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Abstract
In recent years, the rapid expansion of Virtual Learning Environments (VLEs)and online education
platforms has significantly transformed higher education.These education setups have introduced
new challenges for example increased student attrition and disengagement. Predicting student per-
formance within these digital frameworks is essential to enabling timely interventions and improving
academic outcomes. This research addresses the prediction of high risk students by leveraging the
Open University Learning Analytics Dataset (OULAD) that comprises demographic, assessment,
and detailed engagement data for over 32,000 students. Recognizing gaps in the literature, this study
develops a robust ensemble based machine learning pipeline with Particle SwarmOptimization(PSO)
as a feature selection strategy. The results demonstrate that PSO reduced the feature space by ap-
proximately 40% while maintaining high predictive performance (F1 ≈ 0.937, AUC ≈ 0.980) in
comparison to Gini importance and Factor Analysis of Mixed Data(FAMD). Overall 94% accuracy
and AUC scores near 0.981 is achieved that is comparable to advanced deep learning benchmarks.
The inclusion of SHAP analysis improves the interpretation of the proposed scheme. This work con-
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tributes a balanced, explainable framework for educational early warning systems thereby, bridging
methodological gaps in comparative feature selection techniques and offering practical insights for
scalable deployment in online learning contexts.

Keywords: Virtual Learning Environments (VLEs), Student Academic, Learning Analytics, Ma-
chine Learning in Education, PSO,Explainable AI

1. INTRODUCTION

The world has seen an enormous shift of education to online and virtual environments in the past 5 years
in post COVID scenarios. The effectiveness of VLE and MOOCS emerged as game changer and offered
opportunities to students and instructors to learn regardless of their geographical locations. These VLE
have produced a large amount of data that can be mined to provide insights about the learning capabilities
of students and offer various new avenues to the educational institutions, instructors to adapt the courses
and personalize the learning experience for the students. Recently researches showed that machine learning
models can be effectively utilized to monitor the dropout and delayed graduation causes [1].

Jine et al. (2024) [2], systematically reviewed the use of deep and machine learning based models in
forecasting academic outcomes of the students. ML based learning analytics tool mine the student datasets
comprising of student demographic details, assessment and behavior pattern of students . The tools can aid
the instructors to monitor the student progress and can help in identification of students who may require
an early intervention in improvement of the learning experience [3]. Learning analytics dashboards further
support this process by helping instructors monitor progress and identify students who may require early
support [4].

The early warning systems based on these analytics can help teachers to personalize the learning experience
of the students thereby improving the student retention rate and offering equal learning opportunities. Bad-
shah et al. (2023) [5], has shown the effective utilization of IoT with AI technologies in digital classrooms.
Neural Network based educational prediction systems can effectively capture large scale student behavior
patterns [6].

Open University Learning Analytics Dataset (OULAD) consists of data related to demographics, engage-
ment factors and assessments. If an efficient feature selection method is not applied, this could result in
overfitting, higher processing costs, and decreased interpretability. Models like Random Forest and Artifi-
cial Neural Networks have been investigated in earlier researches Al-Zawqari et al. (2022) [7]. However,
a comprehensive evaluation across various feature selection techniques and predictive algorithms in similar
settings not reported. Moreover, while deep learning models can achieve strong predictive accuracy [3],
their “black box” nature limits transparency, making them less suitable for educational settings where
interpretation and actionable insights are essential. This indicates the need for analysis of different feature
selection techniques in combination with machine learning models to evaluate the improvement in the
accuracy and interpretation of student outcome predictions in VLEs [7].

We have conducted systematic comparison of Particle Swarm Optimization, Gini Importance and Factor
Analysis of mixed data (FAMD). Different machine learning models including Random Forest (RF), Logis-
tic, Gradient Boosting (GB) Regression (LR) and Artificial Neural Network (ANN) coupled with ensemble
configurations are proposed. These approaches are evaluated utilizing F1 Score, AUC, Precision, Recall
and Accuracy. These results emphasize the application of diverse strategies for feature selection and an
ensemble-based method while seeking a compromise among accuracy, interpretability, and scalability.
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The results encourage the creation of educational early warning systems that are not only highly predictive
but can also be explained and efficiently computed to be applied to real-world conditions.

