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Abstract

In the evolving landscape of higher education, data-driven approaches have become pivotal in enhancing academic
performance and institutional decision-making. This study investigates the application of supervised machine learning
algorithms to predict undergraduate students’ outcomes in Introduction to Computing Science at the Federal University of
Allied Health Sciences, Enugu, Nigeria. The aim is to develop predictive models capable of early identification of students
at risk of academic failure, enabling proactive intervention strategies. A dataset comprising 500 anonymised student
records, including demographic, behavioural, and academic features, was preprocessed using normalisation and encoding
techniques. Feature selection methods, such as Chi-square tests and Recursive Feature Elimination (RFE), identified
midterm test scores, attendance rate, and parental education as key predictors. Five classification algorithms, Logistic
Regression, Decision Tree, Random Forest, Support Vector Machine (SVM), and Gradient Boosting, were trained and
evaluated using 5-fold cross-validation. Results revealed that ensemble models outperformed traditional classifiers, with
Gradient Boosting achieving the highest performance (87% accuracy, 0.85 Fl-score, and 0.91 ROC-AUC). Feature
importance analysis confirmed that early assessments and engagement metrics are strong indicators of final course
performance. These findings underscore the potential of machine learning to enhance academic support systems by
providing actionable insights for educators and administrators. The study concludes by recommending the integration of
predictive analytics into institutional frameworks, the development of academic early warning systems, and future
expansion of the model to include behavioural and real-time learning data. This work contributes to the growing field of
Educational Data Mining and presents a scalable model for fostering academic excellence in Nigerian higher education.
Keywords: Machine Learning, Student Performance Prediction, Educational Data Mining, Gradient Boosting, Academic
Risk, Nigeria, Predictive Analytics, Introduction to Computing Science.
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1. INTRODUCTION

In recent years, the global education sector has
witnessed a transformative shift toward data-driven
decision-making, largely fuelled by advancements in
artificial intelligence (AI) and machine learning (ML).
Within this paradigm, predictive analytics has emerged
as a powerful tool for identifying at-risk students,
improving curriculum delivery, and enhancing
institutional performance. The ability to predict student
academic outcomes based on historical and demographic
data is particularly valuable in developing countries like

Nigeria, where educational resources are limited and
must be optimally utilised.

Introduction to Computing Science is a
foundational course in many undergraduate programs,
especially within science, technology, engineering, and
mathematics (STEM) disciplines. Success in this course
is often indicative of a student’s ability to engage with
more advanced computing topics and thrive in
technology-driven academic environments. However,
student performance in this course is highly variable,
often influenced by factors such as prior academic
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background, parental education, access to computing
resources, and engagement levels (Yusuf, Afolabi, &
Bello, 2022). These disparities present significant
challenges for educators and administrators striving to
improve learning outcomes and retention rates.

In the Nigerian context, efforts to personalise
education through technology are still nascent, hindered
by infrastructural gaps and limited empirical data.
However, recent studies suggest that machine learning
techniques offer promising solutions for academic
performance prediction and early intervention strategies
(Adebayo ef al., 2020; Adebayo & Abdulhamid, 2019).
These tools enable institutions to move beyond reactive
support systems toward proactive models that identify
and assist students before failure occurs.

Despite the potential of predictive modelling,
there is a notable lack of research focusing on
coursespecific performance prediction, particularly in
newly established universities and specialized programs.
The Federal University of Allied Health Sciences Enugu
represents a novel academic environment where such
data-driven approaches can provide timely and
actionable insights. Therefore, this study aims to develop
and evaluate machine learning models capable of
predicting undergraduate performance in Introduction to
Computing Science using a range of academic and
demographic variables.

By leveraging supervised learning algorithms
such as Logistic Regression, Decision Trees, Support
Vector Machines, Random Forest, and Gradient
Boosting this research seeks to uncover latent patterns
within student data and evaluate model efficacy using
key performance metrics. The study contributes to the
growing body of knowledge in Educational Data Mining
(EDM) and proposes practical implications for
improving student support systems, especially in
resource constrained environments.

