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Abstract

This paper presents a novel machine learning methodology for predicting student attrition in elLearning environments.
Recognizing the limitations of traditional approaches, research exploring the power of ensemble machine learning, combining
the strengths of Na'we Bayes, Gradient Boosting, and Random Forest algorithms. To further enhance predictive accuracy based
on machine learning, integrating Simulated Annealing for parameter optimization and validation, allowing for fine-tuning of
each individual model within the ensemble. An investigation of why students in Kenya public universities dropout from
particular course, early identification and mitigation procedures of students attrition. The ensemble weights are iteratively
adjusted and optimized to create a robust predictive machine learning model. This paper allows the machine learning model to
learn complex patterns within the data that contribute to student’s attrition identification. Using a mixed method research design
for optimal predictive machine learning in student attrition identification offers a robust approach to understanding and
addressing the multifaceted issue of student dropout. Both quantitative and qualitative methods, researchers can develop more
accurate, interpretable, and actionable models, ultimately leading to more effective interventions and improved student retention
rates. Research validate the proposed framework using real-world elLearning datasets, comparing its performance against
standalone models. The results demonstrate the effectiveness of combining ensemble learning with optimization techniques,
highlighting the potential for improved precision in identifying at-risk students. This methodology contributes to the field of
educational data mining by pioneering the use of Simulated Annealing for attrition prediction, offering a scalable solution for
institutions to proactively support student retention and improve eLearning outcomes.
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1. Introduction to Research Methodology

Student attrition poses a significant challenge in higher
education, particularly within developing regions where dig-
ital learning platforms are being rapidly adopted. In Kenya,
attrition rates have reached approximately 35% in traditional
classroom settings and around 25% in eLearning and blended

environments. Such statistics underscore a critical institu-
tional and national issue: the premature withdrawal of stu-
dents disrupts academic progression, reduces institutional
efficiency, and undermines broader educational development
goals. With the increasing integration of Learning Manage-
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ment Systems (LMS) and digitized administrative data, higher
education institutions are now in a position to implement
intelligent, data-driven approaches to understanding and pre-
dicting student disengagement [1, 2].

Recent advances in machine learning (ML) have shown
promise in addressing educational problems, particularly in
the domain of student retention. A growing body of literature
explores how ML algorithms can analyze large volumes of
student data to predict attrition. For instance, [3]employed
decision trees and logistic regression to forecast student
dropout, while [4] utilized behavioral anomalies as indicators
of potential attrition. [5] presented a machine learning pipe-
line tailored for asynchronous learning environments such as
MOOCs, and [1]conducted a systematic review on ML-based
student retention models. Despite these contributions, existing
methods often exhibit limitations such as reliance on sin-
gle-model architectures, limited generalizability across di-
verse educational settings, and insufficient optimization of
model parameters.

To address these gaps, this study proposes a hybrid en-
semble learning approach for student attrition prediction that
combines the strengths of multiple classifiers—NaWe Bayes,
Gradient Boosting, and Random Forest. The novelty of the
proposed framework lies in its integration of Simulated An-
nealing, a metaheuristic optimization technique, to refine both
model hyperparameters and ensemble weights. This strategy
not only enhances predictive accuracy but also improves
model adaptability across different institutional contexts.
Furthermore, this research adopts a mixed-method research
design, incorporating both quantitative data from institutional
records and LMS logs, and qualitative insights from surveys
and interviews. This dual-pronged approach ensures the
model captures both measurable and contextual indicators of
attrition [6].

Predictive models of this nature are applicable in several
educational contexts. They can serve as the core of early
warning systems that alert administrators to students who may
require intervention, assist in resource optimization by tar-
geting support services where they are most needed, and
contribute to curriculum redesign efforts by highlighting
course-level factors associated with dropout. In national pol-
icy contexts, such models can inform data-driven strategies
for improving retention rates in digital learning environments.

