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Abstract

Student dropout has become a major concern in higher education, affecting institutional
performance, academic outcomes, and overall student development. This study introduces a
data-driven framework that applies ensemble machine learning models to identify students
who are likely to discontinue their studies. The framework combines several algorithms,
including Random Forest, Gradient Boosting, AdaBoost, and a Voting Classifier, to achieve
higher predictive accuracy and model stability. The research begins with systematic data
preparation that includes cleaning, feature selection, and exploratory data analysis to ensure
that the input data are reliable and meaningful. The models are then trained and evaluated
using performance measures such as accuracy, precision, recall, and F1-score. Results show
that ensemble methods perform better than traditional single models by effectively capturing
complex patterns within student data. The findings demonstrate that early identification of
at-risk students can support timely academic interventions and improve retention outcomes.
In addition, the study discusses ethical considerations such as data transparency, fairness,
and student privacy, which are essential for the responsible use of predictive systems.
Overall, this work contributes to the growing field of educational data mining by presenting
a reliable and interpretable approach that can help institutions enhance student success
through informed decision-making.
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1 Introduction

In every country, education is the central from academic programmes causes

pillar of economic growth, social
development, and innovation. The human
capital that drives technological and
industrial progress is particularly nurtured
through higher education. However,
despite the global expansion of higher
education institutions and  access
programs, the issue of student attrition
continues to drive down institutional and
personal achievement (or potential) over
time [6, 7]. Early dropping out of students

financial losses to the universities,
ineffective resource distribution and
psychosocial stress of learners. The
globe’s understanding indicates that
higher learning dropout issues are at 15-
35 per cent, varying with socioeconomic
characteristics, institutional
characteristics, and readiness in learning
capacity and inclination to participate in
university learning [19, 28]. In nations
such as India, where tertiary education
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enrollment has witnessed sheer growth,
retaining students has been a problem that
has only become a focal concern in recent
decades [12, 13].

Since high amounts of administrative and
learning data are being collected by
universities, the potential for converting
these data into actionable intelligence has
become more apparent. The standard
statistical indicators of performance are
not adequate enough to represent the
complex behavioural and academic
subtleties that result in  dropout
occurrences. Accordingly, educational
institutions are now adopting
computational intelligence and data
analytics to obtain future-oriented insights
and develop timely intervention plans [5,
18, 25]. Similar developments suggest a
path toward preemptive decision-making,
providing evidence-based frameworks to
identify vulnerable students and monitor
their academic progress more accurately.
1.1 Role of Machine Learning in
Educational Analytics

Machine learning has emerged as an
essential asset in redefining educational
analytics from descriptive reporting to
predictive and prescriptive modelling. As
they can automatically detect patterns in
significant and complex data, machine
learning algorithms enable institutions to
move beyond typical statistics and make
data-driven, evidence-based decisions
[5][12]. At the higher education level,
such approaches have been routinely
utilised to predict student performance,
engagement, and dropout likelihood by
picking up on subtle context and
behaviour indicators that are difficult for
human teachers to pick up on manually
[13].

For this purpose, several supervised and
unsupervised machine learning models—
such as decision trees, support vector
machines, neural networks, and ensemble
models—have proved very promising in
analysing student data [18][16]. Ensemble
learning methods, on the other hand, have
emerged as extremely popular given that
they may combine multiple base models
to reduce variance and improve overall
predictive consistency [10][25]. Research
by Talamas and Ceballos (2023) and
Yagcr (2022) illustrates how ensemble
methods outperform single classifiers by
taking advantage of complementary

strengths of models and improving
robustness across different datasets
[27][19]. In addition, the incorporation of
explainable artificial intelligence has
started to close the loop between
algorithmic prediction and educational
explanation. Explainability software helps
teachers understand why a system
predicts that a student may be at risk. By
showing the reasons behind each
prediction, it supports fairness and
increases trust in technology-based
decisions. When combined with dropout
prediction models, explainability tools not
only improve the accuracy of identifying
at-risk students but also help schools
design timely and ethical support
strategies to improve student outcomes.
1.2 Problem Definition

The issue of anticipated dropout remains a
complex and multifaceted problem
despite the growing recognition of student
retention as a strategic priority. Cognitive,
social, institutional, and economic factors
can interact in non-linear ways to produce
academic disengagement, which can
cause changes in surveys and the
predetermined  effect of academic
disengagement later on in the life of a
person or group of prospective sampled
pupils [11]. These inter-dependencies
cannot be readily determined using
standard analytical tools like logistic
regression or correlation analysis and are
restricted to dealing with large,
heterogeneous datasets of education
[13][5]. As a result, school administrators
miss the chance to identify potential
dropouts early on, which complicates
timely intervention and increases the risk
of losing talented students.

