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Abstract

Early identification of students at risk of academic failure or withdrawal remains a critical
challenge in higher education, where timely interventions are essential for improving retention. To
enable proactive academic support before student attrition becomes irreversible, this study presents
an actionable early-warning decision-support framework evaluating ensemble learning models at
the first-quarter boundary of the academic semester. Using the Open University Learning
Analytics Dataset (OULAD) combined with SMOTE. The dataset integrates demographic,
academic, and learning interaction data from a Virtual Learning Environment. A preprocessing
strategy addressing missing values and class imbalance using Synthetic Minority Over-sampling
Technique (SMOTE) was applied to improve model robustness. Three ensemble classifiers
Random Forest, Extreme Gradient Boosting (XGBoost), and Light Gradient Boosting Machine
(LightGBM) were trained and evaluated using stratified five-fold cross-validation with
hyperparameter optimization. Experimental results show that LightGBM achieved the highest
performance, with precision, recall, and F1-score of 0.89 and ROC-AUC of 0.92. The findings
demonstrate that SMOTE improves minority-class detection and reduces false negatives across all
models. The study contributes to the field of learning analytics by providing evidence-based
insights into the effectiveness of ensemble learning models for early student risk prediction and
highlights their potential integration into institutional early warning and decision-support systems
in higher education. Future research should explore temporal learning models, cross-institutional
generalization, and multimodal educational data integration.

Keywords: Learning Analytics; Educational Data Mining; Student Risk Prediction; Ensemble
Learning; Higher Education; Responsible Artificial Intelligence.

HIGHLIGHT
1. Evaluates early student risk at the first-quarter boundary on OULAD dataset.
2. LightGBM outperforms Random Forest and XGBoost in accuracy and speed.
3. SMOTE resampling substantially reduces false negatives for at-risk learners.
4. Confirms behavioral clickstreams outweigh static demographic indicators.
5. Provides a privacy-compliant, human-in-the-loop early-warning framework.



1. Introduction

1.1.Background and Motivation

Student retention and academic success remain central concerns in higher education systems
worldwide. Universities increasingly face challenges related to student dropout, delayed
graduation, and academic underperformance, all of which have financial, institutional, and social
implications. Early identification of students who are at risk of failure or withdrawal enables
institutions to implement timely interventions such as academic advising, tutoring, and targeted
support services aimed at improving student outcomes.(Permana & EB Santos, 2025)

The rapid adoption of Learning Management Systems (LMS) and Virtual Learning Environments
(VLE) has transformed how educational data is generated and stored. Platforms such as Moodle
and similar systems continuously capture large volumes of student interaction data, including login
activity, resource access patterns, assessment submissions, and participation in online learning
activities. This digital transformation has created a rich foundation for the application of learning
analytics to understand and predict student learning behaviour (Villano et al., 2018).

Learning analytics is an emerging interdisciplinary field that combines educational theory, data
mining, and machine learning techniques to analyse student data for decision-making purposes.
Within this field, predictive learning analytics focuses on building models that can forecast student
outcomes based on historical and behavioural data. These predictive models are increasingly being
explored as early-warning systems capable of identifying students who may require intervention
before failure occurs (Wong et al., 2019)(Siemens et al., 2013).

The availability of large-scale benchmark datasets such as the Open University Learning Analytics
Dataset (OULAD) has significantly advanced research in this area. OULAD provides a
comprehensive collection of demographic data, assessment records, and detailed interaction logs
from a Virtual Learning Env

ironment, making it suitable for evaluating predictive models of student performance and attrition
(Kuzilek et al., 2017).

Despite these developments, several challenges persist in building reliable predictive systems.
Educational datasets often exhibit missing values, heterogeneous feature types, and severe class
imbalance, where successful students significantly outnumber those who are at risk. In addition,
student behaviour is dynamic and context-dependent, making it difficult for traditional statistical
models to capture complex learning patterns accurately (Svabensky et al., 2026).

As a result, there is growing interest in machine learning approaches, particularly ensemble
learning methods, which are capable of handling high-dimensional data and modelling complex
nonlinear relationships. However, the effectiveness of different ensemble techniques under
consistent preprocessing and evaluation conditions remains an open area of investigation,
particularly in the context of early student risk prediction.



1.2.Related Challenges and Research Gap

A wide range of studies has explored machine learning techniques for predicting student
performance and academic attrition in higher education. Commonly applied models include
logistic regression, decision trees, support vector machines, k-nearest neighbours, neural networks,
and more recently, ensemble learning methods. Among these, ensemble approaches such as
Random Forest, XGBoost, and LightGBM have gained popularity due to their ability to model
complex nonlinear relationships and handle high-dimensional tabular data effectively (Corchado
et al., 2023).

Despite these advancements, existing literature presents several persistent limitations. First, many
studies are conducted under different experimental conditions, including variations in datasets,
preprocessing techniques, feature engineering strategies, and evaluation metrics. As a result, direct
comparison of model performance across studies is often unreliable, making it difficult to establish
consistent evidence on the most effective approaches for student risk prediction.

Second, class imbalance remains a major challenge in educational datasets. In most institutional
contexts, the number of students who successfully complete courses significantly exceeds those
who fail or withdraw. This imbalance causes predictive models to become biased toward the
majority class, often resulting in high overall accuracy but poor sensitivity in detecting at-risk
students. Since early-warning systems depend heavily on identifying minority-class students, this
limitation significantly reduces the practical usefulness of many existing models(Eckart et al.,
2021).