A range of predictive model variants have been developed
in the literature, including statistical models such as logistic
regression, single-classifier approaches using support vector
machines and decision trees, and ensemble methods like
Random Forests and XGBoost. More advanced models have
employed time-series analysis and explainable Al frame-
works. This study contributes to the ensemble-optimization
subset of models by leveraging Simulated Annealing to bal-
ance the predictive contributions of individual learners. This
study is guided by the following central research question:
How do we develop a predictive optimal machine learning
model for student attrition identification based on identified
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features? This question forms the foundation of the method-
ological framework and drives the choice of algorithms, op-
timization strategies, and feature engineering techniques em-
ployed throughout the study.

The key contributions of this research are as follows:

1) Development of an ensemble-based predictive model
integrating Nawe Bayes, Gradient Boosting, and Ran-
dom Forest classifiers;

2) Implementation of Simulated Annealing for dynamic
hyperparameter tuning and ensemble weight optimiza-
tion;

3) Use of a mixed-method data collection framework for
robust and interpretable model training;

4) Validation of the model on a large-scale real-world da-
taset from five Kenyan universities comprising over
4,400 student records; and

5) Practical relevance through alignment with institutional
needs for early intervention and policy formulation.
These contributions advance the state-of-the-art in ed-
ucational data mining and offer actionable pathways for
mitigating student attrition in eLearning settings.

The remainder of this paper is organized as follows. Section

2 introduces the Problem formulation of this research, while
Section 3 provides a comprehensive research methodology.
Subsequently, Section 4 presents the experimental results and
analysis in Section 5. Describes data driven mitigations and
Section 6 concludes twith final remarks and suggestions for
future research.

2. Problem Formulation

Formally, let the dataset consist of nnn student records,
each represented by a feature vector x;€R® where (d) is the
number of input features such as academic scores, login fre-
quency, demographic characteristics, and engagement metrics.
The corresponding target variable y;-):[0,1] denotes the stu-
dent's status, with 1 indicating dropout and O indicating re-
tention.

The primary goal is to learn a predictive function F(-) that
maps student features x; to a predicted outcome y; -f(X)=(x.,0)
minimizing the discrepancy between predicted and actual
attrition outcomes.

Where 6 represents the parameters of the learning model.
The function F is constructed as an ensemble of base classi-
fiers, each contributing partial predictions. Let [fy,f,,...,fu]
denote M base learners, and let w,, be the weight associated
with the m™ learner, such that ym_,wm = 1with Wy, The
ensemble prediction.

fei=Zm=1 wmfm(x1) )

y=fX0) =0}, wjxj+b )

X=[x1,x2,....xnJ\mathbf(X) = [x_1, x_2,..., x_n]
X=[x1,x2,...,xn]: Feature vector representing each student's
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attributes
Y=Y(0,1)y \in \(0, 1\) represents classify target

Table 1. Variable Definitions.

Symbol  Description

% Feature vector representing the attributes of the ii-th
student

Vi Ground truth label: 1 for dropout, O for retained student

YA Predicted label for the ii-th student

£ E_nsemble classifier combining predictions from mul-
tiple base learners

£ The mm-th base classifier (e.g., Na'we Bayes, Random
Forest, XGBoost)

W Weight of the mm-th base classifier in the ensemble

0 Model-specific parameters of the classifiers

L Loss function used for optimization (e.g.,
cross-entropy)

(]3] Regularization term to penalize complex models
Number of base learners in the ensemble

N Total number of students in the dataset
Number of features (input variables) per student record

3. Research Methodology

This study employs a mixed machine learning methodol-
ogy to construct a predictive model for attrition, aiming to
proactively identify potential students’ attritions before the
behavior occurs. To address student attrition in Kenya, con-
sidering the identified attrition rates of 35% for traditional
learning and 25% for eLearning and blended learning, a
comprehensive methodology incorporating the following
steps is recommended [3].

If predicting into more than two classes (e.g., graduate risk,
attrition, recanted low risk).