Recent conceptions of machine learning
have allowed so-called data-driven
solutions to model forms of complex
behavioural and contextual variables that
can contribute to persistence [18][19].
Nevertheless, most available predictive
works utilise a single classifier, which can
influence the sensitivity of outputs in
terms of performance when applied to
different students or fluctuate in the
academic experiences of students or
institutions of higher learning [6][10].
Small or localised datasets are known to
overfit the tiny model readily and do not
generalise across institutions, gathering an
agent becoming lost in general-population
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code (where surrogate outcomes are
presumed to mirror each other) as
examined by default models defined using
metaparis models such as plain MDP or
hypothetical MDP models. Thus, the issue
of making a constitutive, collective
structure consisting of a combination of
the wvarious learning algorithms to
increase the accuracy and strength of
predictions is ultimately immediate. This
framework should not only identify at-
risk students early but also provide clear
insights to facilitate timely and fair
academic assistance [25][32]. The main
task of the current research is to fill this
gap.

1.3 Research Gap and Motivation
Although significant advancements have
been made in applying machine learning
to  educational prediction, several
limitations hinder the validity and
practical applicability of these models.
Most of the existing research is based on
small or small-scale datasets, which are
just adequate to represent the diversity of
student populations within institutions and
fields of study [12]. As a result, the
models, which are fitted with this kind of
data, tend to produce deplorable
generalizability through their application
in new settings. Furthermore, most
existing literature  employs  single
classifiers, which are inaccurate due to
their sensitivity to data representation,
noise, and parameterisation tuning
required to optimise quantitative results
during case performance testing and
training.

Compound ensemble methodologies that
combine two or more algorithms are more
stable in their predictions and more
accurate in their findings, as the strategies
overcome the limitations of each model
individually. However, available literature
does not provide detailed frameworks that
ascertain  ensemble models through
widespread empirical measurements in
various learning settings. Few studies also
compare the variants of ensembles
(Random Forest, Gradient Boosting,
AdaBoost, etc.) in an experimental
context in a systematic way under the
same research environment [13, 27]. In
addition to that, large volumes of
literature on the issue of predictive
analytics and  its ethical and
interpretability aspects in the sphere of

education are comparatively limited.
However, these two elements are the most
important in the context of responsible
application of Al. This research has been
driven by the necessity to fill these gaps
by designing a data-driven, ensemble-
based model that would be more accurate
in its predictions and, at the same time,
remain transparent and reduce bias. With
the help of modern learning methods and
strict assessment indicators, the proposed
study can help form a practical and
ethically substantiated recommendation
for the initial detection of at-risk learners
in tertiary institutions.

1.4 Research Objectives and
Contributions

The present study seeks to bridge the
methodological and practical  gaps
identified in existing research by
developing a  robust, data-driven
framework for early prediction of student
dropout. The general aim is to develop
and test ensemble machine learning
models that improve the predictive power,
interpretability, and ethical transparency
of educational analytics. To do so, the
research is advised by the following
specific aims in Figure 1. The main
contribution of this research is the
combination of ensemble learning and
explainable Al in a single predictive
approach for educational analytics.
Through a comparative analysis of
predictive models and an emphasis on
interpretability, this study provides

methodological contributions and
practical  guidance for institutions
developing data-driven retention

initiatives. In doing so, it aligns with
emerging scholarship that frames machine
learning as a means to enhance student-
support systems rather than a purely
technical exercise.