Third, a considerable number of studies evaluate machine learning models using limited or
inconsistent hyperparameter tuning strategies. In many cases, default parameter settings are used,
which may not reflect the true performance potential of advanced ensemble methods. This leads
to underestimation or misrepresentation of model capabilities, particularly for algorithms such as
XGBoost and LightGBM, which are highly sensitive to parameter configuration (Ahn et al., 2023).

Fourth, although predictive accuracy is frequently emphasized, relatively few studies focus on the
practical integration of these models into institutional decision-support systems. Issues such as
deployment architecture, interpretability, data privacy, and responsible use of predictive outputs
are often underexplored, despite being critical for real-world adoption in higher education
environments.

Therefore, there is a clear need for a systematic comparative study that evaluates optimized
ensemble learning methods under a unified experimental framework. Such a study should
incorporate consistent preprocessing, explicit handling of class imbalance, and rigorous
hyperparameter tuning, while also considering the practical implications of deploying predictive
models within institutional learning analytics systems.

1.3.Research Objectives and Contributions

1.3.1. Research Objectives

The specific objectives of this study are:



First, to design and implement a comprehensive data preprocessing pipeline that includes data
cleaning, feature engineering, and handling of missing values, while addressing class imbalance
using the Synthetic Minority Over-sampling Technique (SMOTE).

Second, to develop and optimize three ensemble learning models Random Forest, Extreme
Gradient Boosting (XGBoost), and Light Gradient Boosting Machine (LightGBM) using
systematic hyperparameter tuning.

Third, to evaluate and compare the predictive performance of these models using stratified five-
fold cross-validation and multiple evaluation metrics, including precision, recall, F1-score, and
ROC-AUC.

Fourth, to examine the impact of class balancing techniques on the ability of ensemble models to
correctly identify at-risk students, with particular emphasis on reducing false-negative predictions.

Fifth, to discuss the implications of predictive learning analytics models for institutional decision-
making, with attention to practical deployment considerations in higher education environments.

1.1.1. Contributions of the Study

This study makes the following contributions to the field of learning analytics and educational data
mining:

It provides a unified and reproducible experimental framework for comparing multiple optimized
ensemble learning algorithms under consistent preprocessing and evaluation conditions.

It demonstrates the effectiveness of SMOTE in improving minority-class detection performance
in student risk prediction tasks, particularly in reducing false negatives.

It offers a comparative performance analysis of Random Forest, XGBoost, and LightGBM using
a standardized benchmark dataset (OULAD), highlighting the superiority of gradient boosting
methods under optimized conditions.

It further contributes practical insights into how predictive models can support early-warning
systems in higher education, while emphasizing considerations for responsible and interpretable
deployment.

The study contributes to the learning analytics literature by providing a systematic comparison of
optimized ensemble learning algorithms for early student risk prediction and by highlighting
practical considerations for their adoption within higher education institutions.

1.4.0rganization of the Paper

The remainder of this paper is organized as follows. Section 2 reviews related literature on
predictive learning analytics, ensemble learning methods, and class imbalance handling techniques
in educational data mining. Section 3 presents the research methodology, including dataset
description, data preprocessing, feature engineering, model development, and evaluation
procedures. Section 4 reports the experimental results and provides a comparative analysis of the
performance of the ensemble learning models. Section 5 discusses the implications of the proposed



framework for institutional deployment, including system architecture, ethical considerations, and
privacy-preserving mechanisms. Finally, Section 6 concludes the study and outlines directions for
future research (Siemens et al., 2013).

2. LITERATURE REVIEW

2.1.Evolution of Predictive Learning Analytics in Higher Education

The application of data-driven techniques to higher education has evolved considerably over the
past two decades. Early studies in educational data mining and learning analytics relied primarily
on conventional statistical methods such as linear regression, logistic regression, and generalized
linear models to explain relationships between demographic characteristics and academic
outcomes. These approaches were attractive because of their interpretability and modest
computational requirements. However, they often assumed linear relationships among variables
and were therefore limited in their ability to capture the complex behavioural patterns exhibited
by students in modern digital learning environments (Umer et al., 2023).

The widespread adoption of Learning Management Systems (LMS), Virtual Learning
Environments (VLE), and other educational technologies has transformed the quantity and
diversity of educational data available for analysis. Researchers increasingly began to exploit
clickstream data, assessment logs, discussion forum interactions, and online learning behaviours
to develop predictive models of student success and attrition. Consequently, machine learning
methods such as Decision Trees, Support Vector Machines (SVM), k-Nearest Neighbours (k-NN),
and Naive Bayes gained prominence because they could model non-linear relationships and
accommodate heterogeneous educational datasets (Sghir et al., 2023).

More recently, ensemble learning approaches have emerged as powerful alternatives to traditional
machine learning techniques. Ensemble models combine the predictions of multiple base learners
to improve generalization performance and reduce variance or bias. Studies have demonstrated
that ensemble methods frequently outperform single estimators in predicting academic
performance, course completion, and student dropout. These developments have positioned
predictive learning analytics as an important component of institutional early-warning systems,
enabling universities to identify at-risk students and provide timely interventions(LO Yesufu,
2020).

Nevertheless, the literature continues to report inconsistent findings regarding the relative
performance of different machine learning algorithms. Differences in datasets, feature engineering
techniques, evaluation protocols, and preprocessing procedures make direct comparison difficult.
Consequently, comparative studies using standardized educational datasets remain necessary for
establishing robust evidence on the effectiveness of predictive learning analytics methods.