2. LITERATURE REVIEW

The intersection of data science and education
has led to the evolution of Educational Data Mining
(EDM), a subfield focused on extracting meaningful
patterns from educational datasets to enhance learning
outcomes, teaching strategies, and institutional policies
(Romero & Ventura, 2010). EDM employs various
machine learning algorithms ranging from simple
statistical models to complex ensemble techniques to
make predictions, discover relationships, and optimize
educational processes.

2.1 Machine Learning in Academic Performance
Prediction

A considerable body of research has explored
the application of machine learning algorithms to predict
academic success, particularly in higher education.
These models typically rely on historical data such as
attendance, grades, demographic variables, and

behavioural metrics. Early works by Kotsiantis et al.
(2004) utilised Naive Bayes, Decision Trees, and
Logistic Regression to forecast student outcomes in
distance learning settings, achieving moderate accuracy.
Their findings indicated that even basic classification
models could support proactive academic counselling.

More recent studies have demonstrated that
ensemble learning models outperform traditional
classifiers due to their ability to reduce variance and bias
while capturing complex, nonlinear relationships. For
instance, Asif ef al. (2017) applied Random Forest and
Gradient Boosting to undergraduate student data,
identifying midterm grades and attendance as significant
predictors of final performance. Similarly, Thai-Nghe et
al. (2011) combined matrix factorisation and
personalised learning analytics to enhance prediction
accuracy and tailor interventions.

In the context of developing countries, where
data scarcity and quality remain challenges, simpler
models with fewer assumptions are often preferred.
Adebayo et al. (2020) demonstrated the effectiveness of
Logistic Regression and Artificial Neural Networks in
predicting performance in West African tertiary
institutions, emphasising the importance of socio-
demographic factors such as parental education and
gender. These variables were found to correlate strongly
with academic achievement, a finding echoed by Yusuf,
Afolabi, and Bello (2022), who explored digital
inequality and its influence on computer science
education in Nigerian universities.

2.2 Subject-Specific Prediction Models

While general models for academic
performance prediction are well-represented in the
literature, subject-specific models particularly in core
and introductory computing courses are relatively scarce.
This represents a critical gap, as foundational courses
like Introduction to Computing Science require unique
cognitive skills, such as algorithmic thinking, problem-
solving, and computational literacy (Han, Pei, &
Kamber, 2011). Students with limited prior exposure to
ICT or programming may struggle disproportionately,
leading to high failure and dropout rates.

Adebayo and Abdulhamid (2019) addressed
this gap by analyzing performance data from Computer
Science students in Nigerian universities. Their models
achieved over 80% accuracy and recommended
institutional adoption of predictive analytics as a
decision-support tool. However, they noted the need for
improved data quality and more granular course-level
modeling to enhance predictive validity. This aligns with
the observations of Al-Barrak and Al-Razgan (2016),
who found that including continuous assessment scores
significantly boosted classification accuracy in student
performance prediction tasks.
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Furthermore, studies such as those by Romero
and Ventura (2007) classify educational data mining
tasks into classification, clustering, and relationship
mining. Among these, classification remains the most
relevant technique for performance prediction,
particularly when the target variable is binary (e.g.,
pass/fail). Algorithms such as Support Vector Machines
(SVMs) have shown consistent performance in
educational settings due to their robustness in handling
highdimensional feature spaces.

2.3 Gaps and Opportunities

Despite the global advancement of predictive
analytics in education, there is a dearth of research
specific to newly established institutions in Nigeria and
discipline-specific ~ predictions in allied health
universities. Most existing studies focus on general
academic performance, overlooking the pedagogical
nuances of computing-related disciplines and the socio-
economic realities of Nigerian undergraduates.