Fig. 1 Research Objectives
1.5 Structure of the Paper
The remainder of this paper is organised
in the following structure. Section 2
presents review on existing literature
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about educational data mining and student
dropout prediction focusing on major
methodologies, research gaps, and
emerging trends. Section 3 presents the
proposed  methodology, ie., data
collection, preprocessing of data, feature
engineering, and application of ensemble
learning algorithm. Section 4 contributes
to the experimental setup, evaluation
metrics, and evaluation of the proposed
model. Section 5 discusses the results in
terms  of  interpretability, ethical
consequences, and implications for
institutional practice. Section 6 concludes
the paper with a summary of key results,
practical insights, and directions for future
investigation.

2 Literature Review

Reliability on data for the predictions has
also created an impact on the educational
sector, to predict the number of students
dropping out, using machine learning
methods. A systematic review method
was used to cover the existing literature
extensively. The Preferred Reporting
Items for Systematic Reviews and Meta-
Analysis (PRISMA) guidelines were
utilised to improve methodological
transparency and reproducibility. The
review process includes identification,
screening, eligibility, and inclusion
phases. According to identified gaps and
future research directions, the literature
review was underpinned by the following
key questions as seen in Figure 2 below:

Fig. 2 Reseach Questions

2.1 PRISMA-based Review Process

To ensure research discipline and
reproducibility, the literature review was
conducted following the Preferred
Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) guidelines.
The PRISMA framework provided a
organized and clear approach for
identifying, screening, and unifying
relevant studies on student dropout
prediction and ensemble-based machine

learning. The process followed four major
stages: Identification, Screening,
Eligibility, and Inclusion, as described
below [18, 28].

2.1.1 Identification:

The first search was conducted on main
academic databases like Scopus, IEEE
Xplore, SpringerLink, ScienceDirect, and
ACM Digital Library, covering the
publication date range of 2015 to 2025.
Boolean search strings were formed by
combining words like "student dropout
prediction,” "machine learning,"
"ensemble models," "educational data
mining," and "explainable AI". A total of
148 records were obtained in this phase.
2.1.2 Screening:

All the records found were ranked for
importance by searching through titles,
abstracts, and keywords. Non-scholarly
sources and duplicates were removed,
leaving 96 publications. Studies that did
not focus on predictive modeling, higher
education, or data-driven analytics were
excluded at this stage. The systematic
screening at this point ensured that only
high-quality, relevant research was kept
for further assessment.

2.1.3 Eligibility:

The remaining 63 full-text articles were
evaluated by considering the predefined
inclusion criteria. Studies were considered
eligible if they (i) used machine learning
or hybrid computational models for
dropout  prediction, (ii)  presented
empirical or comparative analysis, and
(iii) were published in peer-reviewed
journals or conferences. Exclusion criteria
included studies deficient in
methodological clarity , using language
other than English, and works not related
to higher education analytics. Following
eligibility assessment, 36 peer-reviewed
studies were finally selected for
qualitative synthesis. These included both
journal  articles and  conference
proceedings  emphasizing  ensemble
learning, hybrid models, or explainable
Al in the context of dropout prediction.
2.2 Addressing RQ1: Evolution of
Machine Learning in  Dropout
Prediction

Classical statistical methods, such as
logistic regression, linear discriminant
analysis, and decision-tree models, were
widely used in far-reaching studies of the
past to predict student dropout.[12]
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Although these approaches provided some
interpretability, they had limitations due
to their inability to represent the extent of
non-linear interaction between
multidimensional characteristics, which
was limited to a degree of linear
interaction.Subsequent ~ advances  in
computation fueled wusing machine-
learning techniques, such as Support
Vector Machines, Random Forests and
Gradient Boosting to forecast intricate
forms of dropout [13, 20]. Employed
alongside heterogeneous learning records,
empirical rates improved notably in
predictive wvalidity and externalisation
across groups. Nevertheless, there was
one more such weakness; the models were
not quite adaptive to changing
institutional contexts and hence often
produced dissimilar results in the context
of diverse groups of students. The
outcomes of their three experiments
involving two thousand participants were
diverse, and this is why one would have
to use more context-relevant analytical
systems [10, 18].

