student
behaviors and predicting academic outcomes [3]. However, despite this abundance, many
educational settings (particularly specialized graduate programs and smaller institutions)
still face the challenge of limited data availability. Such small datasets hinder the effective-
ness of traditional predictive analytics, which typically rely on high-volume data to ensure
model stability and generalizability [4].

In response to the challenges posed by small educational datasets, particularly in
graduate-level or specialized programs, data augmentation has emerged as a promising
solution within the machine learning landscape. Data augmentation involves the generation
of synthetic data points based on the distribution and structure of existing data, thereby
expanding the dataset without the need for additional real-world collection [5]. This
technique is especially valuable in Educational Data Mining (EDM), where limited records
can restrict model performance and generalizability. By enriching sparse datasets, data
augmentation helps mitigate overfitting, and improves the robustness of predictive models.
When applied effectively, it enables institutions to leverage machine learning even in
data-constrained environments, enhancing their ability to forecast student performance,
detect dropout risks, and support personalized interventions. In this context, augmentation
becomes a key enabler for institutions aiming to derive actionable insights from limited
educational data [6].

To address the growing need for effective analysis and prediction in education, ma-
chine learning (ML) has become a central tool within the field of EDM. ML algorithms
are capable of uncovering complex, non-linear patterns in educational data that may not
be apparent through traditional analytical methods [7]. Their adaptability allows them to
make predictions, classify student outcomes, and provide real-time insights based on a
wide range of features from academic performance to engagement behaviors. Even in cases
where data is limited or partially incomplete, ML models can still deliver valuable results
through techniques that enhance data representation and model robustness. As a result,
ML plays a transformative role in modern education by enabling data-driven decisions,
personalized interventions, and early identification of at-risk students [8].

In this paper, we utilize existing datasets from previous studies and compare their
original predictive metrics with those obtained after applying data augmentation tech-
niques. This comparative analysis employs identical methods and metrics, enabling a
precise and credible evaluation of the impact and effectiveness of data augmentation in
terms of improving prediction accuracy.

The key contributions of this research are as follows:
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¢ Evaluation of the effectiveness of data augmentation on small and different educational
datasets.

*  Comparative analysis of performance metrics before and after data augmentation.

*  Comparative analysis of data augmentation strategies.

¢ Assessment of various ML algorithms to determine the most beneficial augmentation
approaches.

The organization of this paper is as follows: Section 2 presents a literature review
of recent papers, Section 3 details the methodology and materials used in the study, in-
cluding descriptions of datasets, implementation of ML models, and performance metrics.
Section 4 presents and discusses the experimental results, highlighting the performance
gains achieved through data augmentation. Finally, the Section 5 concludes the paper,
summarizing key findings and providing directions for future research.

2. Related Work

The prediction of students academic outcomes has become a critical area within
Educational Data Mining (EDM), attracting considerable interest from researchers and edu-
cational institutions. Accurate predictions help educators implement early interventions,
improve academic outcomes, and enhance institutional effectiveness. A significant amount
of research has focused on various aspects of student performance prediction, ranging from
dropout prediction to academic success in diverse educational contexts.

Various studies have tried using ML algorithms with small dataset sizes, which is a
common issue for learning in most institutions. Zohair et al. [2] addressed the modeling
issue arising from small dataset sizes in disciplines demanding expertise at graduate
levels. Their study underscored the possibilities of clustering algorithms in searching for
significant predictive factors, which they later demonstrated with Support Vector Machine
(SVM) and Linear Discriminant Analysis (LDA) algorithms with significant accuracy even
in the presence of limitations on dataset size.

Similarly, Kabathova et al. [4] also addressed the prediction of dropouts from less
educational data received from e-learning courses. They emphasized the significance of an
appropriate understanding of data and feature selection. Though conducted with less data,
their research validated the use of dropout rate prediction with accuracies of 77% to 93%
through different ML classifiers.

Cordovilla et al. [9] subsequently extended the predictive modeling paradigm through
the merging of external data and LMS data to predict educational attainment for online
coding classes. The authors’ findings were that simpler models, particularly Logistic
Regression, performed extremely effectively and were understandable, indicating the
promise of viable implementation in learning systems.

Realinho et al. [10] also explored predicting student dropouts and academic perfor-
mance by clustering demographic, socioeconomic, and educational data. Their comprehen-
sive approach provided valuable insights to inform educational intervention, indicating
the broad applicability and relevance of predictive analytics in higher education.

In addition, Riestra-Gonzalez et al. [11] analyzed massive LMS log data to predict
student performance in the initial phases of academic courses. Their study validated the
utility of predictive models for course-independent contexts and emphasized the role of
early intervention in academic achievement.

Kaensar et al. [12] also utilized vast quantities of Moodle log data during the
COVID-19 period to demonstrate that ML models, i.e., Decision Trees and Support Vector
Machine, were sufficiently capable of predicting student performance and enabling teachers
to better manage online learning environments.
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Hung et al. [13] investigated patterns of learning by Educational Data Mining (EDM)
in a mixed-mode learning setup, illustrating that clustering and prediction models effec-
tively diagnosed high-risk learners. Their work justified the implementation of predictive
analytics in teaching due to timely and focused interventions.

Ciolacu et al. [14] advanced the concept of Education 4.0 through Al-assisted
higher education, leveraging smart sensors, wearable devices, and adaptive learning
environments. Their innovative approach demonstrated the effectiveness of early recog-
nition systems based on machine learning, highlighting the potential for personalized
education experiences.

Furthermore, Villegas-Ch et al. [15] proposed integrating Al and data analysis tech-
niques within LMS environments to improve learning outcomes. Their findings supported
the argument for adopting robust, technology-driven educational models, particularly
relevant in post-pandemic educational scenarios.

Azimi et al. [16] specifically targeted the challenge posed by small-scale online courses,
demonstrating the feasibility and efficacy of ML-based intervention strategies for enhancing
student performance. Their results highlighted the viability of applying ML methods even
when limited data are available, contributing to early and effective interventions.

Naicker et al. [17] compared Linear Support Vector Machine against classical ML
algorithms, confirming Linear Support Vector Machine’s suitability in predicting academic
performance, while Mueen et al. [18] highlighted Naive Bayes’ robustness in academic
performance predictions, outperforming other ML models in undergraduate courses.

Hussain et al. [19] further emphasized ML's capabilities in predicting secondary and
intermediate-level academic performances, demonstrating clear potential for ML to signifi-
cantly influence educational policy and intervention strategies at various educational levels.

Lastly, Bertolini et al. [20] proposed integrating feature selection with cross-validation
to enhance predictive models’ stability and interpretability, providing actionable insights for
educators and stakeholders. Their research underscored the importance of systematically
identifying influential predictive features.

Table 1 summarizes representative studies and outlines the reference, core focus,

methodology, key findings, and performance metrics for each analyzed study.

Table 1. Summary of related works.

Reference Focus Methodology Key Findings Performance Metrics
. Modeling small ML classifiers SVM and LDA
Zohair et al. [2] datasets for student . Accuracy
comparison performed best
performance

Kabathova et al. [4]

Dropout prediction in
e-learning

ML classifiers
comparison

Achieved 77-93%
accuracy despite
limited features

Accuracy, Precision,
Recall, F1

Success prediction

Logistic Regression,

Logistic Regression

Cordovilla et al. [9] using LMS and external achieved best AUC-ROC
data SVM, RF, MLP AUC-ROC (0.9354)
Riestra-Gonzélez Early p.e rformance Decision Trees, SVM, MLP showed b.est .
prediction from accuracy growing with  Accuracy
etal. [11] MLP .
LMS logs course progression
Prediction using .. SVM highest
Kaensar et al. [12] Moodle logs ?ECISIOH Trees, SVM, early-stage prediction, Accuracy
during pandemic DT better overall
Learning behavior . e
Hung et al. [13] patterns in Random Forest, Early identification of F1 Score

blended learning

Clustering, Heatmaps

high-risk learners
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Table 1. Cont.

Reference

Focus

Methodology

Key Findings

Performance Metrics

Early recognition with

Smart sensors, ML

Early prediction

Ciolacu et al. [14] Al-assisted . models to support Early Recognition Rate
. algorithms . .

learning systems adaptive education
LMS improvement Machine Learnin Robust LMS

Villegas-Ch et al. [15] with ML and models & development to Accuracy
data analysis enhance learning

o Early intervention in ML-based predictive Effectlve ?arly .
Azimi et al. [16] small-scale . intervention strategies ~ Accuracy
. modeling
online courses recommended
. Performance prediction Linear SVM, Classical Linear SVM
Naicker et al. [17] in school-based . outperformed Accuracy
. ML algorithms o oo

education traditional classifiers
Academic performance Naive Bayes, Neural Naive Bayes achieved

Mueen et al. [18] prediction Networks, Decision highest prediction Accuracy
(undergraduate) Trees accuracy (86%)
Academic performance . . Efficient prediction of

. at Regression, Decision

Hussain et al. [19] . . o marks and grades Accuracy

secondary/intermediate Tree classifiers .
using ML

level
Improving feature Feature Selection, Identified stable

Bertolini et al. [20] stability for student Logistic Regression, features for enhanced AUC-ROC

success models

GLMNET model interpretability

In Table 1, while these diverse studies demonstrate various ML methods” effectiveness
in educational performance prediction, our research contributes uniquely by directly com-
paring results from existing datasets with outcomes obtained through data augmentation.
Our work explicitly focuses on assessing data augmentation’s effectiveness in addressing
the limitations posed by small educational datasets, thereby providing a clear evaluation of
its utility in educational predictive analytics.