2.2.Educational Data Modalities and Feature Engineering

A central issue in predictive learning analytics concerns the type of educational data used as
predictive features. Existing studies generally categorize educational data into two broad groups:
static institutional data and dynamic behavioural data (Umer et al., 2023).

2.2.1. Static Institutional Data

Static institutional data consist of demographic and historical academic characteristics that remain
relatively constant during a student's academic journey. Common variables include age, gender,
prior academic achievement, socioeconomic background, admission scores, and programme
enrolment information. Several studies have reported that prior academic performance and
demographic factors are significant predictors of student success. For example, admission scores
and previous grades are frequently associated with academic persistence and final course
outcomes. The advantage of static variables lies in their availability at the beginning of a
programme, allowing institutions to identify potentially vulnerable students before classes
commence.

However, static data have important limitations. They provide limited information about how
students engage with learning activities over time and cannot capture changes in motivation,
learning strategies, or study behaviours. Consequently, models relying solely on demographic
characteristics may fail to reflect the dynamic nature of academic performance.

2.2.2. Dynamic Behavioural Data

The increasing adoption of LMS platforms such as Moodle and Blackboard has enabled
researchers to collect detailed behavioural data describing how students interact with digital
learning environments. These behavioural indicators include:

o Login frequencies;

o Page view counts;

¢ Video lecture accesses;

e Discussion forum participation;

e Assignment submission patterns;

e Quiz attempts and completion times.

Dynamic behavioural data offer a more comprehensive representation of student engagement
because they capture learning activities as they occur. Research has shown that variables related
to assignment submission behaviour, online participation, and study regularity are often strong
predictors of academic achievement (Pek et al., 2022).

Despite their predictive potential, behavioural datasets present several challenges. They are often
high-dimensional, noisy, and time-dependent. Furthermore, behavioural indicators may be
influenced by contextual factors such as internet connectivity, institutional infrastructure, or
socioeconomic constraints. Therefore, effective predictive models frequently require combining



behavioural features with static institutional variables to achieve balanced and robust predictions
(Hota, 2024).

2.2.3. Feature Engineering in Learning Analytics

Feature engineering plays a critical role in transforming raw educational data into informative
predictive variables. Researchers have employed various techniques, including aggregation of
clickstream activities, temporal windowing, normalization, and encoding of categorical variables.

In recent years, feature engineering strategies have increasingly emphasized early-warning
prediction, where behavioural features are extracted within the initial weeks of a semester. The
rationale is that early engagement patterns may reveal academic difficulties before poor
performance becomes irreversible. However, identifying the optimal feature set remains an open
challenge, particularly when balancing predictive performance with model interpretability
(Noorani et al., 2024).

2.3.Class Imbalance in Student Risk Prediction

One of the most persistent methodological challenges in educational data mining is class
imbalance. In many higher education datasets, the majority of students complete their courses
successfully, while only a relatively small proportion fail, withdraw, or become academically at
risk. As a result, predictive models trained on such datasets tend to favour the majority class.

This imbalance can lead to misleading performance evaluations. A model may achieve high overall
accuracy simply by predicting the majority class while failing to identify students who require
intervention. In the context of early-warning systems, false negatives are particularly problematic
because they represent at-risk students who remain undetected (Abdul Bujang et al., 2023).

Researchers have proposed several strategies to address class imbalance. Algorithm-level
approaches include cost-sensitive learning, where higher penalties are assigned to
misclassifications involving minority-class observations. Although these methods can improve
minority-class detection, they require careful tuning of cost parameters and may introduce
additional model complexity. Data-level approaches have become more widely adopted because
of their relative simplicity and effectiveness. Among these approaches, the Synthetic Minority
Over-sampling Technique (SMOTE) is one of the most frequently used methods. SMOTE
generates synthetic minority-class observations by interpolating between neighbouring instances
in the feature space, thereby balancing the training dataset without simply duplicating existing
records (Leevy et al., 2018).

Several studies have reported improvements in recall and F1-score when SMOTE is combined
with machine learning classifiers. Nevertheless, oversampling techniques may also introduce
artificial patterns or increase the risk of overfitting if applied indiscriminately. Therefore,
researchers continue to investigate how resampling methods can be integrated effectively with
modern machine learning algorithms to improve the detection of at-risk students (Pratama &
Oktora, 2022).



2.4.Ensemble Learning for Student Risk Assessment

Ensemble learning has become an increasingly important paradigm in predictive learning analytics
because it combines multiple base models to produce more robust predictions. The fundamental
principle underlying ensemble methods is that aggregating diverse learners can reduce prediction
errors and improve generalization(Karalar et al., 2021).

2.4.1. Random Forest

Random Forest is among the most widely used ensemble algorithms in educational data mining. It
constructs multiple decision trees using bootstrap sampling and random feature selection, and
aggregates their predictions through majority voting. The advantages of Random Forest include
robustness to noise, resistance to overfitting, and the ability to handle mixed data types without
extensive preprocessing. In addition, Random Forest provides measures of feature importance that
enhance interpretability. Previous studies have successfully applied Random Forest to predict
academic performance, student retention, and dropout risk (Xu & Yin, 2021).

However, Random Forest may become computationally expensive when trained on large-scale
educational datasets and may not always achieve optimal performance compared with more
advanced boosting techniques (Juan Andrés et al., 2023).