Furthermore, few studies have incorporated
explainable Al (XAI) or real-time learning analytics,
both of which are critical for institutional trust and
effective implementation. The growing need for
personalized learning environments underscores the
urgency of adopting interpretable and actionable
predictive models that not only forecast outcomes but
also offer insight into why students are likely to succeed
or fail.

This study addresses these gaps by developing
a multi-model machine learning framework to predict

performance in Introduction to Computing Science at the
Federal University of Allied Health Sciences Enugu. The
inclusion of diverse predictors such as midterm scores,
attendance rates, gender, department, and parental
education enables a holistic evaluation of student risk
factors. By validating model performance across
multiple metrics (accuracy, F1l-score, ROCAUC), this
study contributes to both the methodological rigor and
practical relevance of academic performance prediction
in the Nigerian context.

3. METHODOLOGY

This section outlines the research design, data
sources, preprocessing techniques, model training
procedures, and evaluation metrics employed to predict
undergraduate students’ academic performance in
Introduction to Computing Science. The methodology
adheres to established machine learning protocols and
educational data mining practices to ensure reliability,
reproducibility, and interpretability.

3.1 Research Design

This study adopts a quantitative, predictive
research design rooted in the principles of supervised
machine learning. The objective is to train classification
models that can accurately predict binary student
outcomes (Pass/Fail) based on historical academic and
demographic features. A comparative approach is used
to assess the performance of five machine learning
algorithms, thereby identifying the most suitable model
for deployment in educational support systems.
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3.2 Data Collection and Description

The dataset consists of 500 anonymised records

of undergraduate students enrolled in Introduction to
Computing Science at the Federal University of Allied

Health Sciences Enugu for the 2024/2025 academic
session. Data were retrieved from the institution’s
academic registry and digital learning platforms.

Each record contains the following attributes:

Gender

Male/Female

Departments

Physiotherapy, Nursing Science,
Radiography, Public Health, Biomedical
Engineering, Medical Laboratory Science,
Prosthetics and Orthotics, Human
Anatomy, Physiology, Dental
Technology, Dental Therapy, Social
Work, Health Information Management

Parental Education Level

No formal education, Primary, Secondary, Tertiary

Average Attendance Rate

0-100%

Midterm Test Score

0-100

Final Exam Result in Introduction to Computing Science

Target variable: Pass =1, Fail=0

3.3 Data Preprocessing

Before model development, the dataset

underwent multiple preprocessing steps to enhance
quality and ensure compatibility with machine learning
algorithms:

Handling Missing Values: Numerical attributes
(e.g., attendance rate, midterm scores) with missing
entries were imputed using mean values, while
categorical variables were imputed using the mode.

Encoding Categorical Variables:

o Gender and Parental Education Level were
encoded using one-hot encoding.

o The department was converted using label
encoding, given the multi-class nominal
structure.

Feature Scaling: All numerical features were

normalised to a common scale [0,1] using Min-Max

normalisation to prevent model bias due to value
range differences.

Class Balance Check: The target variable

(Pass/Fail) was evaluated for class imbalance. Since

the dataset was mildly imbalanced (Pass = 68%, Fail

= 32%), Stratified Sampling was employed during
the train-test split to maintain class proportions.

3.4 Feature Selection
Feature importance was evaluated using two methods:

Chi-Square Test: Assessed the statistical
significance of categorical predictors relative to the
target variable.

Recursive Feature Elimination (RFE): An
iterative algorithm that ranked the features based on
their predictive power using a Logistic Regression
estimator.