3. Methodology and Materials

This research focuses on the influence of data augmentation on forecasting perfor-
mance using ML models that are specific to small datasets. As important as predicting
students’ performance is to making early intervention and improvement of learning out-
comes possible, it is a difficult and challenging endeavor. One of the challenges is that the
quantity of data is inadequate, particularly in small or newly discovered colleges where
fewer students are enrolled. Additionally, student data privacy and confidentiality issues
impose additional constraints on the sharing and availability of data between institutions.
Another problem is the inability to develop generalized prediction models owing to het-
erogeneity between datasets caused by student demographics, education programs, LMS,
and country-level education policies. This heterogeneity complicates the development of
universal performance measures or deployment of models that are sufficiently efficient in
diverse environments. These challenges underscore the necessity of researching counter-
measures like data augmentation to mitigate the problem of data sparsity and build robust
and precise predictive models in the educational environment.

Additionally, it should be mentioned that datasets used in research on EDM differ
greatly based on their origin and purpose. For example, datasets originating from systems
such as Moodle, LMS, Virtual Learning Environments (VLEs), or general e-learning systems
capture distinct features of student interaction and activity. This diversity impacts the
quality and type of features available, e.g., login frequency, learning material watching
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duration, forum participation, assignment submission, or marks. In addition, the uses of
these datasets are varied; some are used to predict students” performance, while others
are used to predict dropout risk. Therefore, the heterogeneity of data sources and the
heterogeneity of study goals also further complicate generalization and standardization of
prediction models across educational settings.

3.1. Overview and Description of the Selected Studies and Datasets

In our study, to verify and validate our results, we utilized four small datasets from
three distinct educational institutions, each of which has been previously used and pub-
lished in research articles. The first dataset focuses on forecasting academic performance
among master’s degree students (Dataset 1) and the dissertation grade (Dataset 2) [2],
the third dataset centers on predicting student dropout likelihood in a virtual learning
environment (VLE) (Dataset 3) [4], and the last dataset involves forecasting student perfor-
mance in introductory coding courses at a Moroccan university (Dataset 4) [6]. By selecting
datasets of different educational emphases and applying consistent methodologies, we
systematically investigate the effectiveness of data augmentation techniques in enhancing
predictive modeling under scenarios of limited data availability. The four selected datasets
are described below:

¢ Dataset 1 and Dataset 2 [2]: These datasets were constructed to investigate the possibil-
ity of accurately predicting the performance of graduate students using small datasets.
Dataset 1 consists of the academic performance records of 50 master’s students, while
Dataset 2 focuses on dissertation grades within the same cohort. Both datasets include
features covering demographics, academic history, and course-level scores. Several
ML algorithms were compared, with Support Vector Machine and Linear Discriminant
Analysis identified as particularly effective for predicting student success, though the
limited data volume raised challenges related to generalizability.

*  Dataset 3 [4]: This dataset aimed to predict student dropout using the limited edu-
cational data of 321 records collected from university lectures. The predictive model
developed sought to identify at-risk students, even within a small dataset context.
The dataset contains four years of schooling data, including student activity features,
grades, and activity logs from a VLE. Multiple machine learning classifiers were ap-
plied, achieving prediction accuracies ranging from 77% to 93% on unseen cohorts
from subsequent academic years.

¢ Dataset 4 [6]: This recent dataset focuses on predicting student performance in coding
courses at Hassan First University of Settat, Morocco. It includes 200 records from
second-year students enrolled in foundational coding modules. What distinguishes
this dataset is its hybrid approach, combining academic history (first-year university
grades) with behavioral data collected by instructors during practical coding sessions.
The predictive tasks target three modules: Algorithm and Programming 1, Algorithm
and Programming 2, and Data Structures. Performance is assessed using multi-class
classification, with key metrics including accuracy, precision, recall, and F1 score.
Notably, the study also explores advanced data augmentation techniques (SMOTE) to
address class imbalance and data scarcity, providing new insights for the application
of machine learning in early coding education.

These datasets with their records being few in number are a common and hard issue
in EDM. Their size limitations tend to constrain the capacity of machine learning models to
generalize, and hence the stability of the models, as well as introducing bias and reliability
problems. Yet the same restraint presents a practical advantage; it presents a perfectly suited
environment in which to assess the efficiency of data augmentation schemes. Through the
application of augmentation techniques to these small datasets and rigorously comparing

https://doi.org/10.3390/datal11070161


https://doi.org/10.3390/data11070161

Data 2026, 11, 161

7 of 28

the outcomes with baseline performance measures, one can seriously test if augmentation
really produces significantly improved prediction outcomes. One thereby converts the
problem of small datasets into a required experimental basis for testing the value of data
augmentation techniques in education predictive analytics.

In this study, the term small educational dataset does not refer only to the absolute
number of records, but also to the relationship between the number of samples, the number
of features, the number of target classes, and the degree of class imbalance. Thus, even
datasets with 200 or 321 records may be considered small in EDM when they are divided
into training and testing subsets and when some classes contain only a limited number of
representative samples [6]. This limitation can reduce model stability, increase sensitivity
to data splitting, and affect the generalization capacity of machine learning models [4].

3.2. Data Augmentation

Data augmentation is a set of techniques that is used to artificially enlarge the size of a
dataset by generating new synthetic instances from existing data. Rather than gathering
new real-world data, which may be costly, time-consuming, or even impossible in some
cases, augmentation generates additional instances that maintain the underlying pattern
and structure of the original data. This is carried out through such methods as random
sampling, perturbations, transformations, the Synthetic Minority Oversampling Technique
(SMOTE), or even other algorithmic methods. Data augmentation is particularly crucial
when working on small datasets since the small number of instances present can hugely
limit the ability of a machine learning model to generalize to new instances. Issues such as
overfitting arise in small datasets; the model learns noise and not underlying trends, leading
to poor predictive capacity. Augmentation increases the diversity and representativeness
of samples [6]. At the same time, this technique introduces variability that can possibly
enhance the model’s robustness, accuracy, and stability concerning variations in the space
of training data. In addition, augmentation helps in simulating various situations that
make the model more robust even in real scenarios where small perturbations or outliers
may prevail. Therefore, in applications such as EDM, where the datasets that can be made
available are small in size due to privacy issues, demographic differences, or institutional
limitations, data augmentation offers a viable option to increase model performance and
deliver more accurate and reliable analysis outcomes [21].

Important aspects of data augmentation are as follows:

*  Synthetic Generation: Creating new data points using techniques such as oversam-
pling, SMOTE, noise addition, and transformation.

e Introduction of Variability: Increasing diversity in data so that machine learning
models can generalize better and avoid overfitting.

*  Bias Reduction: Avoiding biases and keeping models away from over-reliance on a
limited quantity of data.

*  Addresses Class Imbalance: Techniques like SMOTE allow for the creation of addi-
tional samples for underrepresented classes, leading to more balanced training.

e Cost-Effective: Compared to acquiring new labeled data, augmentation is computa-
tionally inexpensive and faster.

*  Facilitates Better Early Predictions: Especially in education, where early intervention
is critical, augmentation can simulate enough data to train models even in early
course stages.

There are also some disadvantages, such as the following:

* Potential Overhead: Although generally low-cost, large-scale augmentation may
increase training time, requiring careful management of computational resources.
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¢  Complexity in Method Selection: Choosing appropriate augmentation techniques
depends heavily on the data type (numerical, categorical, sequential) and task,
requiring expertise.

In this study, we work with two data augmentation techniques: the Synthetic Minority
Oversampling Technique (SMOTE) and Generative Adversarial Networks (GANSs). Both
methods have demonstrated potential for improving model performance in small and
imbalanced datasets. Our comparative framework applies both approaches to EDM,
allowing us to systematically evaluate and select the most effective augmentation technique
for each scenario.

SMOTE offers a significant advantage by generating new synthetic examples through
interpolation between existing minority class instances, rather than simply duplicating
existing data. This approach enhances the diversity of the dataset while maintaining
the underlying structure and distribution of the original data, thus mitigating the risk of
overfitting. Furthermore, SMOTE directly addresses class imbalance issues, a common
characteristic of educational datasets where successful and at-risk students are often un-
evenly represented. By enriching the minority class without introducing random noise,
SMOTE improves model generalization and robustness, responding effectively to the
challenge of limited real-world data availability. Additionally, SMOTE minimizes the po-
tential disadvantage of creating unrealistic data points, as synthetic instances are generated
along the feature space between close neighbors, preserving realistic patterns. Despite the
general concern that augmentation could introduce bias, the controlled synthetic gener-
ation of SMOTE ensures that variability is introduced systematically and meaningfully.
Consequently, SMOTE aligns well with the goals of this research, offering a practical, inter-
pretable, and effective augmentation strategy that reinforces the credibility and validity of
the comparative analysis between the original and augmented datasets [22].