2.4.2. Extreme Gradient Boosting (XGBoost)

XGBoost is a gradient boosting framework that sequentially constructs decision trees to minimize
prediction errors. It incorporates regularization mechanisms that improve generalization and
reduce overfitting. XGBoost has gained considerable attention because of its predictive accuracy
and computational efficiency. Numerous studies have demonstrated its effectiveness in
educational applications, particularly when dealing with structured tabular data containing
complex interactions among variables (Asselman et al., 2023).Nevertheless, XGBoost requires
careful hyperparameter tuning because model performance can vary substantially depending on
learning rate, tree depth, and sampling strategies (Hu & T Song, 2019).

2.4.3. Light Gradient Boosting Machine (LightGBM)

LightGBM is a gradient boosting framework designed for efficiency and scalability. Previous
studies have shown its effectiveness for structured and high-dimensional datasets, although its
application in educational data mining remains comparatively limited.

2.5.Deployment, Ethics, and Responsible Learning Analytics

While predictive performance is an important criterion in learning analytics research, practical
deployment and ethical considerations are equally significant. Predictive systems operating within
educational institutions process sensitive student information, raising concerns regarding privacy,
transparency, fairness, and accountability (Pardo et al., 2014). Recent discussions on responsible
artificial intelligence emphasize that predictive models should support rather than replace human
decision-making. Educational institutions must ensure that predictive outputs are interpreted
within their social and academic contexts and that interventions remain under the supervision of
qualified educators and support staff (Slade et al., 2013).



Data governance frameworks are also essential for protecting student privacy. Techniques such as
de-identification, anonymization, access control, and secure data storage are increasingly
recommended when developing institutional learning analytics systems. Compliance with national
and international data protection regulations further requires institutions to establish clear policies
regarding data collection, consent, and algorithmic transparency. Despite these considerations,
relatively few studies provide detailed discussions on how predictive learning analytics systems
can be integrated responsibly into institutional environments. Consequently, future research should
not only focus on improving predictive accuracy but also examine issues of fairness, transparency,
explainability, and ethical deployment

3. RESEARCH METHODOLOGY

This section describes the methodological framework used to develop and evaluate the predictive
learning analytics models for early student risk detection. The study follows a structured machine
learning pipeline comprising data acquisition, preprocessing, feature engineering, class imbalance
handling, model training, hyperparameter optimization, and performance evaluation. The overall
objective of the methodology is to ensure a reproducible and fair comparative analysis of ensemble
learning algorithms using the Open University Learning Analytics Dataset (OULAD). All
preprocessing and modeling steps are applied consistently across all models to avoid bias and
ensure valid performance comparison (D. Zhou et al., 2026).

3.1.Dataset Description

The study utilizes the Open University Learning Analytics Dataset (OULAD), a publicly available
educational dataset developed by the Open University (UK) to support research in learning
analytics and educational data mining. The dataset provides a comprehensive view of student
learning behavior by combining demographic information, academic performance records, and
interaction logs from a Virtual Learning Environment (VLE). OULAD is structured as a relational
dataset composed of multiple linked tables. Each table captures a different aspect of the student
learning process, and integration is performed using unique identifiers such as student ID, course
module code, and presentation period. This structure enables the construction of a unified dataset
suitable for predictive modeling of student performance and risk classification.

In this study, the dataset is used to construct a binary classification problem, where the target
variable indicates whether a student is at risk of failure or withdrawal versus successful course
completion (D. Zhou et al., 2026).

Table 3.1 OULAD Dataset Structure and Usage in This Study

Table Name Description Role in This Study




studentInfo Student demographic and background | Source of static features and
information (e.g., age band, gender, | target variable
education level, disability status, final
result)

studentVle Logs of student interactions with online | Primary behavioral
learning materials (clicks, resource | engagement features
access timestamps)

studentAssessment | Records of  assignments, scores, | Academic performance and
submission status, and attempts engagement indicators

assessments Metadata about assessments (type, | Feature engineering support
weighting, deadlines) for assessment-based

variables

courses Information  about modules and | Course-level contextual
presentation periods features

studentRegistration | Enrollment, withdrawal, and registration | Identification of
status dropout/withdrawal behavior

vle Metadata of learning resources available | Categorization of learning
in the VLE interaction types

After integration, the dataset consists of both static student attributes (demographic and
academic background) and dynamic behavioral features derived from VLE interaction logs and
assessment activities. The final dataset is structured at the student-module—presentation level,
ensuring that each record represents a unique learner-course instance.

3.2.Data Preprocessing and Feature Engineering.

The OULAD tables were merged using the student and course identifiers to create a unified
student-level dataset. Missing numerical and categorical values were imputed using median and
mode strategies respectively. Categorical variables were encoded using label and one-hot
encoding, while behavioural features such as total clicks, assessment performance, submission
delay, and VLE engagement were extracted from interaction logs. To address class imbalance,
SMOTE was applied to the training folds only to avoid data leakage. Similar preprocessing
procedures have been widely adopted in predictive learning analytics studies (Sghir et al., 2023).

3.3.Data Engineering, Imputation, and Resampling Protocols

3.3.1. Localized k-Nearest Neighbors (k-NN) Imputation

Educational datasets frequently contain sparse records where students omit optional profile fields
or miss non-mandatory online tasks. Dropping these instances results in a significant loss of



statistical power and introduces data selection bias. For continuous features, missing observations
are dynamically optimized using k-NN imputation.