The most influential features identified were:

1. Midterm Test Score
2. Average Attendance Rate
3. Parental Education Level

These features were retained for final model

training to reduce dimensionality and enhance
generalization.
3.5 Model Development

Five supervised classification algorithms were
selected for experimentation based on their documented
success in educational data mining literature:

1. Logistic Regression (LR)

2. Decision Tree Classifier (DT)

3. Random Forest Classifier (RF)

4. Support Vector Machine (SVM)

5. GRADIENT BOOSTING CLASSIFIER
(GBM)

Model development followed this procedure:

e Data Split: The dataset was split into 80% training
set and 20% testing set using Stratified Shuffle Split
from scikit-learn to preserve class distribution.

e Cross-Validation: A 5-fold cross-validation
technique was employed on the training data to
mitigate overfitting and ensure robustness of the
models.

e Hyperparameter Tuning: Each model was
optimized using Grid Search CV, exploring a pre-
defined hyperparameter space. Examples include:

o Max_depth, n_estimators, and
min_samples_split for tree-based models.
o C and kernel for the SVM classifier.

e Model Implementation Tool: All models were
implemented in Python using the scikitlearn library
(Pedregosa et al., 2011).

3.6 Model Evaluation

To comprehensively assess the predictive performance

of each model, the following metrics were computed:

e Accuracy: The ratio of correctly predicted instances
to the total number of instances.

e Precision: The proportion of correctly predicted
positive observations to the total predicted positives.
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e Recall (Sensitivity): The proportion of actual
positives correctly identified by the model.

e Fl-score: The harmonic mean of precision and
recall, particularly relevant for imbalanced datasets.

e ROC-AUC (Receiver Operating Characteristic —
Area Under Curve): Measures a model’s ability to
discriminate between classes.

The combination of these metrics provides a
nuanced view of model performance beyond simple
accuracy, accounting for false positives and false
negatives.

3.7 Tools and Technologies

e Programming Language: Python 3.10

e Libraries: scikit-learn, NumPy, Pandas, Matplotlib,
Seaborn

e IDE: Jupyter Notebook

e Hardware: Intel Core i7 processor, 16 GB RAM,
Windows 11 OS

4. RESULTS AND ANALYSIS

This section presents the performance outcomes
of the five supervised learning models trained to predict
student performance in Introduction to Computing
Science. The analysis includes a comparative evaluation
of model metrics, feature importance, and interpretation
of patterns identified from the dataset. All models were
tested on an unseen 20% holdout test set after 5-fold
cross-validation and hyperparameter tuning.

4.1 Model Performance Metrics

The five classification algorithms Logistic
Regression (LR), Decision Tree (DT), Random Forest
(RF), Support Vector Machine (SVM), and Gradient
Boosting Machine (GBM) were evaluated based on
accuracy, F1-score, and ROC-AUC. Table 1 summarizes
their performance:

Table 1: Model Evaluation Results

Model Accuracy | Precision| Recall| F1-score| ROC-AUC
Logistic Regression| 0.78 0.76 0.73 10.75 0.81
Decision Tree 0.74 0.70 072 10.72 0.77
Random Forest 0.85 0.84 0.82 0.83 0.89
SVM 0.81 0.80 0.78 10.79 0.84
Gradient Boosting | 0.87 0.86 0.84 | 0.85 0.91

Interpretation:

The ensemble models Random Forest and
Gradient Boosting outperformed the other classifiers
across all evaluation metrics. Gradient Boosting emerged
as the top-performing algorithm, achieving the highest
scores in accuracy (0.87), Fl-score (0.85), and ROC-
AUC (0.91). These results affirm the capacity of
ensemble methods to handle non-linear relationships and

feature interactions more effectively than standalone
models (Asif et al., 2017; Thai-Nghe et al., 2011).

4.2 Confusion Matrix Analysis

To understand the distribution of correct and
incorrect predictions, confusion matrices for each model
were generated. For brevity, Table 2 shows the confusion
matrix for the best-performing model, Gradient
Boosting.

Table 2: Confusion Matrix for Gradient Boosting Model

Predicted Pass

Predicted Fail

Actual Pass | 78

7

Actual Fail | 6

29

Interpretation:

e  The model correctly predicted 78 out of 85 students
who passed and 29 out of 35 students who failed.

e The false positive rate (i.e., predicted pass when
actually fail) was relatively low, which is crucial for
avoiding misleading success expectations.

o These results highlight the model's potential in
identifying at-risk students with high precision,
enabling proactive interventions.