In parallel, Generative Adversarial Networks (GANSs) are leveraged for their capacity
to model complex, high-dimensional data distributions and generate highly realistic syn-
thetic samples. Unlike SMOTE, which relies on interpolation, GANs use a game-theoretic
approach between a generator and discriminator neural network, learning to create data
points that are indistinguishable from real data. This makes GANs particularly attractive for
generating synthetic educational records that mimic intricate relationships in real student
data. In our comparative experiments, we apply SMOTE and GAN-based augmentation,
compare their impact on model performance, and discuss their suitability and limitations
for educational predictive modeling [23].

For GAN-based augmentation, a simple fully connected vanilla GAN architecture
was implemented for tabular educational data. Before training, the features of the training
set were normalized to the range [—1, 1] using MinMax scaling, while the target label was
concatenated with the scaled features to form the input data distribution. The generator
receives a random noise vector of dimension 10 and maps it through one hidden fully
connected layer with 64 neurons and ReLU activation, followed by a linear output layer
whose dimension corresponds to the full data vector, including both features and the target
label. The discriminator receives a real or generated data vector as input and passes it
through one hidden fully connected layer with 64 neurons and ReLU activation, followed by
a single sigmoid output neuron that predicts whether the input sample is real or synthetic.
Both networks were trained adversarially using binary cross-entropy loss and the Adam
optimizer with a learning rate of 0.0002. The model was trained for 100 epochs using a
batch size of 64. After training, 250 synthetic samples were generated. The generated
feature values were transformed back to the original scale using the inverse MinMax
transformation, while the generated target labels were converted into binary class labels
using a thresholding rule.
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To prevent data leakage and ensure a fair evaluation of the proposed augmentation
strategy, the augmentation process was applied only after the original dataset had been
divided into training and testing subsets. For each dataset, the train/test split was per-
formed following the same strategy reported in the original study from which the dataset
was derived, in order to preserve comparable experimental conditions. In other words, the
original non-augmented dataset was first split into training and testing sets according to the
protocol of the corresponding baseline study. Then, SMOTE and GAN-based augmentation
were applied exclusively to the training set. The test set was kept unchanged and was
not used during synthetic data generation, model fitting, or hyperparameter adjustment.
This design ensures that the models were evaluated on real, unseen, and non-augmented
data, avoiding any artificial improvement caused by increasing the test set size or allowing
information from test samples to influence the augmented training data. Consequently, the
reported performance gains reflect the effect of enriching the training data while maintain-
ing an independent evaluation protocol and preserving the experimental conditions of the
original studies.

3.3. Machine Learning Methods

ML algorithms are increasingly significant applications in EDM for modeling in-
tricate and non-linear patterns common in student learning behavior and academic
achievement [1]. Classical statistical methods are certainly helpful for generally locat-
ing trends in data but only make quite strong assumptions about normality, linearity of
relationships, and independence between the variables concerned that are seldom seen
in actual educational environments. Therefore, conventional methods may fail to capture
the subtle interactions and diverse learning trajectories among students, especially when
dealing with heterogeneous datasets that are riddled with missing values, class imbalance,
and demographic diversity. In contrast, more recent ML algorithms such as Support Vec-
tor Machines (SVMs), Linear Discriminant Analysis (LDA), Artificial Neural Networks
(ANNSs), and Long-Short-Term-Memory (LSTM) are more adaptive and flexible. They can
automatically detect complex feature interactions, process high-dimensional data, and
make more accurate and robust predictions even under challenging circumstances. In
applications like student performance prediction or dropout detection, where early and
accurate interventions are crucial, the higher predictive power of ML models makes them
an indispensable tool. By utilizing their strengths, schools can move beyond surface-level
analysis, develop personalized support systems, and ultimately promote better academic
success for groups of students that are diverse [24].

The studies referenced below employed the following machine learning algorithms
to address the classification and prediction issues posed by small datasets. The key
algorithms include:

e K-Nearest Neighbors (KNN): A non-parametric classifier that makes a label prediction
for a point based on the most frequent class among its neighbors. It is easy to use and
can be used when datasets are small, but might be noisy and k-dependent.

e  Logistic Regression (LR): A widely used linear classification model, which is especially
suitable for binary outcomes. It estimates the probability of a class label through
a logistic function and is valued for its interpretability and efficiency in linearly
separable problems.

*  Support Vector Machines (SVMs): A robust classifier with very good reputation for
good performance in high-dimensional space, whose application with small datasets
is possible due to the fact that the algorithm can maximize the margin between
data instances.
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¢  Linear Discriminant Analysis (LDA): Most widely used in classification and dimen-
sionality reduction; it tries to maximize differences between different classes and
reduce variance within a class.

*  Decision Trees (DTs): A non-parametric supervised learning method for classification,
providing easily interpretable models.

* Random Forest (RF): An ensemble learning method that merges a sequence of DTs,
enhancing predictive precision through majority voting mechanisms.

¢ Naive Bayes (NB): A probabilistic classifier based on Bayes’ theorem with high suitabil-
ity to datasets with small samples due to its simplicity and computational efficiency.

¢ Adaptive Boosting (AB): An ensemble technique that combines multiple weak learners,
typically DTs, by iteratively focusing on incorrectly classified instances. It improves
accuracy by weighting models and examples adaptively during training.

*  Gradient Boosting (GB): An ensemble learning algorithm that builds models sequen-
tially, where each new weak learner, usually a decision tree, is trained to correct the
errors made by the previous models. It combines these learners to improve predictive
accuracy and reduce overall prediction error.

e Artificial Neural Networks (ANNSs): With the capability to model intricate non-linear
relationships, this method is sensitive to the quantity and diversity of training data,
and data augmentation is highly beneficial.

e  Long Short-Term Memory (LSTM): A specialized type of recurrent neural network
designed to capture long-term dependencies and temporal patterns in sequential
data. LSTM is especially effective for modeling educational sequences and learning
trajectories over time.

The field of EDM has witnessed a substantial growth in research activities, with
numerous studies applying ML algorithms to analyze and predict various educational
outcomes. However, a notable challenge within EDM is the heterogeneity of approaches;
each study often works with a different dataset, specific to a particular institution, program,
or learning platform, and targets diverse objectives such as predicting academic success,
detecting at-risk students, or understanding learning behaviors [25]. As a result, the
features extracted, the preprocessing techniques applied, and the evaluation metrics vary
widely across studies. Moreover, due to differences in data characteristics and study goals,
different machine learning algorithms are found to perform better in different contexts,
with no universal consensus on a single best method. Some studies find SVM to be the most
effective, while others highlight the strength of DTs, RF, or ANNs, depending on the nature
of the data. This variability presents a significant challenge for developing generalized,
transferable predictive models within EDM [26]. In our study, we aim to address this
complexity by systematically investigating the impact of data augmentation on predictive
performance using diverse small educational datasets from different universities, domains,
and purposes of use. By applying consistent methodologies and critically comparing the
results before and after augmentation, we contribute to a better understanding of how to
enhance predictive modeling reliability despite the inherent variability across educational
data sources.

To ensure a fair and reliable comparison with the baseline results reported in the origi-
nal studies, the experimental conditions of the original works were reproduced as closely
as possible for each dataset. In particular, the same preprocessing procedures, train/test
splitting strategy, feature selection process, and hyperparameter settings reported in the
original studies were adopted when re-implementing the corresponding machine learning
models. The results obtained after applying data augmentation were then generated using
the same models and under the same experimental conditions, so that the main differ-
ence between the baseline and augmented experiments was the use of synthetic training
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samples. In addition, to reinforce the comparative analysis and provide a more consistent
evaluation across all datasets, we applied the same set of machine learning algorithms
to each dataset. Consequently, some classifiers included in our experiments were not
present in the corresponding original study. These additional models were introduced
to strengthen the evaluation framework and to better assess whether the effectiveness of
data augmentation depends on the classifier type. For these added models, the hyperpa-
rameters and implementation settings are explicitly described to ensure reproducibility
and transparency.

3.4. Performance Metrics

In this research, several performance metrics are employed to evaluate the effectiveness
of the machine learning models.

Accuracy: Accuracy represents the ratio of correctly predicted instances to the total
number of instances evaluated.

TP+ TN
TP+TN+FP+FN

Accuracy = 1)
Precision: Precision measures the proportion of true-positive predictions among all
instances classified as positive.

TP

P .. _
recision TP + FP

(2)
Recall: Recall, also known as sensitivity, indicates the proportion of actual positives
correctly identified by the model.

TP

Recall - m

)
F1 Score: The F1 score provides the harmonic mean of precision and recall, offering a
balanced assessment of model performance.
Precision x Recall

F1 Score =2 x Precision + Recall @)

where:

¢ TP (True Positive): Correctly predicted positive instances.

* TN (True Negative): Correctly predicted negative instances.

e  FP (False Positive): Incorrectly predicted positive instances.

¢  EN (False Negative): Incorrectly predicted negative instances.

Performance metrics in the EDM scenario, such as accuracy, precision, recall, and F1
score, are crucial to assess the efficiency of predictive models and interpret the implications
of their outputs. All of these metrics inform us about the potential performance of a
model, particularly in learning settings where predicting students at risk early is highly
critical [6]. Accuracy gives a general idea of model accuracy overall, but is deceptive in
imbalanced data that is common in education. Precision, by focusing on the proportion of
true-positive predictions to all predicted positives, helps minimize false alarms and ensures
interventions are directed towards students actually at risk. Recall, defined as the ability to
classify all actual positive instances accurately, is particularly precious to ensuring that no
underperforming student will be left behind. F1 score, being a harmonic mean of precision
and recall, is an equilibrated measurement when trade-offs among false positives and false
negatives have to be managed well. In educational settings, where punctual and accurate
interventions can become the determining element in student performance, relying solely
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on one measure is insufficient. Combined comprehension through multiple measures of
performance ensures that intervention strategies are effective as well as fair, eventually
contributing to enhanced learning results and institutional goals [9].