1.1 Research Contributions

This study has contributed to the field of learning analytics and education data mining, the key points are
listed below.

• This work comprehensively compared the competitive feature selection techniques including PSO,
Gini Impurity and FAMD thereby fill research gap identified in the recent literature

• This research has proposed feature engineering methodology by integrating data related to demograph-
ics, assessments, inspired by the requirements of the learning analytics dashboard

• It evaluates multiple machine learning models, including RF, GB, LR, and ANN, along with ensem-
ble approaches, demonstrating that high predictive performance (F1 ≈ 0.938, AUC ≈ 0.981) can be
achieved while maintaining model interpretability.

• Inclusion of SHAP-based explainability to highlight the contribution of each feature, supporting trans-
parent decision-making in educational environments.

2. LITERATURE REVIEW

Massive online open courses (MOOCs) and virtual learning environments (VLEs) have contributed to
the generation of student behavioral and academic data due to the influx of digital transformation in the
higher education sector. Interpretation of data using machine learning (ML) and data analytics can be
used to improve the identification of risk students at an early stage and to improve the personalization
of interventions. Recent studies highlight that learning analytics dashboards can help instructors monitor
student progress more effectively and identify learners who may need support [4].

Predictive analytics has become a strategic concern as learning institutions seek to manage an increasing
student diversity, as well as massive online enrollments. There is a growing trend in literature around the
use of supervised ML models to characterize students according to their probability of success or likelihood
of failure, which can be used for instructor and administration intelligence.
This literature review is a systematic review on the state of the art in predicting student performance interest
in strategies of feature selection, machine and deep learning models and their application on highly used
educational data sets such as OULAD. The literature review discusses the Datasets utilized in educational
dataminingwith special focus onOULADdataset followed by recent studies in the domain related to various
feature selection techniques. Finally various advancements of machine learning and deep learning models
utilized in educational analytics and student performance are elaborated. The related work is designed in a
way to highlight the research gaps addressed in this study.

2.1 Datasets in Predicting Student Performance

Predictive analytics in education relies heavily on rich multidimensional datasets that capture not only stu-
dents’ demographic profiles but also their behavioral interactions within learning platforms. Among various
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datasets used in the literature, the Open University Learning Analytics Dataset (OULAD) has emerged as a
benchmark, frequently employed in studies due to its comprehensive scope and availability.

2.1.1 The OULAD dataset

T Kuzilek et al. (2017) [8], introduced the OULAD Dataset. It is a large-scale open dataset derived from
the virtual learning system of UK Open University. It consists of 32,593 student records in 22 courses. It
includes demographic information, assessment results, and the VLE clickstream data.

Recent studies have utilized the OULAD for building and validating learning predictive models:

• Jin et al. (2024) [2], reviewed theML based education predictive models utilizing the OULAD dataset.

• Torkhani and Rezgui (2025) [9], used machine learning as well as deep. learning paradigms on
OULAD MOOC subset and gaining better than 94 per cent accuracies.

• Rasheed et al. (2025) [10], studied scaled optimized data pipelines. analysis with OULAD, and its
robustness in the face of heavy query loads.

• Al-Azawei (2022) [7], analyzed tasks based on point-wise category prediction upon OULAD, and
gave their highest accuracy of 93.28% in drawing the line between ‘Withdrawn’ ratio(s): out of pass
students by random forest. They also achieved 88.95% because of Analysis of Network (ANN), it is
used as for ‘Distinction vs Fail’ using ANN. This study serves as a baseline for the present research,
which extends to multi-class prediction using advanced feature engineering, feature selection, and
ensemble approaches.

These papers highlight the flexibility of OULAD towards algorithm experimentation and deployment issues.
There are other datasets such as the UCI Student Performance dataset and other institution-specific LMS
exports, which also feature in the literature, though they are usually less widespread and time-granular than
OULAD.