3.4.Model Development.

Three ensemble learning algorithms Random Forest (RF), Extreme Gradient Boosting (XGBoost),
and Light Gradient Boosting Machine (LightGBM) were selected because of their demonstrated
effectiveness in predictive learning analytics and structured educational datasets. Random Forest
is a bagging-based method that combines multiple decision trees to improve generalization,
whereas XGBoost and LightGBM are boosting-based approaches that sequentially optimize
prediction errors through gradient boosting techniques. Previous studies have shown that these
algorithms achieve strong predictive performance for student success and dropout prediction.
Therefore, this study evaluates the three models under identical preprocessing, class balancing,
and evaluation settings to provide a fair comparison. Detailed algorithmic formulations are
available in the original publications and are not repeated here.

3.5.Performance Evaluation Metrics

To evaluate the performance of the predictive models, multiple classification metrics are used.
These metrics are selected to provide a balanced assessment of model effectiveness, particularly
in the presence of class imbalance in the dataset.

The evaluation focuses on how well each model identifies at-risk students, which is the primary
objective of this study.

3.5.1. Confusion Matrix Components

All evaluation metrics are derived from the confusion matrix, which consists of:
e True Positives (TP): at-risk students correctly classified as at-risk
o True Negatives (TN): successful students correctly classified as successful
o False Positives (FP): successful students incorrectly classified as at-risk
o False Negatives (FN): at-risk students incorrectly classified as successful

In this context, minimizing false negatives is particularly important because failing to identify at-
risk students reduces the effectiveness of early intervention systems.

3.5.2. Precision
Precision measures the proportion of correctly identified at-risk students among all students
predicted as at-risk.

TP

P .. _
recision TP + FP



High precision indicates that the model generates fewer false alarms, ensuring that interventions
are directed toward genuinely at-risk students.

3.5.3. Recall

Recall measures the ability of the model to correctly identify all at-risk students.

TP

Recall = TP+—F]V

In early-warning systems, recall is a critical metric because it reflects how many vulnerable
students are successfully detected.

3.5.4. FI1-Score

The F1-score is the harmonic mean of precision and recall, providing a single balanced measure
of model performance.

Precision X Recall

Precision + Recall

It is particularly useful when dealing with imbalanced datasets, as it accounts for both false
positives and false negatives.

3.5.5. ROC-AUC

The Receiver Operating Characteristic Area Under the Curve (ROC-AUC) measures the model’s
ability to distinguish between the positive (at-risk) and negative (successful) classes across
different classification thresholds.

A higher ROC-AUC value indicates better discrimination capability, with values closer to 1
representing stronger model performance.

3.5.6. Metric Selection Rationale

Given the imbalance in the dataset and the importance of correctly identifying at-risk students, the
Fl-score is used as the primary optimization metric during model tuning. However, precision,
recall, and ROC-AUC are also reported to provide a comprehensive evaluation of model
performance from multiple perspectives.



4. EXPERIMENTAL RESULTS AND EVALUATION

This section presents the empirical findings from the multi-model evaluation engine described in
the methodology. We evaluate the performance of our hyperparameter-optimized ensemble
classifiers across the stratified 5-fold cross-validation pipeline, using the dynamic telemetry
extracted at the first-quarter boundary (t = 7).

4.1.0verall Model Performance Comparison

To establish a clear technical baseline, all three optimized ensemble configurations—Random
Forest (RF), Extreme Gradient Boosting (XGBoost), and Light Gradient Boosting Machine
(LightGBM)—were evaluated against the test partitions.

Table 4.1.Comparative Performance Matrix for Optimized Ensemble Classifiers

Model Precision | Recall | F1-Score | ROC-AUC | Training Time (s)
Random Forest | 0.81 0.79 0.80 0.84 14.2

XGBoost 0.86 0.85 0.85 0.89 28.6

LightGBM 0.89 0.89 0.89 0.92 4.1

The results indicate that all three ensemble models perform reasonably well in predicting student
academic risk. However, clear differences are observed in predictive effectiveness.

LightGBM achieves the highest performance across all evaluation metrics, particularly in F1-score
and ROC-AUC, indicating stronger balance between precision and recall as well as superior class
discrimination ability. XGBoost follows closely, while Random Forest shows comparatively lower
performance across all metrics.

4.2.Discussion of Model Performance

The superior performance of LightGBM can be attributed to its optimized gradient boosting
framework and leaf-wise tree growth strategy, which allows the model to capture complex
nonlinear relationships in student behavioral data more effectively than level-wise tree approaches.

In addition, LightGBM benefits from efficient handling of large feature spaces and better
optimization of split decisions, which improves both accuracy and computational efficiency. This
is reflected in its significantly lower training time compared to XGBoost while still achieving
better predictive performance.



XGBoost also demonstrates strong performance due to its regularized boosting mechanism, which
reduces overfitting and improves generalization. However, its higher computational cost compared
to LightGBM limits its efficiency in large-scale or real-time applications.

Random Forest performs relatively lower in this study, likely because it relies on bagging rather
than sequential error correction. While it is robust and less sensitive to parameter tuning, it is less
effective at capturing complex dependencies in behavioral data compared to boosting-based
approaches.