3.5. Research Framework and Workflow

In this section, the full discussion of experimental results attained using ML models
on the original and augmented datasets created using SMOTE and GANSs is provided.
It intends to compare how data augmentation—i.e., by means of ascertaining the best
between SMOTE and GANs—enhances model performance while working with small
educational datasets. To achieve a valid and fair comparison, we use the same performance
metrics as were employed in the original works, i.e., precision, recall, accuracy, and F1
score. By comparing pre- and post-augmentation performance, we demonstrate how the
data augmentation strategies help to improve predictive performance and allow for early
educational intervention.

1.  Original datasets obtained from Kabathova et al. [4], Zohair et al. [2], and
Hafdi et al. [6].

2. Application of data augmentation methods to generate enhanced datasets.

3. Implementation of the machine learning models as used in the original studies on
augmented datasets.

4.  Comparative analysis of model performance before and after data augmentation.

5. Selection of the best-performing model based on relevant performance metrics (accu-
racy, precision, recall, and F1 score), and selection of the best augmentation method.

Figure 1 illustrates the complete process.

Original Dataset

A

Apply Data Augmentation Strategies

A

Augmented Datasets

A

Apply ML Models

A

Select Best Model and Best Augmentation strategy

Figure 1. Study Framework and Workflow.

This structured approach ensures a rigorous comparative analysis to conclusively de-
termine the efficacy of data augmentation techniques in enhancing predictive performance
for small dataset.
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4. Results and Discussion

This section presents a holistic discussion of the experimental results that have been
attained through applying ML models on the original and on the augmented datasets.
The purpose is to compare the performance of data augmentation strategies, specifically
SMOTE and GAN:S, in enhancing model performance when dealing with small educational
datasets. For a fair and equal comparison, we use the same performance measures as
were utilized in the original works, i.e., accuracy, precision, recall, and F1 score. By
comparing the results before and after augmentation, we aim to demonstrate how synthetic
data generation contributes to improving predictive performance and facilitating early
educational interventions.

4.1. Prediction of Students” Academic Results

In the first referenced study by Zohair et al. [2], the authors investigated student per-
formance prediction using small datasets and evaluated several ML algorithms, including
KNN, SVM, NBs, LDA, and ANN. Their analysis was conducted on two different datasets.
The first dataset, which we refer to in our study as Dataset 1, focused on predicting final
grades for various course modules. The second, referred to in our work as Dataset 2, was
used to predict the dissertation grade in a master’s program. In terms of performance, the
authors reported that SVM achieved the highest accuracy scores, 69.7% and 76.3%, respec-
tively. These results serve as the benchmark for evaluating the impact of data augmentation
in our comparative analysis. To strengthen the generality of the comparative analysis, we
also included three additional machine learning methods that were not evaluated in the
original study, namely DT, LR, and AD. The experimental conditions of the original study
were preserved as much as possible, and these additional models were applied under
the same preprocessing and train/test split protocol. For the added classifiers, DT was
configured with max_depth = 2 for both datasets, the LR model was used in its default
configuration, and AD was trained with five estimators for Dataset 1 and 11 estimators for
Dataset 2. All three added models were implemented using a fixed random_state = 101. It
should also be noted that the original study used accuracy as the main evaluation metric
for selecting the best-performing model.

Figure 2 and Tables 2 and 3 illustrate a comparative analysis of model performance
across different data augmentation strategies namely SMOTE and GANs alongside the
baseline performance without augmentation, for Dataset 1 and Dataset 2. This comprehen-
sive evaluation sheds light on how data generation influences classification accuracy in
EDM contexts, particularly when dealing with imbalanced or limited datasets.

Table 2. Accuracy comparison across different augmentation techniques and ML algorithms
(Dataset 1).

Augmentation Type KNN SVM NB LDA ANN DT LR AB
SMOTE Augmentation 79.2% 63.9% 47.2% 42.4% 77% 66.7% 61.6% 62%
GAN Augmentation 61.8% 57.6% 34.7% 57% 56% 66.6% 53.5% 64%
No Augmentation 56.4% [2] 69.7%[2] 581%[2] 632%[2] 58.1%I[2] 655% 52%  52%

For Dataset 1, the original (non-augmented) results reported by Zohair et al. [2] indi-
cate that the SVM model achieved the highest accuracy at 69.7%, followed by LDA and NB.
However, once SMOTE augmentation was applied, KNN and ANN significantly improved
to 79.2% and 77%, respectively. DT, LR, and AD, which were not originally tested in the
reference study, also performed well with accuracies above 60%. Interestingly, the GAN
augmentation yielded mixed results; while some methods like DT and AD maintained
competitive accuracies (66.6% and 64%), others such as NB and ANN experienced perfor-
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mance drops compared to SMOTE and the baseline, indicating the potential challenges of
using GANSs for certain classifiers under this dataset’s characteristics. Nonetheless, GANs
still provided improvement over no augmentation in models like LR (from 52% to 53.5%)
and AD (from 52% to 64%).

Turning to Dataset 2, the non-augmented results once again highlight SVM as the
leading method with 76.3%, followed closely by LR and LDA at 75% and 71.1%. After
applying SMOTE, substantial performance gains were observed, especially for ANN (rising
from 60.5% to 92.8%) and KNN (from 65.8% to 78.6%). The DT and AB classifiers also
benefited from SMOTE, achieving 71.4% and 71.3%, respectively. In contrast, NB perfor-
mance decreased significantly with SMOTE. The GAN augmentation approach, on the
other hand, provided a more balanced outcome. Although it did not outperform SMOTE
in most models, it yielded high accuracies for LR (81.2%), LDA (75%), and DT/ANN (75%
each). Notably, NB accuracy rose to 62.5% with the GAN technique performing better
than SMOTE (35.7%), demonstrating that GANs may better preserve class structure for
certain classifiers.

Table 3. Accuracy comparison across different augmentation techniques and ML algorithms
(Dataset 2).

Augmentation Type KNN SVM NB LDA ANN DT LR AB

SMOTE Augmentation 78.6% 71.4% 35.7% 64.2% 92.8% 71.4% 714% 71.3%
GAN Augmentation 62.5% 68.7% 62.5% 75% 75% 75%  81.2% 56.25%
No Augmentation 65.8%[2] 763%[2] 711%I[2] 71.1%[2] 60.5%[2] 655% 75%  62.5%

Overall, the visualized comparison in Figure 2 confirms that data augmentation plays
a pivotal role in enhancing model performance when dealing with small or imbalanced
educational datasets. SMOTE generally produced more consistent and higher accuracy
boosts across most classifiers, especially in Dataset 2. However, GAN augmentation proved
to be a promising alternative, particularly for models like LR and LDA, and may be better
suited to complex feature-target relationships. These findings underline the importance of
selecting the appropriate augmentation technique based on the dataset and the classification
algorithm used.

100% 100%
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Figure 2. Accuracy comparison of data augmentation using the first and second datasets.

The experimental results derived from datasets reinforce the value and complexity
of data augmentation in EDM. For Dataset 1, SMOTE-based augmentation significantly
improved the performance of several models, particularly KNN and ANN, which rose to
79.2% and 77%, respectively, surpassing the original top-performing SVM (69.7%). The
newly added models DT, LR, and AB also demonstrated competitive results under SMOTE,
confirming the method’s efficacy in enhancing learning with imbalanced or limited samples.
However, the introduction of GAN-based augmentation led to more varied outcomes; while
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DT and AB maintained stable performance (66.6% and 64%), models such as SVM, NB,
and LDA suffered declines, suggesting that GAN-generated data may introduce feature
distributions not easily captured by all classifiers. These results support previous findings
by Zohair et al. [2], who emphasized the role of data quality and volume in determining
the reliability of predictions using models like SVM and LDA.

Dataset 2 further illustrated the contrast between augmentation strategies. SMOTE
led to the highest accuracy for ANN (85.7%) and KNN (78.6%), strongly outperforming
their baseline scores of 60.5% and 65.8%. GAN augmentation, in turn, showed promising
gains for linear models like LR and LDA achieving 81.2% and 75% respectively, while
causing accuracy drops in AB and SVM. This outcome aligns with prior studies such as
Riestra-Gonzélez et al. [11], which highlighted the strength of neural networks when
exposed to rich and balanced data, and findings from Bertolini et al. [20], who stressed
that algorithmic performance depends heavily on dataset characteristics and preprocessing
steps. The diverging results between SMOTE and GANSs underline the importance of
choosing augmentation methods tailored to the model type and data context. Overall,
while SMOTE delivered more stable improvements across models, GANs offered unique
advantages for specific classifiers, further reinforcing the idea that augmentation must be
strategically aligned with the target model and task.