Based on such precedents, theOULADdataset is used in this research; it is a combination of all demographic,
assessment, and clickstream tables. A lot of feature engineering was conducted and more than 70 features
were first generated, which were then filtered by using PSO, Gini importance and FAMD. This plan will
guarantee that the predictive models will be informed by the study of the entire profile and behavior of
each student as befitting and beyond previous strategies. In addition, Muhammad Adnan et al. (2021)
[11], highlighted the significance of time-based segmentation in student risk modeling according to which
predictions performed at different checkpoints in the course lifecycle may demonstrate different intervention
results. Their experiment showed that early warning systems using varying course lengths are useful in
enhancing agility of institutional response. This research builds upon that notion by aiming to enhance early
stage accuracy through comprehensive feature selection and high-resolution behavioral tracking from the
OULAD dataset.

2.1.2 Typical features explored

The typical features fall into three categories, including demographic, behavioral, and academic TABLE 1.

6017



https://www.oajaiml.com/ | August 2026 Umair Abbasi, et al.

Table 1: Typical Feature Categories Across Datasets
Feature Type Examples

Demographic Age band, gender, region, disabil-
ity, highest education level

Behavioral / Interaction Click counts, resource views, par-
ticipation frequency, session diver-
sity

Academic /
Performance

Past assignment scores, early as-
sessment grades, final exam results

A number of studies have been conducted to determine the predictive capability of demographic and engagement-
based features. Bilal et al. (2022) [12], showed that the metrics of learner behavior including the patterns
of clicks and the time of submitting assignments were closely related to student achievements. On the
same note, Muhammad et al. (2022) [13], processed VLE data using the Random Forest models and
emphasized the significance of assessment scores and attendance tracking to the F1-score performance.
The application of binary classification to categorize pass/fail results by background characteristics alone,
further streamlined by Idrrisu et al. (2023) [14], was used as a consequence of the need to incorporate richer
data of behavioral descriptions to perform effective modeling.

The more sophisticated researches tend to form composite measures of engagement and risk. The fact
that the highest education level is a variable of the highest importance, along with the importance of the
previous qualification, is emphasized in Adekitan and Noma-Osaghae (2019) [15], as the authors state that
these variables are important in predicting early academic success. They are useful given their inclusion in
the dimensionality reduction step because when they are filtered using either PSO or Gini based methods,
they may hold latent predictive information. For instance:

• Fazil et al. (2024) [16], developed weighted measures of engagement based on using a combination
of clicks and recency decay.

• This study also presented variables including total_clicks, interaction_diversity, weighted_score, and
engineered engagement ratios.

These predetermined features may be highly sensitive to the models in the face of those subtle decorations
of conduct that predict the development of academic decline. MOOC forum analysis shows that aspect-
basedmethods can extract meaningful insights from student feedback to help instructors respond to concerns
more quickly [17]. Consequently, Deepti Aggarwal et al. (2021) [18], established that the non academic
factors such as because motivation, self-discipline, and emotional resilience might have an important role in
influencing academic performance, provided they are modeled by the use of ensemble learning. Advanced
learning analytics frameworks show that the combination of behavioral patterns withmachine learningmeth-
ods can greatly improve prediction accuracy [19]. They point out the significance of computing behavioral
measures on cognitive measures, which is an addition to the multi-dimensional feature space developed in
the study.

2.2 Feature Selection Techniques in Predicting Student Performance

In order to minimize model complexity, overfitting, and improve generalization, feature selection is crucial.
Zhang et al. (2022) [20], offer a conceptual taxonomy of feature selection methods and divides them into
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filter, wrapper, and embedded (this study follows the latter approach based on the comparative analysis
of Gini importance (embedded), PSO (wrapper), and FAMD (reduction). Guyon & Elisseeff (2003) [21],
divides the methods of feature selection into filter, wrapper, and embedded, which has become a foundation
of the feature engineering theory. Their taxonomy guides the hybrid strategy adopted in this study in which
Particle Swarm Optimization (PSO) is a wrapper-based strategy, Gini importance is an embedded strategy,
and FAMD is an unsupervised and filter-based dimensionality reducer.

2.2.1 Importance of feature selection in educational data

Educational data particularly VLE-based data such as that of OULAD contain dozens of features which in-
cludes both demographic, behavioral as well as assessment features. Even though high-dimensional datasets
provide more valuable information, they are associated with the danger of overfitting, higher computational
cost, and less model interpretability.

2.2.2 Traditional and statistical feature selection

Filter-based FS techniques were vastly employed in previous studies thereby taking advantage of statistical
measures.