-3

To formally express a classification model equation that
categorizes students into attrition classes (e.g., dropout vs.
retained). This comprehensive approach, grounded in attrition
and attrition identification, underscores the importance of
leveraging machine learning to construct predictive models
that facilitate early identification and targeted strategies for
potential attritions in educational settings [4]

eWkTX+bk

Z?:l e WKTX+bj

©)
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LO = ¥7  1(y1, 21870 + ft(Xi) + B(fH)=1 (4)

To predict the i-th instance at the t-th iteration, it is neces-
sary to incorporate the function ft(Xi) + B(ft) in order to
minimize the corresponding objective function.

3.1. Methodology Design

Using a mixed method research design for optimal predic-
tive machine learning in student attrition identification offers
a robust approach to understanding and addressing the mul-
tifaceted issue of student dropout. By leveraging the strengths
of both quantitative and qualitative methods, researchers can
develop more accurate, interpretable, and actionable models,
ultimately leading to more effective interventions and im-
proved student retention rates [5].

A literature review design outlines the systematic approach
taken to gather, evaluate, and synthesize existing research
related to machine learning model for optimal prediction of
student’s attrition in eLearning environment [2].

3.2. Descriptive Analysis of Student Attrition

Descriptive analysis provides a foundational approach to
examining the patterns, trends, and characteristics of student
attrition. By analyzing demographic data, academic perfor-
mance, engagement levels, and other relevant factors, insti-
tutions can identify at-risk students and implement targeted
interventions. This analysis helps in formulating policies and
practices aimed at reducing dropout rates and improving
overall educational outcomes. This paper employing a com-
bination of these methods, educational institutions can effec-
tively identify at-risk students and implement strategies to
improve retention and reduce attrition rates [4].

3.3. Quantitative Data Collection Methods

Quantitative methodology leverages numerical data to
build and refine machine learning models for predicting stu-
dent attrition. Various methods are deployed to ensure com-
prehensive data collection and analysis. Collect large-scale
numerical data from student records, including demographics,
academic performance, attendance, and interaction logs from
eLearning platforms. Data will be collected from the Kenya
Ministry of Education, Kenyan universities offering online
courses, and publicly available educational datasets. Gather
student demographic data, academic performance metrics,
engagement levels, and other relevant variables from both
traditional and elLearning/blended learning programs. Ana-
lyze historical data to identify patterns and factors contrib-
uting to attrition in each mode of learning. In-depth Data
collection, Google questionnaires, interviews and Systems
logs observation [7].
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Qalitative Analysis, Test
hypothesis, interviews, surveys,
experiments, structured datasets

Quantitative Analysis, non-
numerical data, interviews,
observation

Mixed method research design

Demographic ’_

-’{ Information
) Student Engagement

LH Assessment (Examine ) |—
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Ho! Learning Style H
H Information Literacy, H
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Figure 1. Methodology Design.

3.4. Qualitative Data Collection Methods

Qualitative methodology plays a crucial role in enriching
machine learning models for student attrition identification by
providing deeper insights and contextual understanding.

A comprehensive approach to understanding student attrition
involves multiple data collection methods. In-depth interviews and
focus groups with students, faculty, and administrators uncover
personal, social, and institutional challenges contributing to drop-

out rates. Cohort assessments help identify group-specific patterns,
enabling the customization of predictive models for different stu-
dent demographics. Open-ended surveys provide qualitative in-
sights into students' experiences, revealing trends that inform pre-
dictive features. Additionally, analyzing system logs from Learn-
ing Management Systems (LMS) helps track engagement levels
and interaction behaviors, highlighting early warning signs of
attrition. Observing section interactions and elLearning content
delivery further identifies effective teaching strategies, supporting
targeted interventions to improve student retention.

4. Machine Learning Methodology (Machine Learning Methodology Step)

Sampling the data
(Datasets) students
elearning data

Assessments of the
model.

Accuracy, precision,
recall, Fl-score

Modelling, Artificial Neural
Network (ANN), Decision Tree e

Feedbackto
Machine
learning

model for
optimization

Exploratory Data
Analysis (EDA)
Visualization of the
datasets

Modify and Feature
Selection

(DT) and Bayesian Network (BN)

Fisher score,
selection of data
features for modelling

Figure 2. The Semma process of machine learning modelling [1].