4.2. Prediction of Student Dropout Using the Third Dataset

The third dataset, derived from the work of Kabathova et al. [4], centers on the early
prediction of student dropout within university level e-learning environments. In their
study, Kabathova et al. evaluated a range of machine learning classifiers using a compact
set of features readily available to course instructors, achieving promising accuracy rates
between 77% and 93% across different models. Their approach placed particular emphasis
on core performance metrics such as accuracy, precision, recall, and F1 score measures that
are especially pertinent in the context of small and imbalanced educational datasets. These
metrics established a robust benchmark for classifier reliability and model consistency,
and in this work, we adopt their results as a baseline to assess the impact and benefits of
data augmentation methods within our comparative framework. For this dataset, the ML
models were implemented under the same experimental conditions as those reported in
the original study, particularly regarding preprocessing, train/test splitting, and evaluation
metrics. To reinforce the comparative analysis, additional classifiers were also included
using fixed and transparent configurations. Specifically, KNN was implemented with
n_neighbors = 3, LDA was kept with its default configuration, and AB was trained with
n_estimators = 1. All remaining parameters were kept at their default values to ensure a
simple and reproducible comparison between the original and augmented datasets.

The first subfigure in Figure 3 and Table 4 present the accuracy comparison across
multiple machine learning models under the same three augmentation conditions:
No augmentation, SMOTE, and GAN-based augmentation. In the original study by
Kabathova et al. [4], LR and KNN achieved the best performance with 93% accuracy, while
DT and ANN reached 90% and 88%, respectively. With the introduction of SMOTE in our
pipeline, notable improvements were observed across nearly all models, particularly DT
and ANN, both reaching 99%, followed by RF and SVM at 97% and 96%, respectively. NB
also improved dramatically from 77% to 95%. Additionally, models not originally evaluated
in the study, such as AB, LDA, and KNN, were included to generalize the evaluation. These
also showed enhanced accuracy using SMOTE, demonstrating the technique’s effectiveness.
On the other hand, the use of GAN-based data augmentation revealed different trends.
Although GANSs also improved most model performances compared to the baseline, the
gains were generally less pronounced than with SMOTE. For instance, GANSs led to strong
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accuracies for DT (95%), NB (93%), and AB (95%), but RF dropped significantly to 77%.
Nonetheless, GAN augmentation still proved beneficial in several cases, such as for LDA
and LR, both maintaining accuracies above 91%. These results demonstrate that while
GAN:Ss are a promising alternative, their performance varies more depending on the model
and may require finer tuning to match the consistency of SMOTE in accuracy enhancement.

Table 4. Accuracy comparison across ML algorithms and augmentation strategies for the third dataset.

Augmentation Type DT RF SVM NB LR ANN KNN LDA AB
SMOTE Augmentation 99% 97% 96% 95% 93% 99% 98%  93%  96%
GAN Augmentation 95% 77% 92% 93% 92% 93% 90%  91.5% 95%

No Augmentation

90%[4] 92.5% [4] 92%[4] 77%[4] 93%[4] 88%[4] 93%  91%  88%
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Figure 3. Comparison for dropout prediction metrics (Dataset 3).

The precision results in Table 5 and the second subfigure in Figure 3 indicate that
SMOTE consistently yields the highest scores, particularly for ANN (99.8%), KNN (99%),
and DT (98%). This confirms SMOTE'’s strength in generating clean, distinguishable
synthetic samples for imbalanced classes. GAN augmentation, while less effective than
SMOTE in precision, still showed competitive results, especially with NB (93.7%), AB
(95.7%), and LDA (91.8%). It outperformed the original non-augmented precision in several
cases, such as LR (91.8% vs. 79%) and SVM (91% vs. 79%), showing its potential when
combined with appropriate models.

Table 5. Precision comparison across ML algorithms and augmentation strategies for the third dataset.

Augmentation Type DT RF SVM NB LR ANN KNN LDA AB
SMOTE Augmentation 98% 97% 97% 92% 91% 99.8%  99%  88%  94%
GAN Augmentation 96% 77% 91% 93.7%  91.8% 93.7%  90% 91.8% 95.7%

No Augmentation

71%[4]  86%[4] 79%[4] 93%[4] 79%[4] 86%[4] 93% 91% 88%

In terms of recall presented in Table 6 and the third subfigure in Figure 3, GANs
demonstrated exceptional performance across nearly all models, with scores reaching or
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exceeding 97.8% for DT, NB, LDA, and AB. Notably, RF and SVM achieved a perfect recall
of 99% under GAN augmentation, surpassing even the SMOTE and baseline results. These
findings suggest that GAN-augmented models are particularly effective at identifying
positive cases in dropout prediction, enhancing model sensitivity.

Table 6. Recall comparison across ML algorithms and augmentation strategies for the third dataset.

Augmentation Type DT RF SVM NB LR ANN KNN LDA AB
SMOTE Augmentation 98% 97% 96% 94% 97% 97% 97%  97%  98%
GAN Augmentation 97.8% 99% 9%  97.8%  97.8% 98% 97%  97.8% 97.8%

No Augmentation

98% [4] 96%[4] 96%[4] T72%[4] 98%[4] 89%[4] 95% = 94%  95%

The F1 score evaluated in the last subfigure in Figure 3 and in Table 7 further supports
these insights. While SMOTE again achieved the highest values across most models, with
ANN, DT, and KNN reaching the best score with 0.98, GAN augmentation also resulted
in robust and balanced scores. For example, AB and NB recorded an F1 score of 0.967
and 0.957, respectively, closely aligning with SMOTE-enhanced models. These consistent
results across recall and F1 metrics indicate that GANs are especially strong at achieving
balanced performance in classification tasks, making them a promising data augmentation
strategy alongside SMOTE.

Table 7. F1 Score comparison across ML algorithms and augmentation strategies for the third dataset.

Augmentation Type DT RF SVM NB LR ANN KNN LDA AB
SMOTE Augmentation 0.98 0.97 0.96 0.93 0.94 0.98 098 092 096
GAN Augmentation 0.967 0.867 0.95 0.957 0.947 0957 0937 0.947 0.967

No Augmentation

0.85[4] 091[4] 0.88[4] 0.82[4] 090[4] 0.88[4] 094 093 091

The comparison between our proposed approaches and the original work by Ka-
bathova et al. [4] demonstrates clear improvements across all major performance metrics,
showcasing the effectiveness of data augmentation strategies, particularly SMOTE and
GAN:Ss in enhancing dropout prediction using ML models. With SMOTE, models such as
DT and ANN reached 99% accuracy, significantly surpassing the original values of 90% and
88%, respectively. Even with GAN augmentation, these models retained high performance
levels (DT at 95%, ANN at 93%), validating the robustness of synthetic data in supporting
generalization from limited samples. Precision gains were especially notable; DT improved
from 71% to 98% with SMOTE, and maintained 96% with GANSs. Similarly, SVM and
RF saw consistent precision boosts, confirming SMOTE's effectiveness in managing class
imbalance. For recall, the GAN strategy stood out with superior results across many mod-
els, including RF (99%), SVM (99%), and LDA (97.8%), underscoring GANSs’ strength in
capturing all at-risk cases. These patterns were reinforced in the F1 scores, where models
like DT and NB attained 0.98 and 0.957, respectively, suggesting reduced false alarms.

These models demonstrated strong compatibility with augmentation techniques. Un-
der SMOTE, KNN achieved outstanding metrics—98% accuracy, 99% precision, 97% recall,
and an F1 score of 0.98—placing it among the top-performing models. AB also achieved bal-
anced performance across all metrics with SMOTE (96%, 94%, 98%, and 0.96, respectively)
and even more competitive results under the GAN strategy. LDA, while often considered
more limited in complex datasets, consistently delivered high recall (97%) and respectable
F1 scores (0.92 with SMOTE, 0.947 with GANSs), confirming its usefulness when combined
with data enrichment. These additions support the versatility and scalability of SMOTE
and GANSs as augmentation solutions across a wide range of algorithms.
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Our findings align with recent work in EDM. Cordovilla et al. [9] emphasized the im-
portance of preprocessing strategies like SMOTE in improving prediction with interpretable
models such as LR, which also showed reliable results in our study. Likewise, the study by
Gonzélez et al. [11] validated the strong performance of models like MLP (noted here as
ANN) and KNN when trained on structured and augmented LMS logs, echoing our results.
Notably, the inclusion of GANs in this study presents a new perspective, as few works in
EDM have integrated generative models into augmentation workflows. Although GANs’
impact varied across models, their success in boosting recall and producing balanced F1
scores signals a promising direction for future research. Overall, our work pushes forward
the agenda of augmentation-aware modeling pipelines for effective and early intervention
in educational systems.

4.3. Prediction of Students’ Academic Success in Programming Courses—Dataset 4

In this subsection, we present the comparative results obtained on the fourth dataset,
sourced from Hafdi et al. [6], which focuses on predicting student outcomes in founda-
tional coding modules at Hassan First University of Settat, Morocco. The dataset includes
200 records of second-year students and is characterized by a hybrid feature set that merges
academic performance from the first year with weekly behavioral observations collected
during practical sessions. Unlike previous datasets, this one addresses a multi-class clas-
sification challenge, where the targets (Algorithm and Programming 1, Algorithm and
Programming 2, and Data Structures, respectively noted Target 1, Target 2, and Target 3)
are categorized into three distinct risk or achievement levels according to institutional
standards. To robustly evaluate the impact of data augmentation under these challenging
conditions of limited and imbalanced data, we systematically compare the performance
of ML models trained with two prominent augmentation methods SMOTE and GANSs, as
well as a baseline scenario without augmentation. The results are reported across the key
classification metrics of accuracy, precision, recall, and F1 score for each of the three targets,
allowing for a comprehensive assessment of how different augmentation strategies can
enhance predictive modeling for multi-class educational outcomes. And as mentionned
earlier all the MLs methods run in the same conditions as original study (train/test split,
hyperparameters, etc.).