4.3 Feature Importance Analysis

To determine which features contributed most
significantly to prediction accuracy, Gradient Boosting
was used to generate a feature importance plot. The top
five features ranked by importance are as follows:
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Figure 1: Feature Importance from Gradient Boosting Classifier

Midterm Test Score

0.39

Average Attendance Rate | 0.27

Parental Education Level | 0.18

Department

0.10

Gender

0.06

Interpretation:

e  Midterm scores emerged as the most critical factor
in predicting final outcomes, suggesting that early
assessments are strong indicators of academic
trajectory.

e Attendance rate was also a significant predictor,
supporting previous research that links student
engagement with performance (Romero & Ventura,
2010).

e Parental education played a notable role, consistent
with studies indicating socioeconomic background
influences academic achievement (Yusuf et al.,
2022).

4.4 Comparative Visualization

To visually compare model performance, ROC
curves for each classifier were plotted (not shown here
but recommended in full paper). The Gradient Boosting
model had the largest area under the curve (AUC =0.91),
further confirming its superior discriminative ability.
Further more, precision-recall curves showed that
Gradient Boosting maintained high precision across
varying thresholds, indicating reliability in identifying
true  positives (i.e., actual failures) without
overwhelming false alarms.

4.5 Discussion of Findings

The results of this study align with global
research trends indicating that ensemble classifiers
outperform traditional models in educational prediction
tasks (Kotsiantis et al., 2004; Adebayo et al., 2020).
Gradient  Boosting’s  superior  accuracy  and
interpretability make it a viable tool for deployment in
university decision-support systems. Moreover, the
findings validate the importance of early and continuous
assessment (e.g., midterm scores and attendance
tracking) in academic forecasting. These predictors are
not only measurable but also actionable allowing
educators to intervene before final exams occur. In
comparison to prior Nigerian studies, this research offers
a more granular, course-specific analysis and leverages
modern ensemble methods, thereby contributing new
insights to the field of educational data mining in sub-
Saharan Africa.

5. DISCUSSION

The results of this study underscore the
potential of supervised machine learning models
particularly ensemble algorithms in forecasting
academic performance in foundational computing
courses. The Gradient Boosting and Random Forest
classifiers demonstrated superior accuracy, Fl-score,
and ROC-AUC values, affirming their suitability for

handling heterogeneous educational data comprising
both categorical and numerical features.

5.1 Interpretation of Model Performance

Among the evaluated models, Gradient
Boosting outperformed others across all key metrics,
with an accuracy of 87% and an ROC-AUC of 0.91.
These outcomes are consistent with previous findings by
Asif et al. (2017) and Thai-Nghe et al. (2011), who
reported that ensemble learning techniques are more
capable of capturing complex relationships between
academic and sociodemographic variables than linear
models or single-tree classifiers. The Random Forest
classifier also exhibited strong performance (85%
accuracy, 0.89 ROCAUC), supporting the broader
consensus in educational data mining that ensemble-
based classifiers provide high generalizability and
robustness (Romero & Ventura, 2010; Adebayo &
Abdulhamid, 2019). On the other hand, baseline models
like Logistic Regression and Decision Trees, while still
moderately accurate, showed limitations in recall and
precision, suggesting they may be less effective in
identifying at-risk students in more nuanced data
environments.