SEMMA (Sample, Explore, Modify, Model, Assess)
SEMMA widely used in data mining and predictive analytics
projects across various industries. Its structured and iterative
approach ensures that the data thoroughly understood and
prepared, leading to the development of robust predictive
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models. The methodology particularly effective when dealing
with large datasets that require efficient processing and anal-
ysis.
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4.1. Step 1 Data Collection Techniques,
Sampling the Data

Gather student demographic data, academic performance
metrics, engagement levels, and other relevant variables from
both traditional and eLearning/blended learning programs.
Analyze historical data to identify patterns and factors con-
tributing to attrition in each mode of learning.

i. The Ministry of Education

(https://www.education.go.ke/) data base.

ii. UNESCO Institute for Statistics (https://uis.unesco.org/)

provides global education data.

Data will include student demographics, academic per-
formance, attendance records, engagement metrics, and in-
teraction with eLearning platforms.

website

4.2. Step 2, Exploratory Data Analysis (EDA)

The data then explored using statistical and graphical
techniques to understand its structure, identify outliers, and
uncover underlying relationships among variables. In the
realm of attrition identification, a meticulous data
pre-processing stage was undertaken with the two datasets.
This essential step ensured the cleanliness and accuracy of the

| Demographic Information

data before model development. To uphold privacy, sensitive
information revealing individual identities was expunged. The
process involved handling missing values by replacing them
with medians and zeroes, guaranteeing a refined and priva-
cy-conscious training set for the subsequent stages of the
attrition identification model development. Handle missing
values, normalize data, encode categorical variables, and split
into training and testing sets [8].

4.3. Step 3, Data Description

To develop and validate a robust machine learning model
for predicting student attrition, crucial to use a substantial and
representative dataset. The size and characteristics of the
dataset used for analysis and simulation play a significant role
in ensuring the model's accuracy and generalizability. Quan-
titative data Academic performance, attendance records, and
eLearning platform interactions from major universities and
colleges in Kenya. Available datasets from research publica-
tions and open data.

i. Total number of student records: 4424,

ii. Number of institutions 5 major public universities and

colleges offering eLearning programs.

Selected features for

| Student Engagement Metrics — modelling
[ Special needs Educational f—>| Marital status }_
PmAg:iisnﬂ: (Examine ) _[®>{Occupation H

Accessibility to Technology —1»-{ Special needsl Educational [

Learning Style Preferences —>| Programs units }— Machine learning
Fees payment status students attrition

_ _ ->| Fees payment status ’— dicti
Information Literacy — prediction

Inflation rate —.>| Inflation rate ’_
arget ’_H GDP =
| Inflation rate —
[GDP *_'>| Target ’—
| Unemployments F>| Unemployments ’—
\ Extemal Factors —
‘ Unemployments ’—

Figure 3. Features selection to students Attrition perdition [8].

nn-1)x2
2!

+ o ®)

Fj = ((uji)/1! +

4.4. Step 4, Modify and Feature Selection

Data preparation is essential for developing predictive
models for student attrition. This step includes cleaning data
to address inconsistencies, transforming variables for com-
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patibility, and creating new features to enhance predictive
power. Selecting relevant features ensures the model focuses
on key factors that influence attrition [9].

The Fisher score, a statistical feature selection technique,
will identify the most significant variables for the predictive
model. Features such as student engagement metrics, as-
sessment scores, and interaction patterns will be prioritized
based on their discriminative power. This ensures the model
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captures critical patterns indicative of attrition, improving
accuracy and effectiveness in eLearning environments. Split
the Datasets into two training datasets and testing datasets
construct the training data set and feed training datasets the
data into the attrition prediction models. Data Spitted selected
features [4]. Training Set: 80% of the dataset (3,540 Student
records).

i. Training Set: 80% of the dataset (3,540 Student records).

ii. Validation and testing Set: 20% of the dataset (885

Student records).