• Ahmed Habeeb (2023) [22], developed Sequential Feature Selection (D-SFS) that outperformed clas-
sical Sequential algorithm.They selected features through iterative refinement. Features were reduced
to only seven major variables with a prediction accuracy of 92.5% in VLE dropout predictions.

• Navin Kartik et al. (2024) [23], applied correlation-based feature selection (CFS) and information
gain. This work emphasized the usefulness of uni variate approaches in the educational settings.

• Gini importance, which is based on the tree-basedmodels similar to Random Forests,serve as a popular
metric. It measures the contributions of every feature.

In this research, Gini-based importance was directly tested in the research by taking the top 10 features of a
PSO-optimized Random Forest, which was later compared with other FS outputs.

2.2.3 Metaheuristic approaches

Recognizing the limitations of purely statistical filters, several studies have explored metaheuristic algo-
rithms such as Particle Swarm Optimization (PSO) and Genetic Algorithms (GA) to perform wrapper-based
feature selection:

• As it was shown by Apriyadi et al. (2022) [24], a combination of PSO and GA was much better
combined with SVR predictive accuracy in the case of prediction.

• A cross-border relationship between different nations of the international community are highlighted in
the article by Safira Begum& Sunita Padmanna (2022) [25]. They used Binary PSO (BPSO) in feature
selection that classified into a CNN feeder. Their hybrid framework has a classification accuracy of
96.6%, highlighting the effectiveness of the technique.
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• Kumari & Kumar (2023) [26], advanced this solution by proposing new rules of PSO updates that
showed an increase in the accuracy and recall compared to the baseline models.

PSO was also used in combination with Random Forest, which produced a subset of 43-features. The
performance results of (F1 ≈ 0.938, AUC ≈ 0.981)showed the ability of PSO in reduction of the
dimensions of the data without compromising on accuracy.

2.2.4 Dimensionality reduction

There are other dimensionality reduction techniques that includes:

• Factor Analysis of Mixed Data (FAMD) is a reduction method appropriate for both categorical
and quantitative characteristics. FAMD extends principal component analysis (PCA) and multiple
correspondence analysis (MCA) into a integrated structure, maintaining variance on mixed data types.

• Within the framework of educational data mining, dimensionality-sensitive methods such as FAMD
are inclined towards gaining attraction since they preserve structure and decrease themodel complexity
[27]. These methods help in early risk modeling and leads to faster convergence during training phase.

2.3 Machine Learning Approaches for Predicting Student Performance

Classical supervised machine learning classifiers are used to estimate student performance, that are easy to
interpret providing computationally cost-effective solution. The Random Forest(RF)is oftenly used as it not
only captures the interaction but can also be used to identify the feature importance. Kartik et al. (2024)
[23], showed that RF is better than J48 and Logistic Model in different academic performance measures.
Al-Azawei et al. (2023) [22], used logistic regression(LR)to predict the risk of student dropout. Gradient
Boosting (GB) model although computationally expensive, provides the best predictive measures. Gajwani
& Chakraborty (2020) [28], results showed improved F1 and AUC scores with boosted trees on blended
learning data. RF achieved the highest F1 of 0.938 (PSO-selected features), while GB delivered comparable
AUC ( 0.982)thereby, validating insights from existing literature. The article by Turabieh (2019) [29],
examined hybrid frameworks with mix feature selection using ANNs,therby obtaining significant student
gains performance prediction on the basis of all-statistical models. Shallow ANNs were also tested by
Kartik et al. (2024) [23], along with decision trees, the improvement was mostly observed in the datasets
that were augmented with behavioral variables. In this paper, an ANN (MLP Classifier) was applied in
testing all subsets, with F1 0.916 on full features, that confirms the ability of ANN to generalize even with
limited manual tuning. The increasing scale and Time-based sophistication of pedagogical information has
ignited interest in deep learning structures: Masood et al. (2024) [3], suggested a hybrid model training
an Evolutionary Convolutional Neural Network. ResNet based Network (ECNN) optimized with Butterfly
Optimization with a great result of 95.67% expertise on OULAD. Torkhani and Rezgui (2025) [9], have
conducted an experiment on OULAD MOOC data, emphasizing the importance of the sequential and con-
volutional architectures. Begum and Padmanna (2022) [25], integrated BPSOOnline CNN feature selection,
demonstrating how feature optimized deep networks may exceed classic models with a 8-10% high precision
Nevertheless, deep models are effective in prediction, but their prediction is less precise.A distinct strand
in the literature is an amalgamation of many algorithms to utilize their complementary advantages Gajwani
& Chakraborty (2020) [28], showed the manner in which methods outperformed single methods. Apriyadi
et al. (2023) [30], combined Hyperparameter tuning of SVR models, PSO/GA, cutting down mistakes
by a large margin. The second best was proposed by Fan et al. (2023) [31], is a dual PSO optimization
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of features and parameter optimization in CatBoost that achieved 96.6% accuracy of classification on the
secondary education data.