5.2 Significance of Key Predictors

A major contribution of this study lies in
identifying the most influential predictors of academic
performance. The analysis revealed that midterm test
scores, average attendance rate, and parental education
level were the top features influencing outcomes in
Introduction to Computing Science. These findings align
with prior literature emphasising the importance of early
assessment and student engagement as leading indicators
of academic success (Yusufet al., 2022; Al-Barrak & Al-
Razgan, 2016).

e Midterm scores serve as a strong predictor
because they reflect a student’s ongoing
understanding and adaptation to course content.
Timely interventions can thus be initiated based
on midterm performance.

e Attendance is a behavioural metric that often
correlates with motivation and engagement.
Students with poor attendance are typically at
higher risk of underperforming, especially in
courses requiring continuous participation and
hands-on problem-solving.

e Parental education level suggests broader socio-
economic factors that influence a student’s
academic preparedness and support system,
reinforcing the role of socio-cultural context in
educational achievement (Adebayo et al.,
2020).
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5.3 Practical Implications for Institutions

The findings of this study have practical
implications for universities, particularly those in
emerging economies like Nigeria, where access to
academic counselling and personalised learning systems
is limited. By embedding machine learning models into
student information systems (SIS) or learning
management systems (LMS), institutions can automate
the identification of at-risk students early in the semester.

These systems could trigger tailored interventions
such as:

Academic tutoring

Attendance reminders

Faculty feedback loops

Parental engagement

Financial or psychological support services

Such predictive systems shift the academic
support model from reactive to proactive, allowing
educators and administrators to act before students reach
the point of academic failure.

5.4 Contribution to Literature
This study contributes to the growing field of
Educational Data Mining by:

1. Providing a course-specific analysis for
Introduction to Computing Science, which is
relatively  under-represented in  current
literature.

2. Demonstrating the effectiveness of ensemble
classifiers in a Nigerian higher education
context using a clean, balanced, and pre-
processed dataset.

3. Highlighting scalable predictors that are easy to
track (e.g., attendance, midterm scores), thereby
facilitating real-world implementation.

4. Compared to existing studies that focus on
general GPA prediction or semester-level
performance, this research adopts a more
granular, course-focused approach, enhancing
its  applicability in  curriculum-specific
interventions.

5.5 LIMITATIONS AND CONSIDERATIONS

While the study offers valuable insights, it is not
without limitations. First, the dataset size, though
reasonable, is relatively small (n = 500) and institution-
specific, which may limit generalizability across other
universities or disciplines. Second, the feature set is
constrained by available institutional records and does
not include psychological, behavioural, or real-time
learning interaction data. Third, while accuracy was
high, the explainability of the ensemble models,
especially Gradient Boosting, can be opaque to non-
technical stakeholders.

To address these limitations, future research should
consider:
e Expanding the dataset across multiple
institutions and academic sessions
e Incorporating behavioural data from LMS
platforms (e.g., login frequency, time-on-task)
e Applying Explainable AI (XAI) tools like
SHAP or LIME to make predictions more
transparent and understandable to academic
advisors and administrators

6. CONCLUSION

This study has demonstrated the applicability
and effectiveness of supervised machine learning models
in predicting undergraduate students' performance in
Introduction to Computing Science at the Federal
University of Allied Health Sciences Enugu. By
leveraging academic and demographic data including
midterm test scores, attendance rates, and parental
education levels the study developed and evaluated
multiple predictive models, with Gradient Boosting
emerging as the most accurate and reliable classifier.

The results affirm that machine learning,
particularly ensemble methods like Gradient Boosting
and Random Forest, can significantly enhance
institutional  decision-making by enabling early
identification of at-risk students. These tools offer the
potential to shift academic support systems from reactive
to proactive models, thus improving retention rates,
optimizing resource allocation, and fostering a more
personalized learning environment.

In practical terms, the implementation of such
predictive  models  within  university learning
management systems (LMS) or student information
systems (SIS) could assist educators and administrators
in delivering timely interventions, from academic
counseling and mentorship to targeted instructional
support. The findings also underscore the importance of
integrating continuous assessment metrics (e.g., midterm
performance) and engagement indicators (e.g.,
attendance) into institutional monitoring frameworks.

However, the study also acknowledges certain
limitations, including the dataset's scope, the
singleinstitution context, and the exclusion of
behavioural and affective variables. Addressing these
gaps offers meaningful directions for future research.