4.5. Computational Experiment

The computational experience for this study involved the
implementation of advanced machine learning algorithms
using Python and relevant data science libraries such as

Scikit-learn, XGBoost, and TensorFlow. Data preprocessing,
feature engineering, model training, and evaluation were
conducted in Jupyter Notebooks. Hyperparameter tuning was
carried out using Grid Search and Simulated Annealing tech-
niques. The experiments were executed on a
high-performance computing environment to ensure efficient
processing of large datasets and support real-time predictive
modeling for student attrition.

In a more recent study, [10] discussed the application of
predictive analytics in identifying at-risk students. They
demonstrated how machine learning models could predict
student attrition based on various factors, allowing for early
and effective interventions. The paper underscored the po-
tential of data-driven approaches in enhancing student reten-
tion in eLearning environments.

Stage 4 Modelling Built

Machine learning

Stage 5 Evaluation

Random Forest

Simulated annealing

Naive Bayes

Stage 2 Stage 3: Modify & Data split
Stage 1 Exploratory ~ features selection
Data source Datasets Training
Dataset 80% »
3

XGBoost |

Optimal machine Prediction

Normalization Features

Support Vector Machine

A\

Learning model Results

Preprocessing selection

Odel
Database

Logistic Regression

LRefining optimal model feedback-

Testing
Dataset 20%

Modeling Validation

Figure 4. Steps Conceptual Model for Predicting Student Attrition in ELearning Environments [11].

4.6. Step 5, Modelling Machine Learning
Student’s Attrition Prediction

Different modeling techniques are applied to the prepared
data to build predictive models. This step involves training
machine learning algorithms on the dataset. Training the pre-
diction models that were constructed based on machine
learning methods such as the Artificial Neural Network
(ANN), Decision Tree (DT) and Bayesian Network (BN) to
derive the samples of the prediction model. Machine learning
models are crucial for predicting student attrition by identi-
fying at-risk students based on various data points. Among the
optimal algorithms for this task are. Using these algorithms,
educational institutions can develop robust predictive models,
enabling timely interventions to reduce attrition rates and
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improve student retention [12].

fr (x)=arg minify}_, gif(xi)+'/,hif(xi)+Q()  (6)
To calculate the corresponding optimal equation for pre-
dicting the instance at the iteration in a machine learning
model like Gradient Boosting, we generally aim to minimize a
loss function by adding a new function ft(Xi) + B(ft)) to the
ensemble model [12, 5].
y = fX,0) = 0(Xj-, wjxj + b) (7
X=[x1, x2,..., xn\mathbf(X) = [x_1, x_2,..., x_n]X = [x1,
X2,..., Xn]: Feature vector representing each student's attrib-
utes.
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Built Machine learning

>

Random Forest

|_

-
g g Pre-process, —ﬂ Simulated annealing I—
o3 normalization odel Opti mization Evaluation Optimal
Testing & _—q Naive Bayes i_ prediction model Optimal algorithm algorithm
Validation 20%
—>< XGBoost I—
—ﬂ Support Vector Machine I—

.

Logistic Regression

|_

Figure 5. Machine learning multiple algorithm [4, 13, 14].

4.7. Step 6, Assessments of the Model

The final step evaluates the performance of the models
using appropriate metrics and validation techniques to ensure
they meet the desired objectives. Use Testing datasets for
testing, feeding it into the actual samples of prediction model
previously generated. Assessing the predictive machine
learning model for student attrition identification involves
several key steps to ensure its accuracy, reliability, and effec-
tiveness. Performance metrics such as accuracy, precision,
recall, and Fl-score are evaluated to measure the model's
ability to correctly identify at-risk students. K-fold
cross-validation implemented to ensure robustness and miti-
gate overfitting. A confusion matrix is used to visualize true
positives, true negatives, false positives, and false negatives,
highlighting areas of misclassification [1].