4.3.Interpretation of Results

Overall, the findings demonstrate that ensemble learning methods are effective for early student
risk prediction, particularly when combined with appropriate preprocessing and imbalance
handling techniques. LightGBM consistently outperforms other models, suggesting that optimized
gradient boosting methods are particularly well-suited for learning analytics tasks involving
structured behavioral and demographic data. From an educational perspective, high recall is
especially important, as failing to identify at-risk students (false negatives) reduces the
effectiveness of early intervention systems. The results therefore indicate that the proposed
framework is suitable for supporting early-warning decision systems in higher education
institutions (Siemens et al., 2013).

4.3.1. Student Engagement as a Predictor of Academic Success

The feature importance analysis demonstrates that behavioural engagement indicators contribute
more strongly to predictive performance than static demographic variables. Variables such as
assignment submission latency, quiz participation, and discussion forum engagement consistently
exhibited higher predictive importance scores compared with background characteristics such as
age, gender, or socioeconomic indicators (Orji & J Vassileva, 2020).These findings are consistent
with learning analytics theory, which views student engagement as a dynamic and measurable
representation of learning behaviour. According to this perspective, students who interact regularly
with learning resources, participate in academic activities, and maintain consistent study patterns
are more likely to achieve positive educational outcomes. Conversely, reduced engagement may
indicate declining motivation, poor self-regulation, or increased risk of academic failure(Siemens
et al., 2013).

The results therefore suggest that behavioural learning traces generated within Virtual Learning
Environments provide valuable early indicators of academic risk and can support proactive
intervention strategies in higher education institutions.

4.3.2. Interpretation Through Self-Regulated Learning Theory

The observed importance of behavioural engagement variables may also be interpreted through
the lens of Self-Regulated Learning (SRL) theory. SRL proposes that successful learners actively
plan, monitor, and regulate their learning activities throughout the academic process (Schunk,
2013).

Indicators such as timely assignment submission, regular access to course materials, and active
participation in discussion forums can be regarded as observable manifestations of self-regulated



learning behaviours. Students exhibiting these behaviours are more likely to maintain academic
progress and adapt effectively to learning challenges (Schunk, 2013).

Consequently, the superior predictive power of behavioural features observed in this study
provides empirical support for the argument that self-regulation is a critical determinant of
academic success. Predictive learning analytics systems can therefore be viewed not merely as
classification tools but as mechanisms for identifying early disruptions in students' self-regulated
learning processes.

4.4.Key Findings Summary

The key findings from the experimental analysis can be summarized as follows:
o LightGBM achieved the best overall predictive performance across all evaluation metrics
o XGBoost provided competitive results but at higher computational cost
e Random Forest showed stable but comparatively lower performance
e SMOTE significantly improved recall and reduced false negatives

o Ensemble boosting methods outperform bagging methods for this task

4.5.Feature Importance Topographies

To ensure the framework does not operate as an uninterpretable "black box," we extracted global
feature importance scores using split-gain metrics. This evaluation identifies which data modalities
provide the strongest predictive signals for early-term risk assessment.



Feature Importance Topographies (Split-Gain Weight)

Rank Feature Modality Relative Importance Contribution (%)

Latency (At)

Total Quiz page view (S .
e e
Response Metrics 18.5%
High School Metric
L Ep

Matriculation Score

Socioeconomic Funding - 5.8%

Figure 1. Feature importance distribution based on LightGBM split-gain values showing the relative contribution of predictor
variables to student risk classification

The feature importance results indicate that behavioral engagement variables contribute the most
to predictive performance. Specifically, assignment submission latency (At) is the strongest
predictor, accounting for 32.4% of the total importance weight. This suggests that delayed
submission behavior during the early stages of the course is strongly associated with student risk
status. Similarly, quiz page views (24.1%) and discussion forum engagement metrics (18.5%)
also demonstrate high predictive relevance, highlighting the importance of continuous learning
engagement in Virtual Learning Environments.

In contrast, static demographic and institutional variables such as matriculation score (11.2%)
and socioeconomic funding status (5.8%) contribute less to the predictive model. This indicates
that real-time behavioral data provides stronger signals for early identification of at-risk students
compared to background characteristics alone.

Overall, these findings confirm that student engagement behavior within the learning platform is
a key determinant in early risk detection models.



5. CONCEPTUAL FRAMEWORK FOR INSTITUTIONAL
DEPLOYMENT AND RESPONSIBLE LEARNING
ANALYTICS

This section bridges machine learning theory with practical institutional deployment by presenting
a high-level architecture for a privacy-preserving, enterprise-grade student risk prediction system.
The proposed system is designed as a Human-in-the-Loop (HITL) Decision Support System,
ensuring that all predictive outputs are used strictly to assist academic staff and counselors rather
than to automate disciplinary or grading decisions. The architecture emphasizes data minimization,
de-identification, and role-based access control, aligning with institutional data governance
principles and applicable data protection regulations such as the Uganda Data Protection and
Privacy Act (Ronald et al., 2026).

5.1.Conceptual Institutional Deployment Architecture

The production-grade deployment framework is structured around a decentralized, decoupled
microservices architecture designed to integrate seamlessly into a university’s existing digital
network infrastructure without causing operational latency to live services.
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Figure 2. Presents a conceptual deployment architecture illustrating how the predictive learning analytics model

Figure above presents a conceptual deployment architecture illustrating how the predictive
learning analytics model may be integrated into institutional environments. The architecture
consists of four interconnected layers: (i) a data layer responsible for collecting student
demographic, academic, and behavioural information; (ii) a processing layer that performs data
cleaning, anonymization, and feature engineering; (iii) a prediction layer containing the trained
LightGBM model; and (iv) a decision support layer that presents risk indicators to authorized
academic staff.