2.3.1 Deep learning extensions & hybrid innovations

Recent literature is strongly motivated by deep learning architectures, frequently along with hybrid feature
engineering or optimisation. Torkhani and Rezgui (2025) [9], used several deep and machine learning
models on the subset of OULAD MOOC and obtained a classification accuracy of more than 94%. They
emphasized that ensemble DL models are able to learn minute patterns of sequential engagement, which is
frequently beyond the capability of static ML models.On the other hand, Fazil et al. (2024) [16], introduced
a new deep learning model that was fed with finely granular engagement measurements, which has produced
significant gains in risky students identification. Their method has shown the benefits of taking advantage
of temporal patterns that are usually not fully exploited in simple models. Waheed et al. (2020) [32], also
demonstrated the effectiveness of deep learning models to forecast student academic performance based on
virtual learning environment (VLE) big data. Their research confirms that ANN based architectures can be
implemented on large educational datasets such as OULAD, which justifies the use of neural networks in this
research framework. Hernandez-Blanco et al. (2019) [33], conducted a broad review that summarized the
tendencies in the use of deep learning in educational settings. They underlined the shift to deep neural nets
as the means of processing the more sophisticated data about student behavior. This broad outline underpins
the reason why ANN and ensemble models will be present in this study since education data continue to
grow larger and more intricate. Deep learning research in areas such as social media analytics demon-
strates how neural models can capture complex, large-scale behavior patterns, offering new opportunities
for educational prediction [6]. However, these studies also reported trade-offs, especially in interpretability
and computational overhead, which strengthens the rationale of why most deployed educational settings
continue to be based on classical models with added state-of-the-art feature selection.

Jin et al. (2024) [2], held an extensive systematic review of predictive modeling with the use of OULAD.
They distinguished between shallowML, ensemble learning, and deep learning and indicated gaps including
underusedmetaheuristic feature selection (such as PSO) on a larger scale. Direct comparisons of FSmethod-
ologies on the same pipeline are very infrequent.The absence of multi-metric ratings (F1, AUC, precision,
recall) that are essential towards subtle academic intervention.

3. METHODOLOGY

The currently used high-risk student predictive methodology has been elaborated in this research. The
proposed methodology outlines in an orderly way the dataset, preprocessing, exploratory analysis, feature
selection processes, modeling approaches and evaluation. This research approach is intended to explicitly
fill research gaps identified in a recent literature, especially the absence of feature selection comparisons
across the multi-strategies, and deep multi-metric analyses [2]. FIGURE 1 shows the major modules of the
proposed scheme.

3.1 Data Source

The dataset used in this study was processed and prepared in accordance with the standards proposed by
Howard (2025) [34], who introduced the ouladFormat R package for standardizing OULAD preprocessing.
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Following such best practices enhances reproducibility and ensures consistency in feature engineering and
student engagement tracking.

The Open University Learning Analytics Dataset (OULAD) is recognized as benchmark for educational
prediction research [2]. OULAD comprises data on approximately 32,000 students enrolled across 22
different courses, with demographic profiles, registration details, assessment scores, and detailed VLE click
stream logs.
Various recent researchers have utilized the OULAD dataset for student performance prediction [9, 10].

Figure 1: Proposed methodology

3.2 Data Preprocessing and Feature Engineering

3.2.1 Data cleaning

The variety of OULAD tables (studentInfo, assessments, vle, etc.) are firstly combined into an analyti-
cal dataset. Categorical variables like disability, region and etc with missing values were filled with the
mode.Mean imputation is used for missing numeric features.