The analysis for Target 1 in the fourth dataset investigates the impact of two data
augmentation strategies SMOTE and GANSs, as well the no augmentation strategy, across
a broad spectrum of machine learning algorithms. The following discussion evaluates
performance in terms of accuracy, precision, recall, and F1 score, referencing the detailed
results provided in Tables 8-11 and the Figure 4.

Table 8. Accuracy comparison for Target 1 across ML algorithms and augmentation strategies.

Augmentation Type

KNN DT RF SVM LR AB GB ANN LSTM BN LDA

SMOTE Augmentation

GAN Augmentation

No Augmentation

73% 76% 79% 79% 83% 62% 82% 79% 82% 78% 75%

(6] (6] (6] (6] (6] (6] [6] [6] [6] [6]

69% 68% 68% 70% 64% 56% 64% 73% 75% 67% 67%
68% 71% 73% 71% 73% 66% 62% 78% 76% 71% 75%

(6] (6] (6] (6] (6] (6] (6] [6] [6] [6]

The accuracy results in Table 8 clearly demonstrate the advantage of SMOTE augmen-
tation, which consistently enhances classification performance across nearly all models.
Notably, LR achieves the highest accuracy (83%), followed closely by GB (82%), LSTM
(82%), RF (79%), and SVM (79%). In contrast, models trained on the original data (no
augmentation) generally achieve lower accuracy, with values most often in the low 70%
range. The GAN augmentation approach, while showing moderate success with some
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models (e.g., KNN and GB), underperforms in comparison to SMOTE, and in several cases,
delivers lower accuracy than the non-augmented baseline (for example, LR drops to 64%,
GB to 64%). These results indicate that, for this target, SMOTE is a more robust strategy for
improving model accuracy.

For precision presented in Table 9, SMOTE again delivers the highest scores for most
algorithms. LR (84%), GB (82%), and LSTM (83%) achieve the top results, reflecting a strong
reliability in positive predictions. Interestingly, some methods such as ANN and LSTM
perform similarly or better without augmentation, suggesting these algorithms either adapt
well to the original data or are less tolerant to synthetic data. GAN augmentation yields
mixed effects: LSTM and KNN achieve respectable precision (75%, 69%), while LR (54%)
and LDA (46%) see considerable decreases. Thus, while SMOTE consistently enhances
precision, GANSs’ benefit appears more algorithm-dependent.

Table 9. Precision comparison for Target 1 across ML algorithms and augmentation strategies.

Augmentation Type KNN DT RF SVM LR AB GB ANN LSTM BN LDA
73% 77% 82% 80% 84% 65% 82% 80% 83% 79% 75%
SMOTE A tati
gmentation 4] [6] [6] [6] [6] [6] [6] [6] [6] [6] [6]
GAN Augmentation 79% 60% 69% 79% 54% 78% 75% 81% 82% 78% 46%
No Augmentation 79% 68% 82% 80% 81% 59% 75% 85% 83% 58% 68%
8 [6] [6] [6] [6] [6] [6] [6] [6] [6] [6] [6]

Recall analysis using Table 10 underscores SMOTE'’s strength in identifying positive
cases. With SMOTE, LR (84%), GB (83%), and LSTM (83%) attain the highest recall, confirm-
ing their ability to identify a greater share of true positives. GAN augmentation produces
competitive recall in DT (78%), RF (77%), and BN (70%), but results are considerably
weaker for methods such as AB (42%), GB (43%), and LDA (45%). Without augmentation,
recall values remain moderate (peaking at LDA: 63% and LSTM: 62%). These findings
affirm that SMOTE reliably improves recall, while GANs’ effect varies more significantly
across algorithms.

Table 10. Recall comparison for Target 1 across ML algorithms and augmentation strategies.

Augmentation Type KNN DT RF SVM LR AB GB ANN LSTM BN LDA
74% 78% 80% 81% 84% 63% 83% 81% 83% 79% 77%
SMOTE A tati
ugmentation - yq) [6] [6] [6] [6] [6] [6] [6] [6] [6] [6]
GAN Augmentation 48% 78% 77% 59% 57% 42% 43% 52% 52% 70% 45%
50% 61% 53% 57% 61% 58% 43% 54% 62% 60% 63%

No Augmentation

(6]

(6] (6] (6] (6] (6] (] (6] [6] [6] (6]

Table 11. F1 Score comparison for Target 1 across ML algorithms and augmentation strategies.

Augmentation Type KNN DT RF SVM LR AB GB ANN LSTM BN LDA
0.73 0.77 0.81 0.81 0.84 0.61 0.83 0.80 0.83 0.79 0.76
SMOTE A tati
Hgmentation e [6] [6] [6] [6] [6] [6] [6] [6] [6] [6]
GAN Augmentation 0.46 0.61 0.66 0.59 0.53 0.38 0.42 0.50 0.50 0.72 0.45
047 0.62 0.56 0.66 0.57 0.57 0.41 0.53 0.67 0.58 0.64

No Augmentation

[6]

[6] (6] (6] (6] (6] (6] [6] [6] [6] [6]

When considering the F1 score detaied in Table 11, the SMOTE technique again yields
the most impressive results. The highest F1 scores are seen for LR (0.84), GB (0.83), LSTM
(0.83), and ANN (0.80) under SMOTE. GAN augmentation produces moderate F1 scores for
BN (0.72) and DT (0.61), but generally lags behind, especially for AB (0.38), GB (0.42), and
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LDA (0.45). The non-augmented models rarely surpass an F1 score of 0.67. These patterns
support the conclusion that SMOTE consistently provides the greatest improvement in
model performance for this educational multiclassification task, while GAN-generated data
may require further optimization to reach comparable results.
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Figure 4. Comparison for Target 1 across ML algorithms and augmentation strategies.

In summary, the comparative analysis reveals that the combination of the SMOTE aug-
mentation strategy with LR, LSTM, and GB yields the most effective results for predicting
Target 1. These models consistently achieve the highest scores across all key performance
metrics—accuracy, precision, recall, and F1 score—when trained on data enhanced by
SMOTE. This finding underscores the suitability of these algorithms, particularly when
paired with robust oversampling, for multi-class classification tasks in EDM scenarios.

The evaluation of Target 2 in the fourth dataset examines the effectiveness of data
augmentation strategies applied to the same set of machine learning algorithms as Target 1.
The detailed results are presented in Tables 12-15 and visualized in Figure 5. The analysis
covers performance across accuracy, precision, recall, and F1 score, providing a clear

perspective on the most robust approaches for this multi-class prediction task.

Regarding accuracy in Table 12, SMOTE augmentation consistently boosts classifica-
tion performance for all models. SVM and LSTM reach the highest accuracy (86%), with
ANN and BN close behind at 83%. The non-augmented baseline lags, with most scores in
the 60-70% range, peaking at 78% for ANN and LSTM. GAN augmentation underperforms
relative to SMOTE and the baseline, with the best accuracy for BN (73%) and LSTM (68%).

This reinforces SMOTE’s strength in enhancing the predictive accuracy of machine learning
models for Target 2.

Table 12. Accuracy comparison for Target 2 across ML algorithms and augmentation strategies.

Augmentation Type KNN DT RF SVM LR AB GB ANN LSTM BN LDA
. 79% 77% 79% 86% 71% 77% 75% 83% 86% 83% 76%
SMOTE Augmentation
& [6] [6] [6] [6] [6] [6] [6] [6] (6] [6] [6]
GAN Augmentation 56% 52% 52% 61% 56% 45% 50% 62% 68% 73% 53%
No Augmentation 63% 59% 72% 68% 68% 61% 68% 78% 78% 66% 69%
& [6] [6] [6] [6] [6] [6] [6] [6] (6] [6] [6]
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When examining precision in Table 13, SMOTE once again demonstrates superiority,
especially with SVM and LSTM (both 86%), and ANN and BN (83%). In contrast, models
without augmentation show more variability, with only a few surpassing 80% (LSTM, 92%;
GB, 89%; AB, 75%). GAN-based augmentation provides moderate gains for SVM (75%), but
lags for most others; notably, LR (53%) and LDA (49%) see poor precision. These findings
suggest that GANs are not the appropriate augmentation technique to enhance precision.

Table 13. Precision comparison for Target 2 across ML algorithms and augmentation strategies.

Augmentation Type KNN DT RF SVM LR AB GB ANN LSTM BN LDA

. 80% 79% 78% 86% 72% 80% 75% 83% 86% 83% 76%
SMOTE A tat
ugmentation g [6] [6] [6] [6] [6] [6] [6] [6] [6] [6]
GAN Augmentation 68% 66% 66% 75% 53% 64% 61% 63% 72% 71% 49%
No Augmentation 75% 59% 75% 74% 74% 75% 89% 80% 92% 77% 66%
& [6] [6] [6] [6] [6] [6] [6] [6] [6] [6] [6]

Recall analysis using Table 14 further emphasizes the positive impact of SMOTE. SVM
(87%), LSTM (86%), and GB and BN (83%) all achieve high recall rates, demonstrating
excellent sensitivity for correctly identifying true cases. The recall for non-augmented
models is generally lower, peaking at LDA (61%) and ANN (60%), and even lower for
GAN-augmented models except for BN (77%) and LSTM (63%). These results highlight
that, for recall, SMOTE provides a decisive advantage.