The proposed architecture is intended as a conceptual framework rather than a production-ready
implementation. Its purpose is to demonstrate how predictive learning analytics systems may
support institutional decision-making while maintaining appropriate safeguards for privacy,
transparency, and responsible use of student data.



5.2.Ethics, Responsible Al, and Institutional Governance

The adoption of predictive learning analytics systems in higher education requires careful
consideration of ethical, social, and governance issues. Although machine learning models can
provide valuable insights for identifying students at academic risk, their deployment should be
guided by principles of transparency, fairness, privacy, and human oversight to ensure responsible
use of educational data (Bentley et al., 2023).

5.2.1. Transparency and Explainability

Institutions implementing predictive learning analytics systems should maintain transparency
regarding the types of data collected, the methods used to generate predictions, and the intended
use of predictive outputs. Students and academic staff should be informed about the categories of
demographic, behavioural, and academic data included in the predictive framework, as well as the
objectives of the early warning system (Holmes & Tuomi, 2022).

Furthermore, institutions should provide interpretable explanations of predictive outcomes where
possible. Explainable machine learning techniques, such as feature importance analysis and model
interpretability tools, can assist educators in understanding the factors contributing to student risk
classifications. Such transparency promotes trust and accountability while reducing concerns
regarding opaque algorithmic decision-making (Sokol et al., 2020).

5.2.2. Human Oversight and Decision Support

The predictive framework proposed in this study is intended to function as a decision support
system rather than an autonomous decision-making mechanism. Predictive outputs should support
human judgment by assisting educators, counselors, and academic administrators in identifying
students who may require additional support (Zhu et al., 2026).

Final decisions regarding academic interventions, counseling, or student support should remain
under the responsibility of qualified institutional personnel. Human oversight is essential to ensure
that contextual factors, which may not be captured by quantitative models, are considered during
decision-making processes. Consequently, predictive analytics should complement rather than
replace established academic support mechanisms (Kandikatla & Radeljic, 2025).

5.2.3. Fairness and Algorithmic Accountability

Machine learning systems may inadvertently introduce or amplify existing biases present in
educational datasets. Variables associated with demographic, socioeconomic, or institutional
characteristics may produce unintended disparities in predictive outcomes if not carefully
monitored. Institutions deploying predictive learning analytics systems should therefore
implement procedures for assessing fairness and monitoring potential disparate impacts across
different student groups. Periodic evaluation of model performance, bias audits, and recalibration
of predictive models are important mechanisms for ensuring that predictions remain equitable and
reliable over time (N. Zhou et al., 2022; Zhu et al., 2026).

In addition, institutions should establish governance frameworks that define responsibilities for
model maintenance, validation, and oversight. Such frameworks enhance accountability and
support the ethical application of artificial intelligence within educational environments.



5.2.4. Privacy and Data Protection

Educational datasets frequently contain sensitive demographic, behavioural, and academic
information. Consequently, protecting student privacy is a fundamental requirement for
responsible learning analytics. The proposed framework adopts principles of data minimization
and de-identification to reduce exposure of personally identifiable information during data
processing and analysis. Access to predictive outputs should be restricted to authorized academic
personnel based on institutional policies and clearly defined responsibilities. Furthermore,
institutional deployment of predictive analytics systems should comply with applicable national
and international data protection regulations. In the context of Uganda, this includes adherence to
the principles outlined in the Data Protection and Privacy Act, which emphasizes lawful data
processing, purpose limitation, transparency, and accountability (Nderu et al., 2024; Ronald et al.,
2026). By integrating transparency, human oversight, fairness, and privacy safeguards, predictive
learning analytics systems can support early student intervention while promoting ethical and
responsible use of artificial intelligence in higher education (Holmes & Tuomi, 2022).

5.3.Actionable Dashboard Delivery and Human-in-the-Loop Intervention

After classification, anonymized risk outputs (Token hash and risk category) are securely
delivered to the Institutional Dashboard Gateway. The system is designed as a decision support
tool, ensuring that final interventions remain under human control. Academic staff interact with
the system through two main interfaces: The Tutorial Assistant Dashboard, which provides
aggregated cohort-level analytics such as assignment submission trends and engagement patterns.
And The Student Counsellor Portal, which provides more detailed risk indicators for students
requiring targeted academic support or intervention. This dual-layer design supports early
identification of at-risk students while maintaining privacy through controlled access to de-
identified data. Intervention decisions remain the responsibility of qualified academic personnel
(Kumar et al., 2024).

5.4.Compliance with Global and National Data Protection Mandates

The system is designed in alignment with applicable data protection principles, including the
Uganda Data Protection and Privacy Act and general principles of data minimization, purpose
limitation, and access control.Rather than eliminating ethical oversight, the architecture is intended
to reduce exposure of sensitive personal data through de-identification and controlled access
mechanisms. As such, it supports institutional review processes by ensuring that data handling is
restricted, traceable, and purpose-specific .

Given that the system processes student-related behavioral and academic data, its deployment may
still require ethical review or approval depending on institutional policies governing educational
data analytics and predictive modeling.



6. CONCLUSION, LIMITATIONS, AND FUTURE RESEARCH

6.1.Conclusion

This study presents the design, implementation, and evaluation of a predictive learning analytics
framework for early identification of students at academic risk. The proposed system focuses on
early-term intervention by restricting operational analysis to the first 25% of the academic
semester, thereby enabling timely identification of at-risk learning trajectories compared to
traditional retrospective performance analysis.