5. Data-Driven Interventions

Data Source/
Database

Data Preprocessing

Features Selection Fisher score
—>‘ Training Datasets 80% I Testing Datasets 20%

[
v y Y Y
Random Logical Naive Gradient Y
A Forest regression Bayves Boosting ~
upport Vector Simmlated
. annealing

Data distribution
(10 fold cross validation)

(

)

Optimization prediction

Optimal Results

Figure 6. Building of the machine learning model [15, 16].

154

Quantitative models play a critical role in identifying stu-
dents at high risk of attrition by analyzing patterns in aca-
demic performance, engagement metrics, and demographic
variables. However, to effectively design targeted interven-
tions, it is essential to complement these insights with quali-
tative data. For example, while predictive models may indi-
cate that students with low platform engagement are more
likely to drop out, qualitative methods such as interviews and
focus groups can uncover the underlying reasons such as lack
of interactive content in eLearning platform, feelings of iso-
lation, or unclear course expectations and learning outcome.
This combined approach not only validates the predictive
outcomes but also provides a deeper understanding of the
student experience. By integrating both quantitative and
qualitative methods, educational institutions can develop
more comprehensive support systems that address both the
symptoms and root causes of attrition. Ultimately, this syn-
ergy enables timely, personalized interventions, enhancing
student retention and the overall effectiveness of eLearning
programs.

6. Conclusion

This study presented a hybrid ensemble machine learning
framework for the prediction of student attrition in eLearning
environments, with a focus on Kenyan public universities. By
combining Nawe Bayes, Random Forest, and Gradient
Boosting algorithms, and optimizing their performance
through Simulated Annealing, the proposed model demon-
strated improved accuracy and robustness compared to sin-
gle-model approaches. The mixed-method research de-
sign—incorporating both quantitative and qualitative da-
ta—enabled the identification of key behavioral, academic,
and contextual features that contribute to student dropout,
thereby enhancing model interpretability and practical rele-
vance.

The findings indicate that early prediction of attrition is
feasible using institutional data, LMS logs, and structured
surveys. The model's predictive capabilities can inform
timely interventions and support systems that improve stu-
dent retention and academic performance in digital educa-
tion contexts. This contribution aligns with the broader goal
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of developing data-driven decision-support tools for educa-
tional administrators and policymakers. Despite the prom-
ising results, several challenges emerged. First, data im-
balance between dropout and retained student cases affected
classification sensitivity. Second, variations in feature
availability across institutions introduced limitations in the
generalizability of the model. Third, while Simulated An-
nealing offered effective parameter optimization, it also
introduced computational overhead that may not be feasible
in all institutional settings. Lastly, limited availability of
qualitative feedback from students constrained the depth of
contextual interpretation in certain cases [6].

Future research may focus on several directions. Inte-
grating time-series models such as LSTM networks could
enable dynamic tracking of engagement and learning tra-
jectories over time. Further investigation into explainable Al
methods, such as SHAP or LIME, would enhance model
transparency and institutional trust. Additionally, expanding
the dataset to include more diverse institutions across dif-
ferent regions and incorporating real-time data streams from
LMS platforms could further strengthen model accuracy and
scalability. Lastly, co-designing predictive tools with edu-
cational stakeholders—such as faculty, counselors, and
students—could improve intervention design and foster
sustainable institutional adoption. In conclusion, the pro-
posed ensemble learning methodology offers a scalable,
data-informed solution to one of higher education's most
pressing issues: student attrition. With continued refinement
and contextual adaptation, such models can play a central
role in shaping the future of personalized, inclusive, and
resilient eLearning ecosystems.

Abbreviations

HEI Higher Education Institution
LMS Learning Management System
MOOC Massive Open Online Course
ICT Information and Communication Technology
Al Artificial Intelligence

ML Machine Learning

eLearning Electronic Learning

GPA Grade Point Average
SEMMA  Sample, Explore, Modify, Model, Assess
EDA Exploratory Data Analysis
SVM Support Vector Machine

RF Random Forest

XGBoost  Extreme Gradient Boosting
DT Decision Tree

BN Bayesian Network

TP True Positive

TN True Negative

FP False Positive

FN False Negative

F1 F1 Score

Ccv Cross-Validation
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