3.2.2 Feature engineering

Based on the latest research focused on the importance of having rich behavioral characteristics [28], the
following engineered attributes were appended to the dataset:

• total_clicks: Aggregate number of VLE interactions, capturing overall engagement intensity.

• interaction_diversity: Different kinds of activities accessed, suggestive of depth of involvement.
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• submission_ratio: Ratio of assessments submitted to task scheduled, which measures academic dili-
gence.

• weighted_score: Theweighted statistic that takes into consideration the type of assessment and scores.

• registration_lag: Days between registering the module and officially starting, which is a measure of
preparatory behavior.

• days_active: The sum of unique days attended to.

It obtained a predictive feature space of 72 variables, a combination of demographic, assessment, and
interactions, which is aligned with the best practices in educational data mining.

Once the creation of the features was done, a number of columns were discovered as being redundant or not
useful anymore in the model such as date registration, date unregistration, code module, code presentation
and length of module presentation. These were dropped to simplify the dataset, avoid data leakage and
enhance the effectiveness of the model.

3.3 Exploratory Data Analysis (EDA)

Before feature selection andmodeling, exploratory analyseswere performed to know the distributions of data
and their important patterns. The independent T-tests indicated numeric aspects such as total clicks, weighted
score and days active significantly differentiated between pass and fail groups and Chi-square tests indicated
that there is significant relation with categorical other variables like age band and disability (p 1 0.05).The
results of the correlation analysis revealed the existence of moderate relationships between engagement
features (e.g., total clicks vs. days active), thus the necessity to control the dimensionality. The early SHAP
output of an initial XGBoost model pointed to the avg score, submission ratio and interaction diversity as key
predictors and informed the further application of feature selection methods to enable reduction redundancy
and maximize predictive learning.

3.4 Feature Selection

As feature reduction is known to be the key for stable generalization and reduced computation costs [2],
three different strategies of feature selection were systematically implemented:

3.4.1 Particle Swarm Optimization (PSO)

PSO, which is based on social behavior of swarms [35], was adopted as a wrapper feature selection algorithm
based on Random Forest as the underlying estimator. Particle Swarm Optimization (PSO) implementation
in the proposed study is based on the original contribution of [36], which formalizes the swarm dynamics
and convergence behavior in detail. Their theory is the basis of the application of PSO as a feature se-
lection strategy and ensures that the process of evolution in high dimensional educational data is not only
interpretable but is also optimized in terms of the F1 score of the classifier.

• Outcome: 72 to 43 most informative variables: The performance has been preserved (F1 ≈ 0.937,
AUC ≈ 0.980).
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• Relevance: It is comparable to effective uses of PSO in educational prediction (Begum & Padmanna,
2022; Apriyadi et al., 2022), but further differentiates by making a direct comparison between it and
other FS algorithms.

3.5 Predictive Modeling Approaches

3.5.1 Classifiers

EnsembleModeling is proposed, that combines different machine learningmodelsEnsemble VotingClassi-
fier. Rather than relying on just one algorithm, we have combined three models, i.e.Random Forest (RF)is
known to be robust and rank features, which is also popular with educational data mining and great at
identifying patterns in student backgrounds [23]. Gradient Boosting (GB)Can be used to deal with non-
linear interactions that are complex; it usually works better than individual trees and excellent at finding
complex, non-linear habits [28]. Artificial Neural Network (ANN) investigated non-linear tree ensemble
patterns mimics human-like data processing. By using a Soft Voting This approach creates an ensemble of
classifiers and uses probability values to predict the final outcome.We have Combined RF, GB, and ANN,
that delivered promising results with (F1 ≈ 0.938, AUC ≈ 0.981). ensemble models uses the predictive
power of its classifiers and produces promising results (Masood et al., 2024; Fan et al., 2023).

3.6 Model Evaluation & Setup

To enhance the validation of the results, we used Stratified 5-Fold Cross-Validation. This ensures that
our Pass, Fail, and Withdrawal groups were evenly tested. We focused on the F1-Score (0.938) and AUC
(0.981) because, in education, it is better to be slightly more cautious than to miss a student who is truly
struggling. The TABLE 2 shows the configuration settings of PSO algorithm for feature selection where
n_particles are the number of particles in swarm with optimized iterations of 20 the cognitive c1 and social
factors c2 are set to 0.3 and 0.5 respectively.