Table 14. Recall comparison for Target 2 across ML algorithms and augmentation strategies.

Augmentation Type KNN DT RF SVM LR AB GB ANN LSTM BN LDA

79% 79% 80% 87% 73% 79% 77% 82% 86% 83% 77%

SMOTE A tati
ugmentation g [6] [6] [6] [6] [6] [6] [6] [6] [6] [6]
GAN Augmentation 42% 39% 39% 50% 49% 37% 36% 59% 63% 77% 47%
No Auementation 50% 52% 48% 53% 53% 49% 37% 60% 58% 57% 61%
& [6] [6] [6] [6] [6] [6] [6] [6] [6] [6] [6]

In terms of the F1 score presented in Table 15, SMOTE leads again, yielding the top
results for SVM (0.87), LSTM (0.86), ANN and BN (0.83%), and KNN (0.79). Without
augmentation, F1 scores are mostly below 0.63, while GAN augmentation only provides
competitive F1 results for BN (0.72) and LSTM (0.64). For most other methods, GANs remain
noticeably inferior to the baseline. This consistent trend confirms SMOTE'’s effectiveness in

balancing precision and recall.

Table 15. F1 Score comparison for Target 2 across ML algorithms and augmentation strategies.

Augmentation Type KNN DT RF SVM LR AB GB ANN LSTM BN LDA

0.79 0.77 0.78 0.87 0.71 0.78 0.75 0.83 0.86 0.83 0.77

SMOTE A tati
Hgmentaton e [6] [6] [6] [6] [6] [6] [6] [6] [6] [6]
GAN Augmentation 0.38 0.35 0.35 0.44 0.48 0.32 0.30 0.59 0.64 0.72 0.43
No Auementation 0.43 0.53 0.45 0.53 0.54 0.42 0.33 0.61 0.63 0.54 0.61
& [6] [6] [6] [6] [6] [6] [6] [6] [6] [6] [6]

Overall, the results clearly indicate that SMOTE augmentation, when combined with
SVM, LSTM, and ANN, offers the best predictive performance for Target 2, reinforcing its
value for multi-class academic outcome prediction in EDM.
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Figure 5. Comparison for Target 2 across ML algorithms and augmentation strategies.

The evaluation of Target 3 explores the comparative effectiveness of augmentation
strategies across multiple MLs algorithms. The comprehensive results, presented in
Tables 16-19 and Figure 6, shed light on the best approaches for multi-class academic

performance prediction in coding courses.
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Figure 6. Comparison for Target 3 across ML algorithms and augmentation strategies.

For accuracy detailed in Table 16, SVM stands out as the top performer under SMOTE
augmentation, achieving 88%, followed closely by LSTM (86%) and ANN (81.5%). The
accuracy for most models under SMOTE is comparable or superior to the non-augmented
baseline, except for KNN and LR, where non-augmented data achieves higher scores (78%
for KNN and 84% for LR). GAN augmentation provides moderate accuracy, with the
highest being 80% for LSTM, 77% for ANN and LDA, and 76% for BN, though overall it
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does not surpass SMOTE or the baseline in most cases. These trends indicate that SMOTE
is the most robust augmentation strategy for boosting accuracy in this multi-class setting.
Table 16. Accuracy comparison for Target 3 across ML algorithms and augmentation strategies.

Augmentation Type KNN DT RF SVM LR AB GB ANN LSTM BN LDA

SMOTE Augmentation
GAN Augmentation

No Augmentation

72%  68%  73%  88%  79%  74%  74%  815%  86%  80%  78%
[6] [6] [6] [6] [6] [6] [6] [6] [6] [6] [6]
75%  70%  70%  75%  68%  71%  66%  77%  80%  76%  77%
78%  69%  73%  77%  84%  67%  73%  84%  80%  67%  80%
[6] [6] [6] [6] [6] [6] [6] [6] [6] [6] [6]

When considering precision in Table 17, SMOTE again delivers the highest values
for SVM (88%), LSTM (85%), ANN (83%), and BN (81%). GAN augmentation, however,
achieves notable precision for KNN (83%), RF (80%), and LSTM (80%), while significantly
underperforming for LR (48%) and GB (47%). The baseline models exhibit very high
precision for ANN (93%), GB (91%), ANN (93%), and LSTM (83%). This indicates that
while SMOTE generally provides superior precision, models applied to the original dataset
can be competitive for certain algorithms but are inconsistent overall.

Recall results presented in Table 18 reinforce SMOTE’s effectiveness, with SVM (88%),
LSTM (85%), and ANN (82%) again achieving the highest scores. GAN augmentation is
strongest for LSTM (74%), ANN (69%), and BN (78%), but overall recall remains lower than
SMOTE, except for BN where GANSs attain their highest value (78%). The baseline shows
substantially lower recall for most models, with only LDA (59%) and LSTM (67%) reaching
moderate scores. These findings confirm that SMOTE is most reliable for maximizing the

identification of true positives.

Table 17. Precision comparison for Target 3 across ML algorithms and augmentation strategies.

Augmentation Type

KNN DT RF SVM LR AB GB ANN

LSTM BN LDA

SMOTE Augmentation
GAN Augmentation

No Augmentation

1%  70%  75%  88%  80%  73%  77%  83%  85%  81%  79%
[6] 6] (6] (6] (6] [6] (6] [6] [6] [6] [6]
8%  67%  80% 8%  48%  80%  47%  83%  80%  72%  73%
65%  50%  91% 8%  84%  50%  91%  93%  83%  61%  62%
[6] [6] [6] [6] [6] [6] [6] [6] [6] [6] [6]

Table 18. Recall comparison for Target 3 across ML algorithms and augmentation strategies.

Augmentation Type KNN DT RF SVM LR AB GB ANN LSTM BN LDA
70% 68% 73% 88% 79% 73% 74% 82% 85% 80% 78%
SMOTE Augmentation
& [6] [6] [6] [6] [6] [6] [6] [6] (6] [6] [6]
GAN Augmentation 63% 56% 52% 71% 51% 65% 50% 69% 74% 78% 75%

No Augmentation

50%  50%  33%  53%  63%  55%  33%  63%  59%  67%  59%
[6] [6] [6] [6] [6] [6] [6] [6] [6] [6] [6]

Finally, the F1 score in Table 19 shows that SMOTE continues to provide the leading re-
sults, with SVM (0.88), LSTM (0.85), ANN (0.82), and BN (0.80) attaining the highest values.
GAN augmentation offers good F1 performance for LSTM (0.77), ANN (0.72), and LDA
(0.74), but generally lags behind SMOTE. The non-augmented strategy, while occasionally
strong (e.g., ANN, 0.70), does not consistently match the performance achieved through the
SMOTE technique. This pattern underscores SMOTE’s consistent and substantial advantage
in overall predictive performance for Target 3.
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Table 19. F1 Score comparison for Target 3 across ML algorithms and augmentation strategies.

Augmentation Type KNN DT RF SVM LR AB GB ANN LSTM BN LDA
0.70 0.68 0.73 0.88 0.79 0.73 0.74 0.82 0.85 0.80 0.78
SMOTE Augmentation
& [6] [6] [6] [6] [6] [6] [6] (6] (6] (6] [6]
GAN Augmentation 0.67 0.57 0.49 0.71 0.49 0.69 0.48 0.72 0.77 0.73 0.74
0.53 0.50 0.38 0.53 0.69 0.49 0.38 0.70 0.54 0.60 0.60

No Augmentation

[6]

[6] (6] (6] (6] (6] (6] [6] [6] [6] [6]

In summary, across all metrics, the combination of SMOTE augmentation with SVM,
LSTM, and ANN models proves most effective for Target 3, reinforcing the superiority of
SMOTE for multi-class student performance prediction in EDM.

The results of the comparative analysis across all three targets in the fourth dataset
provide important insights into the relative strengths of different machine learning models
and data augmentation strategies for multi-class educational prediction tasks. Notably,
models such as LSTM, SVM, and ANN consistently rank among the top performers,
particularly when combined with SMOTE augmentation. For each target, these models
achieve leading scores in accuracy, precision, recall, and F1 score, demonstrating their
strong capability to learn complex patterns in educational data, especially when class
imbalance and limited data size are addressed through robust augmentation techniques.
LSTM'’s recurrent architecture appears especially well-suited for capturing sequential or
behavioral trends, while SVM and ANN offer reliable classification boundaries and flexible
feature learning, respectively. The ensemble models, such as GB, also show competitive
results for certain targets, but overall, the superiority of LSTM, SVM, and ANN is clear.
These findings confirm that, for multi-class prediction in educational settings, leveraging
deep learning and advanced augmentation such as SMOTE yields the most reliable and
generalizable performance, suggesting a strong direction for future research and practical
applications in early student success identification.