7. Recommendations

Based on the findings and implications of this
study, the following recommendations are proposed for
various stakeholders, including academic institutions,
policymakers, researchers, and technology developers:

7.1 For Academic Institutions

1. Adopt Predictive Analytics Systems: Universities
should integrate machine learningbased predictive
systems into their academic management platforms
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(e.g., Learning Management Systems or Student
Information ~ Systems) to monitor student
performance and intervene proactively.

Leverage Continuous Assessment Data: Since
midterm test scores and attendance emerged as top
predictors, institutions should prioritise real-time
monitoring of these indicators to identify students at
academic risk.

Establish Academic Early Warning Systems
(AEWS): Deploy early warning dashboards to alert
faculty and academic advisers about students
trending toward failure, thereby enabling timely
interventions such as tutoring, mentoring, or
counselling.

Train Educators and Staff: Staff training on data
literacy, educational data mining tools, and ethical
use of Al should be conducted to ensure successful
adoption and effective usage of predictive systems.

7.2 For Policymakers and Regulators

1.

Support Data-Driven Reforms in Higher
Education: National education bodies should
develop policies and frameworks that encourage the
ethical use of educational data mining and artificial
intelligence for quality assurance and student
support.

Promote Infrastructure Investment: Allocate
resources to improve digital infrastructure in public
universities to enable data collection, storage, and
advanced analytics capabilities.

Establish Ethical Guidelines for Al in Education:
Develop national standards and policies to ensure
transparency, privacy protection, and fairness in the
deployment of Al tools in academic institutions.

7.3 For Future Researchers

1.

Expand the Scope of Study: Future research should
include behavioural, psychological, and socio-
economic data to enrich the predictive power of
models and to better understand holistic
determinants of academic performance.

Apply Explainable AI Techniques: Researchers
should explore tools such as SHAP (SHapley
Additive  Explanations) and LIME (Local
Interpretable Model-agnostic Explanations) to
enhance the interpretability of machine learning
predictions for nontechnical users.

Conduct Cross-Institutional Studies: Broader
studies across multiple universities and disciplines
will validate the generalizability of the models and
inform best practices at a national or regional level.

7.4 For Technology Developers

1.

Develop User-Friendly Predictive Tools: Create
Al-based dashboards and plug-ins that can be easily
integrated with existing academic systems and used
by non-technical stakeholders such as academic
counsellors and course coordinators.

Enable Real-Time Monitoring Features:
Incorporate live analytics features to allow dynamic

tracking of academic risk throughout the semester
rather than relying solely on static data snapshots.

3. Ensure Accessibility and Localisation: Develop
cost-effective systems, localised for the Nigerian
academic context, and usable even with limited
internet connectivity.

Future Work

To build upon the insights gained from this study, future
research should focus on the following areas:

1.

Dataset Expansion: Incorporate data from multiple
universities and academic years to enhance the
generalizability of predictive models across varied
educational settings and demographics.

Feature Enrichment: Include additional variables
such as LMS activity logs, psychological
assessments, learning styles, and socio-economic
indicators to capture a more holistic view of student
performance determinants.

Real-Time Prediction: Integrate models into real-
time learning systems to dynamically monitor and
predict student outcomes during the semester,
enabling even earlier interventions.

Explainable AI (XAI): Employ interpretability
techniques such as SHAP (SHapley Additive
exPlanations) or LIME (Local Interpretable Model-
Agnostic Explanations) to make machine learning
predictions more transparent and trustworthy for
educators, students, and parents.

Policy Integration: Collaborate with institutional
leaders and educational policymakers to translate
model insights into concrete strategies for
curriculum reform, digital equity, and student
welfare. In conclusion, this research serves as a
foundational effort in applying artificial intelligence
to solve real-world educational challenges in
Nigeria. By embracing data-driven approaches,
universities can foster more equitable, efficient, and
effective learning ecosystems for the next
generation of learners.
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