PSO Feature Selection Configuration
n_particles 15
iterations 20
C1 0.5
C2 0.3
w 0.9
k 5
p 2

Table 2: PSO Parameters

The TABLE 3 shows the hyper parameters of the classification models. The ensemble of these models is
evaluated with Stratified KFold ranging from 3 to 5 and random state of 42.
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Models Hyper parameters
Random Forest n_estimator:100,

random_state:42
Gradient Boosting n_estimator:100,

random_state:42
ANN hidden_layers_size:64,32

max_iter:300
random_state:42

Table 3: Model Hyperparameters

4. ANALYSIS & RESULTS

The evidence of this research describes the predictive accuracy of machine learning models that are trained
using the selection of different features. The discussions are made on the results with focus on the prediction
strength-feature dimensionality-interpretability balance, which are the major concerns of an educational
early warning system. Before the modeling, exploratory analyses were conducted to confirm assumptions
regarding feature relevance and to identify some hidden patterns in the dataset. FIGURE 2 illustrates that
the dataset had an uneven target distribution with an approximate of 58% as shown in FIGURE 2 ratio of
students passing, failing, and withdrawing 27%percent, and 15% Such an imbalance highlights the choice
of stratification cross-validation and highlight such metrics as F1 and AUC rather than accuracy. Boxplots

Figure 2: Distribution of students by final outcome

and KDE plots indicated that the failure students had much lower values in major engagement variables
including total_clicks, weighted_score, and submission_ratio FIGURE 3.These differences were statistically
significant (p ¡ 0.0001) in all the significant numeric features that were independent with T-tests. The chi-
square tests revealed significant associations (p -0.05) between categorical characteristics such as age band
and disability, as risk patterns are reported by Fan et al. (2023) [31].

Similarly, FIGURE 5 shows distributions for weighted_score and submission_ratio, highlighting that stu-
dents with higher interim assessment engagement were significantly more likely to succeed. The core of
our research to validate the performance of Particle Swarm Optimization (PSO) and the ensemble.

By applying Particle SwarmOptimization (PSO), the feature set was reduced from 72 to 43 features (approxi-
mately 40% reduction), while maintaining nearly identical predictive performance, with accuracy remaining
around 94%.The soft voting ensemble model, combining Random Forest (RF), Gradient Boosting (GB), and
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Figure 3: Boxplot of total_clicks across outcome groups

Figure 4: Boxplots for weighted_score and submission_ratio by outcome

Figure 5: Distributions for weighted_score and submission_ratio
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Table 4: Statistical Significance Tests for Key Features
Feature Test Type p-value
total_clicks T-test < 0.0001
weighted_score T-test < 0.0001
submission_ratio T-test < 0.0001
age_band Chi-square < 0.05
disability Chi-square < 0.05

Table 5: Model Configuration and Performance Comparison
No. Model Configuration F1-Score AUC Accuracy

1 Ensemble with Full Fea-
tures

0.938 0.981 0.940

2 Ensemble with PSO (43
Features)

0.937 0.980 0.939

Artificial Neural Networks (ANN), achieved the best overall performance. This level of accuracy is typically
associated with complex deep learning black-box models however, the proposed ensemble remains more
interpretable and explainable.

4.1 Correlation and SHAP analysis

Correlation heatmaps identified moderate multicollinearity (e.g., total_clicks with days_active), motivating
the rigorous feature selection stages that followed.

Figure 6: Correlation Heatmap

To analyze numeric interdependencies, a correlation heatmapwas created. There weremoderate correlations
between total_clicks and days_active, as well as between avg_score and weighted_score as indicated in
FIGURE 6.

In order to enhance model interpretability, SHAP values were included, which is based on the unified
explainability framework introduced by Lundberg and Lee (2017) [37]. Their methodology allows trans-
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parency at the feature level, where the contribution of each variable to a model prediction is measured, which
is especially appropriate with high stakes educational decision-making.
An initial SHAP analysis FIGURE 7 has highlighted avg_score, submission_ratio, total_clicks, and inter-
action_diversity as the most predictive features, which validates the feasibility of the feature engineering
strategy.