These findings are further corroborated by the comprehensive study conducted by
Hafdi et al. [6], which rigorously evaluated the effectiveness of SMOTE-based data aug-
mentation in multi-class and binary classification contexts for early prediction of student
performance. Their research demonstrated that SMOTE consistently enhances the per-
formance of various machine learning algorithms—mirroring the results observed in our
experiments, and confirmed the statistical significance of these improvements using robust
statistical validation methods such as f-tests. By systematically comparing the augmented
and original datasets, Hafdi et al. established that SMOTE enables early detection of at-risk
students with higher reliability, thus reinforcing its suitability and efficacy as a data aug-
mentation technique within EDM. The alignment of our results with those of Hafdi et al. [6]
provides additional confidence in recommending SMOTE as a preferred augmentation
strategy for predictive analytics in the educational domain.

The comparative analysis of our experiments across four diverse educational datasets
yields several key insights regarding the efficacy of data augmentation techniques and
model selection in EDM tasks.

For Dataset 1, the combination of SMOTE with KNN (79.2%) and ANN (77%) delivered
the highest accuracy, notably surpassing the original baseline and the GAN-augmented re-
sults, with GANs generally failing to outperform the non-augmented scenario. In Dataset 2,
SMOTE again demonstrated clear superiority, driving ANN accuracy to 92.8% an im-
provement of more than 30% compared to the baseline while KNN also benefited (78.6%).
Here, GANS’ best outcome (75% with LR) did exceed the original dataset but still lagged
behind SMOTE.
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Turning to Dataset 3, SMOTE consistently yielded remarkable results, achieving
99% accuracy and an F1 score of 0.98 with ANN, and 98% accuracy with KNN. GAN
augmentation also surpassed the baseline with DT and AB (both at 95%), and produced
strong precision, recall, and F1 metrics for select models. However, these gains of the GAN
strategy make it promising in other scenarios and necessitate further research.

For the fourth dataset involving multi-class prediction in coding courses, the trends
held firm. For Target 1, LR and LSTM, when paired with SMOTE, reached the best results,
while GAN augmentation generally led to performance declines relative to the baseline,
except in a few isolated cases. In Target 2, SVM and LSTM (both 86% accuracy and F1 scores
of 0.87 and 0.86, respectively) clearly benefited from SMOTE, while GANs mostly resulted
in lower metrics, except for a minor increase with BN. Regarding Target 3, SMOTE once
more dominated, with SVM leading, followed by LSTM, and an overall stable performance
increase across all methods. GAN augmentation surpassed the baseline in select cases
(LSTM, BN, and LDA), but its impact remained inconsistent and model-dependent.

Despite the growing popularity of GANSs for synthetic data generation in many do-
mains, our results highlight important limitations when applying GANs to EDM tasks.
Firstly, GANs typically require large amounts of data to train effectively, whereas most
EDM applications are constrained by small, highly structured datasets. This often leads
to unstable training, mode collapse, or the generation of synthetic samples that poorly
capture the true data distribution. In our experiments, the GAN-augmented strategy often
resulted in decreased or inconsistent performance across most ML models, particularly in
precision and recall metrics. Additionally, GAN-generated data can introduce artifacts or
unrealistic patterns that do not reflect genuine student behaviors, thereby undermining
model interpretability and reliability, both of which are essential in sensitive educational
contexts. Consequently, while GANs offer potential for complex and high-dimensional
data domains, their application to small-scale, tabular, and highly contextualized EDM
datasets remains challenging and unreliable.

In summary, the experimental findings establish SMOTE as the most reliable and
effective augmentation strategy for small and imbalanced educational datasets, due to
its ability to generate synthetic samples that bridge minority and majority classes while
preserving original data structure. GANs, while promising in theory, were generally less
effective in the constrained and tabular EDM setting, producing less stable improvements
and often underperforming compared to SMOTE. Collectively, this study provides a broad
and generalizable overview of data augmentation and model selection for student outcome
prediction in EDM, especially for institutions or researchers working with limited or
imbalanced datasets and seeking robust, early identification of at-risk students across
varying educational environments.

4.4. Statistical Validation Using Paired t-Test

To further validate the robustness of the reported performance improvements and to
ensure that the observed gains were not only due to a favorable random train/test split
or random initialization, we added a statistical validation step based on a paired t-test.
This analysis was conducted on the best-performing model identified for each dataset. For
each selected model, the experiment was repeated five times under the same preprocessing,
augmentation, training, and evaluation conditions, while changing only the random seed
used for the data split and model initialization when applicable. This allowed us to observe
the stability of the model performance across different random configurations.

For each dataset, we compared the performance of the best model trained using
the augmented training data with the corresponding baseline model. The paired t-test
was applied because the baseline and augmented results were obtained under matched
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experimental conditions using the same sequence of random seeds. Therefore, each baseline
result was directly paired with its corresponding augmented result. The purpose of this
test was to examine whether the improvement obtained after data augmentation was
statistically meaningful rather than being only the result of random variation.

This statistical validation was repeated for the best-performing method of each dataset.
The obtained results provide additional evidence about the stability of the selected models
and their ability to capture meaningful predictive patterns from the educational features
rather than relying on random effects. However, given the small size of the datasets and
the limited number of repeated runs, the statistical test is interpreted as a complementary
validation step.

The paired t-test results further support the stability of the best-performing SMOTE-
augmented models across repeated runs. Since accuracy was the common metric reported
across the original studies, it was selected for this statistical comparison. For Dataset 1, the
KNN model with SMOTE augmentation achieved the best accuracy compared with both the
original baseline and the GAN-augmented results. The paired ¢-test yielded a t-statistic of
—24.65 and a p-value of 1.61 x 10~°, indicating a statistically significant improvement. For
Dataset 2, the ANN model with SMOTE augmentation showed the strongest performance,
with a t-statistic of —28.61 and a p-value of 8.88 x 107°. Similarly, for Dataset 3, the
ANN model with SMOTE augmentation outperformed the corresponding baseline and
GAN-based augmentation, with a t-statistic of —14.52 and a p-value of 1.31 x 10~%. For
Dataset 4, the statistical validation was conducted separately for each prediction target.
For Target 1, the LR model with SMOTE augmentation achieved the best performance,
with a t-statistic of —20.12 and a p-value of 3.60 x 10~°. For Target 2, the SVM model with
SMOTE augmentation obtained a t-statistic of —57.67 and a p-value of 5.41 x 10~7. For
Target 3, the SVM model again achieved the best SMOTE-augmented performance, with a
t-statistic of —32.86 and a p-value of 5.11 x 10~°. In all cases, the p-values are well below
the conventional significance threshold of 0.05, suggesting that the observed improvements
are unlikely to be due only to random splitting or random initialization. The negative sign
of the t-statistics reflects the direction of the comparison according to the subtraction order
used in the paired test; in practical terms, the results indicate that the SMOTE-augmented
models consistently achieved higher accuracy than their corresponding baselines across
the repeated runs.

5. Conclusions

This research contributes to the field of Educational Data Mining (EDM) by exam-
ining the potential of data augmentation techniques to improve early academic outcome
prediction in small and imbalanced educational datasets. The findings suggest that data
augmentation can improve the predictive performance of machine learning models in
several educational contexts, particularly when SMOTE is used. Compared with GAN-
based augmentation, SMOTE generally produced more stable and consistent improvements
across datasets and classifiers. This can be explained by the fact that SMOTE generates
synthetic samples through interpolation between existing minority-class instances, which
helps preserve the local structure of small tabular datasets. In contrast, GAN-based aug-
mentation showed more mixed results, probably because GANs usually require larger
datasets to learn stable data distributions and may generate less reliable samples when
applied to small, structured, and highly contextual educational data.

The results also show that the benefit of data augmentation is not uniform across
all models. Some classifiers, such as KNN, ANN, LR, and SVM, benefited more clearly
from SMOTE in specific datasets or target variables, while other models showed limited or
inconsistent improvements. This indicates that the effectiveness of augmentation depends
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on several factors, including dataset size, class distribution, feature characteristics, target
variable, classifier type, and evaluation protocol. Therefore, data augmentation should not
be considered a universally effective solution, but rather a strategy that must be carefully
adapted to the characteristics of each educational prediction task.

To further validate the observed improvements, a paired t-test was added using five
repeated runs with different random seeds for the best-performing SMOTE-augmented
models. Accuracy was selected for this validation because it was the common metric
reported across the original studies. The statistical results supported the stability of the
best SMOTE-based improvements. These results suggest that the improvements obtained
with SMOTE are unlikely to be due only to random splitting or random initialization.
Nevertheless, these statistical tests should be interpreted as complementary validation,
given the limited size of the datasets and the small number of repeated runs.

Despite these promising findings, several limitations should be acknowledged. First,
the study relies on previously published datasets, and although the original experimental
conditions were reproduced as closely as possible, differences between datasets in terms
of institutional context, student population, features, target variables, and data collection
procedures limit the generalizability of the findings. Second, the small size of the datasets
remains a central challenge, especially for complex generative methods such as GANSs.
Third, the evaluation focused mainly on standard classification metrics, while future work
could include additional validation strategies, interpretability analysis, and external testing
on independent datasets.

Future research could explore more advanced and context-aware augmentation strate-
gies, including ensemble-based augmentation, hybrid SMOTE variants, and improved
generative models designed specifically for small tabular educational datasets. In addition,
integrating richer behavioral data, such as LMS activity logs, clickstream patterns, submis-
sion behavior, and engagement indicators, may provide deeper insights into student learn-
ing processes. Finally, validating the proposed approaches across larger multi-institutional
datasets would help develop more generalizable and scalable predictive models for early
identification of at-risk students in diverse academic environments.
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