2.3 Addressing RQ2: Impact of
Ensemble and Hybrid Models

Ensemble models have emerged as a
dominant strategy to enhance predictive
performance and reduce model variance
[23, 25]. Techniques such as bagging,
boosting, and stacking integrate multiple
base classifiers, yielding more stable
predictions than single learners. Studies
by Talamas and Ceballos (2023) and
Rabelo et al. (2025) confirmed that

stacked ensembles consistently
outperform individual algorithms by
leveraging complementary model

strengths [27, 32]. Hybrid models, which
combine deep learning with ensemble
learning techniques, have also shown
promising results in modelling student
engagement and progression  [28].
Nonetheless, the literature indicates a
limited number of comparative studies
that analyse ensemble variants within
unified experimental setups, highlighting
a critical gap for standardisation and
benchmarking.

2.4 Addressing RQ3: Interpretability,
Ethics, and Research Opportunities
Most of the studies use the prediction
accuracy as the performance metric.
Therefore interpretability and ethical
transparency remain underexplored areas.

Explainable Al (XAI) frameworks now
provide mechanisms to interpret model
predictions and reduce the risk of
algorithmic bias. However, very few
studies have integrated interpretability
metrics  with  prediction accuracy.
Researchers such as Yagci (2022) and
Vasconcelos et al. (2023) emphasize the
necessity of balancing predictive power
with ethical compliance and student data
privacy [19, 28].

The existing literature thus focuses on a
two-fold challenge—improving predictive
accuracy while simultaneously
safeguarding trustworthiness and fairness,
creating the rationale for the ensemble-
based explainable framework proposed in
this paper. Table 1 below summarizes the
key studies reviewed under the three
research questions.

Table 1 Long-form Literature Summary
of Studies on Student Dropout Prediction
(2012-2025)

Refe Datase Key
renc Method t/ Contrib Limita
e ology Scope ution tion

[1] Rando Genera Introduce Not

m IML dRF applied
Forest bench propertie specific
algorith marks / s for ally to
m lecture robust  educati
descript notes non- onal
ion and linear dataset
evaluati classifica s
on tion
[2] C4.5,k- Online Early Small,
NN, certific applicati course-
Neural ate on of specific
Networ progra data dataset;
k m mining to limited
classifie (n=189 online  general
rs ) course izabilit
dropout 'y
predictio
n

[3] Logistic Admin Demonst Single-

regressi istrativ rated source
onand e value of data;
decision enroll administr limited
trees ment  ative feature
and records  diversit
transcr for y
ipt data dropout
predictio
n
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Refe Datase Key Refe Datase Key

renc Method t/ Contrib Limita renc Method t/ Contrib Limita

e ology Scope ution tion e ology Scope ution tion

[4] Dataset Open Provided Dataset [8] Rando ITCR Compare Limite
publicat Univer a context m dataset d d
ion/ sity standardi limited Forest, (2011— multiple interpre
benchm (UK) zed to UK Neural 2016) algorith tability
ark student dataset open Nets, msand and
(OULA records enabling univers SVM, found RF dataset-
D) (OUL  reproduci ity Logistic strong  specific

AD) ble environ Regress for finding
benchma ment ion dropout s
rks predictio

[5] Heterog Univer Showed Does n
eneous  sity multi- not [9] Benchm Multip Standardi Limite
ensembl student model  address arking le zed d
e records ensemble explain on public benchma context
method and s can ability OULA dataset rking ual
s survey improve of D/ release resources metada

data  accuracy ensemb Kaggle s for ta
over le datasets (OUL dropout/e about
individua predicti AD, ngageme learner
I models ons Kaggle nt s

[6] Decisio Admin Early Results ) research
ntrees, istrativ detection localize [10] Rando First- Identifie Region
regressi e system  d to the m year  dhigh- al
on, student for at- studied Forest CS impact  dataset;
AdaBoo data  risk instituti and student features limited
st (state students ons feature s for CS  externa

and using selectio (region student 1
private administr n al attrition  validati
univers ative data institut on
ities) ion)