Figure 7: SHAP summary plot

4.2 Model Performance Across Feature Selection Strategies

The results of TABLE 6 show the performance measures of different models trained on different feature sets.
Random Forest and Gradient Boosting has recorded the best results, and the use of ensemble also performed
a little better than single classifiers.

Table 6: Performance of Models with Different Feature Selection Strategies
Model Feature Set F1 AUC Accuracy
RF Baseline (72) 0.938 0.981 0.940
RF PSO (43) 0.937 0.980 0.939
RF Gini (10) 0.935 0.979 0.937
RF FAMD (20) 0.865 0.935 0.869
ANN Baseline (72) 0.916 0.969 0.916
ANN PSO (43) 0.90 0.96 0.916
ANN Gini (10) 0.913 0.961 0.915
ANN FAMD (20) 0.87 0.94 0.88
GB Baseline (72) 0.936 0.982 0.938
GB PSO (43) 0.936 0.982 0.938
GB Gini (10) 0.935 0.982 0.937
GB FAMD (20) 0.852 0.923 0.846
Ensemble (RF+GB+ANN) Full 0.938 0.981 0.940
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4.2.1 Impact of Feature Selection

• PSO decreased the dimension size by a factor of 40% with virtually no reduction in F1 or AUC, which
shows its power to retain important information.

• Gini-based top 10 features provided very competitive results, which implies that the predictive power
was very concentrated on a few general features.

• It should be noted that FAMD, though a graceful way of working with mixed data types, has led to a
significant decrease in metrics,

4.3 Comparative Analysis with Existing Literature

The pipeline, despite employing classical ML models, achieved metrics on par with more computationally
demanding deep learning architectures. Interestingly, in this research multi-strategy FS approach, a trade-off
between interpretability was balanced along with predictive power.

Table 7: Accuracy Recent Studies
Study Method Dataset Best Accuracy / F1
Masood et al.
(2024) [3]

ECNN + ResNet OULAD 95.67% acc

Al-Zawqari et al.
(2022) [7]

RF / ANN (No Feature
Eng.)

OULAD 92.91% acc

Torkhani & Rezgui
(2025) [9]

DL Ensemble OULAD MOOC ∼94% acc

Kalita et al. (2025)
[38]

LSTM + SHAP OULAD (disabled
learners)

92.8% acc

Present Study RF, GB, ANN, Ensembles +
PSO/Gini/FAMD

OULAD ∼94% acc

Overall, the proposed ensemble with PSO based feature selection achieves results comparable to ad-
vanced deep architectures while maintaining interpretability.

4.4 Discussion of Key Findings

Following key findings from the research includes,

• PSO proved highly effective, cutting feature space by 40% with negligible performance compromise,
corroborating success seen in Begum & Padmanna (2022).

• Gini-based selection demonstrated that most predictive power lay within a tight core of 10 features,
enabling streamlined, scalable implementations.

• FAMD, while mathematically appealing, highlighted the risks of excessive compression when class-
boundary nuances are critical.

The PSO ensemble methodology used in this research has reached competitive accuracy and interpretability.
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5. CONCLUSION

The research has proposed a machine learning framework that is accurate and tansparent in predicting
the student performance in the Virtual Learning Environment(VLEs). The Experiments performed on the
OULAD dataset indicated that combination of PSO inspired feature selection and ensemble machine learn-
ing framework produced reliable and accurate results. We have highlighted the key conclusive points from
our study that are listed below

• Dimensionality Reduction: The integration of PSO successfully reduced the feature space from 72
to 43 variables while maintaining a 94% accuracy rate.

• Ensemble Architectures: The proposed soft voting ensemble showed improved performance in com-
parison to the individual classifiers, achieving an F1-score of ≈ 0.938 and an AUC of ≈ 0.981.

• ExplainabilityThe SHAP based explainability provides in depth insights to the decision makers re-
garding the features that contribute towards the student performance.

This work thus contributes a balanced, transparent, and reproducible predictive framework, addressing
notable gaps in existing literature that rarely compare multiple feature selection strategies under consistent
experimental conditions [2].
In future we intend to include the temporal based prediction that can utilize data from initial weeks of the
course. The temporal models can help in identifying the high risk students well before time .
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