Experimental evaluation using a stratified 5-fold cross-validation approach indicates that gradient
boosting methods, particularly LightGBM, outperform classical ensemble techniques such as
bagging-based models in terms of classification performance for structured educational datasets.

The optimized LightGBM model achieved a peak Fl-score of 0.89 and an ROC-AUC of 0.92,
demonstrating strong discriminative capability for early risk classification tasks. In addition, the
model exhibited efficient computational performance, with a training time of approximately 4.1
seconds under the experimental configuration.

To address class imbalance in the dataset, the Synthetic Minority Over-sampling Technique
(SMOTE) was applied during the preprocessing stage. This contributed to improved sensitivity
toward minority (at-risk) classes and resulted in a substantial reduction in false-negative
predictions, thereby improving the model’s suitability for early warning applications.

From an implementation perspective, the system demonstrates how machine learning pipelines
can be integrated into institutional environments using a secure, de-identified data processing
framework. However, while the system reduces exposure of personally identifiable information
through surrogate tokenization (e.g., salted SHA-256 hashing), its deployment still requires
appropriate ethical oversight in accordance with institutional review policies and applicable data
protection regulations, including the Uganda Data Protection and Privacy Act.

Overall, the study demonstrates the feasibility of deploying machine learning-based early warning
systems as decision support tools within higher education environments, while maintaining data
governance and privacy safeguards.

6.2.Limitations of the Study

Although the proposed predictive learning analytics framework demonstrates promising
performance for early student risk assessment, several limitations should be acknowledged.

First, the study relies exclusively on the Open University Learning Analytics Dataset (OULAD),
which originates from a single higher education institution. Consequently, the findings may not be
directly generalizable to universities operating under different educational systems, curricular
structures, or student demographics.

Second, the predictive models were developed using structured tabular data derived from
demographic records, assessment outcomes, and Virtual Learning Environment interactions. Other



potentially informative data sources, including textual discussion posts, feedback comments, and
socio-emotional indicators, were not considered in the present study.

Third, behavioural indicators extracted from Learning Management Systems may vary
considerably across institutions because of differences in platform configurations, instructional
practices, and student engagement patterns. Therefore, model performance may differ when
applied to alternative educational environments.

Fourth, the current framework focuses on early-term prediction using features extracted during the
initial stages of the academic semester. Although this design supports timely intervention, it does
not fully capture the temporal evolution of student learning behaviours across the entire academic
period.

Finally, while the study discusses a conceptual institutional deployment architecture, the proposed
framework has not yet been evaluated in a live institutional setting. Future work should therefore
investigate real-world deployment challenges, including user acceptance, institutional integration,
fairness monitoring, and long-term model sustainability.

Despite these limitations, the study provides evidence that optimized ensemble learning models
can serve as effective decision support tools for early identification of students at academic risk
and offers a foundation for future research in responsible learning analytics.

6.3.Implications for Educational Practice

The findings of this study have important implications for educational practice and institutional
decision-making in higher education. The superior performance of the LightGBM model
demonstrates the potential of ensemble learning techniques to support the development of robust
early warning systems capable of identifying students at risk of academic failure or withdrawal
during the early stages of their academic journey. By leveraging predictive analytics derived from
demographic, academic, and behavioral learning data, universities can implement proactive
interventions such as personalized academic advising, targeted mentoring, and timely student
support services (Arnold et al., 2012).

However, predictive models should be viewed as decision-support tools rather than fully
automated decision-making systems. Human oversight remains essential to ensure that predictions
are interpreted within the broader educational context and that interventions are fair, transparent,
and ethically grounded. Institutions adopting predictive learning analytics should therefore
establish policies that promote data privacy, algorithmic fairness, and responsible use of student
data. In addition, educators and academic administrators should be trained to understand both the
capabilities and limitations of predictive models to avoid overreliance on algorithmic outputs
(Pardo et al., 2014).

The integration of optimized ensemble learning models into institutional learning analytics
platforms may contribute to improved student retention, enhanced academic outcomes, and more
efficient allocation of educational resources. Consequently, this study provides practical evidence
that can guide higher education institutions seeking to implement data-driven strategies for



supporting student success while maintaining ethical and responsible educational practices
(Siemens et al., 2013).

6.4.Directions for Future Research

While the proposed framework demonstrates strong predictive performance and secure
deployment characteristics, several areas remain open for further investigation.

Dynamic Feature Re-weighting in Temporal Learning Models.

Future work may extend the current static feature representation by incorporating sliding-
window or time-aware feature engineering techniques. This would enable the model to capture
temporal shifts in student engagement and performance across multiple academic checkpoints
(e.g., 25%, 50%, and 75% of the semester).

Multi-Institutional Transfer Learning and Generalization

Further research could explore the adaptability of the trained LightGBM model across different
institutional contexts. This includes evaluating whether model parameters or learned patterns can
be transferred between universities with varying grading systems, curricula, and student
demographics without full retraining.

Integration of Natural Language Processing (NLP) Features

An additional extension involves incorporating unstructured textual data into the predictive
pipeline. Sources such as student discussion forum posts, academic feedback, and helpdesk
interactions may be analyzed using NLP techniques to extract sentiment, stress indicators, or
engagement patterns that complement structured academic data.
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