[7] Correlat High- Identifie High- [11] Survey Global Synthesi Survey
ional school d school and literatu zed ML  -level,
analysis data  socioeco focus; compar re approach no new
and nomic not ative 2010s es for empiric
regressi and directly review dropout al
on behavior transfer predictio modeli

al able to n ng
correlate HE perfor
s of settings med
d.mp out [12] Educati Literat Conceptu Lacks
risk onal ure al experi
data synthe mapping mental
mining sis of EDM or
overvie approach bench
w es for markin
dropout g
predictio compo
n nents
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Refe Datase Key Refe Datase Key
renc Method t/ Contrib Limita renc Method t/ Contrib Limita
e ology Scope ution tion e ology Scope ution tion
[13] Ensemb Univer Tempora Limite [42] EDM Institut Applied Limite
le + sity 1 d pipeline ional early- d
survival enroll modeling interpre sand  dataset warning dataset
analysis ment of tability regressi s pipelines scale in
dataset dropout and on for study
s with deploy analysis interventi
ensemble ment ons
survival §i1scuss [19] Supervi Educat Framewo Focus
models _ion sed ML ional rk for more
[14] Logistic First- Practical Narrow for progra predictin on
regressi year  tool for dataset achieve m g perfor
onand cohort first-year scope; ment dataset academic mance
decision data, at-risk  limited predicti s achievem predicti
trees tool identifica externa on ent using on than
develo tion 1 ML dropout
pment validati [20] Learnin MOO Compare Lacked
on g Csand d standar
[15] Rando Univer Demonst Single- analytic online methodol dized
m sity rated RF instituti s course ogical empiric
Forest acade + on case method literatu choices al
with mic SMOTE study; s survey re for bench
SMOT records yields potenti dropout mark
E for  (2008- high al predictio compar
imbalan 2012) accuracy overfitt nin isons
ce on ing online
institutio contexts
nal data [21] OULA OULA Provided Single
[18] Review Buildi Clarified Not D D best- dataset
of ng preproce specific benchm standar practice basis
preproc operati ssing to arking dized benchma limits
essing onal  best educati studies dataset rks for  general
techniq dataset practices onal s algorith  izabilit
ues s for dataset m y
(gener reliable s but evaluatio across
al) ML broadly n instituti
applica ons
ble [23] Stacked Blackb Proposed Ethical
[16] Time- Online Modeled More generali oard  Stacked /
aware learnin temporal comple zation LMS  Generali explain
models g/ dynamics x (MLP, and zation for ability
and semest improvin tuning RF, grade Failure aspects
sequenc er- g and XGBoo center Predictio not
e based temporal data st, data  n (SGFP) deeply
modelin data  dropout require LGBM) with high explore
g forecasti ments accuracy d

ng
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Refe Datase Key Refe Datase Key
renc Method t/ Contrib Limita renc Method t/ Contrib Limita
e ology Scope ution tion e ology Scope ution tion
[24] Two-  Univer Demonst Compu [25] Review Broad Synthesi Largely
layer  sity rated tational of literatu zed theoreti
stacked course stacked cost ensembl re on  ensemble cal;
ensembl work ensemble and e class  techniqu limited
es dataset s comple learning imbala esand  educati
S outperfor xity for nce augment on-
mbase scaling and ation specific
learners augme strategies empiric
[22] System Literat Synthesi Limite ntation al case
atic ure zed d studies
review 2015— dropout discuss [39] Review Brazili Summari Broad
of 2021  predictio ion of of EDM an and zed scope;
EDM/L n XAI trends broade trends, less
A techniqu integrat r opportun focus
method es and ions literatu ities, and on
s trends re challenge concret
[28] Multidi School Proposed Limite synthe s in e
mensio and conI:bine d S18 EDM models
nal univers d Cross- [41] Compar Mixed Compare Lack of
early- ity analytics validati ative institut d ensemb
warning dataset and ML on model ional candidate le-level
framew s for EWS across evaluati dataset models bench
ork design  dataset on s for mark in
S dropout the
[27] Stackin Univer Reduced Limite predictio  study
g sity features d n
ensembl dataset while diversit aceuracy
ewith s; maintaini y of [31] Compar Higher Presente Short
feature econo ngmodel dataset ative educati dearly confere
reductio mic performa s ML on predictio nce
n analysi nce conside classifie student n results paper
s of red IS records for with
interve (Rando wused in dropout limited
ntions m EDM using experi
[29] Early Online Builta Integrat Forest, 2024  standard menj[al
: . . XGBoo confer ML detail
warning course practical ion S
system cohorts early- with st ence  pip clines and no
using warning deep Logistic study and cross-
ML interventi learnin Regress benchma instituti
ion) rk onal
ontool g . D1
limited evaluatio validati
non on
[26] Teachin Educat Introduce Not conferen
g Al ional d directly ce
with resourc practical focused datasets
interacti es and tools for on
ve case Al dropout
noteboo studies educatio predicti
ks n; on
supports
reproduci
bility
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Refe Datase Key Refe Datase Key
renc Method t/ Contrib Limita renc Method t/ Contrib Limita
e ology Scope ution tion e ology Scope ution tion
[40] Critical Revie Synthesi Grey- [36] AI- Moroc Case Preprin
review wand zed literatu based can study t; not
of policy- ethical re identific educati demonstr peer-
ethical oriente imperativ review ation  on ating Al- review
issues d esand  (institut case system based at- ed yet
and source practical ional study  preprin risk
governa s; guideline report); (preprin t identifica
ncein higher s for not a t) tion
predicti educati responsib peet- [37] Sparse Preprin Proposed Experi
ve oon le Use O.f feview logistic t sparse  mental
analytic context predictiv. ed iy regressi metho interpreta preprin
S © _ - cmpme on with ds for ble post- t; needs
analytics al lusteri interpr clusterin peer
in higher study ¢ P T peel
: ng etable g logistic review
cducatio modeli model
n ng
[32] Ensemb Brazili Proposed Higher e o Rerean Aoy echetons Dred 4% e
le with an an comput
XAI higher interpreta ational
hybrid educati ble comple
framew on ensemble xity;
ork dataset architect prelimi
S ure for  nary —
dropout  results i
predictio Fig. 3 Distribution of research articles by
n technology used in dropout prediction
[34] Scalabl Applie Proposed Early- studies (2012-2025).
eML d scalable stage As illustrated in Figure 3, the review
predicti Scienc predictiv implem confirms the growing integration of
ve es e entatio ensemble learning and explainable
framew imple analytics n; artiﬁcigl intellig.ence (XAI)  within
ork mentat approach require educational analytics research. Ensemble
ion for S methods dominate recent studies owing to
notes  dropout further their robustness and ability to handle
risk validati heterogeneous data sources, while XAl
on approaches are increasingly being adopted
to improve interpretability and
[35] Ten-  Decad Compreh Broad transparency in model outputs. However,
year al enstve - covera prolonged  constraints  related  to
review S}’nthe decade- 8¢, pot generalization, interpretability, and ethical
of EDM sis of 10“8 limited validation continue to limit broad
EDM  review of to deployment. These research gaps are
literatu EDM dropout addressed in this study.
re trends - 3 Methodology
and .spe.01ﬁc The present study implements the
methods _insights analysis, modelling, and interpretation

factors that affect student dropout
prediction using machine learning and
explainable artificial intelligence (XAI)
techniques. The proposed methodology is
having five stages - collection of data,
preprocessing of data, apply feature
selection algorithms, train model using
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machine learning algorithms, and then
finally evaluate the results and validate
them, as shown in Figure 4. This study
ensures the reproducibility in the field of
educational data analytics due to the clear
process which have been followed in the
methodology.

“Data Cleaning and Preprocessing
“F

Data Preparation

Exploratory Data Analysis *Identify Patterns and Trends

5 «Correlation Analysi
Feature Selection e

Data Splitting “Training and Testing Datasets

-
*Random Forest

Models Proposed «Gradient Boosting and Ada Boosting

Ensemble Approach *Voting Classifier

Fig. 4 Proposed methodological
framework for student dropout prediction
and interpretability analysis.

3.1 Data Collection and Description
The higher education dataset (publicly

available), including benchmark
repositories such as the Open University
Learning Analytics Dataset

(OULAD) [4], university records and
created datasets from prior studies [3, 16,
29]. Each  dataset consists  of
demographic, behavioral, and academic
features that reflect student engagement
and performance trends over multiple
semesters. Preprocessing steps included
normalising features, filling missing
values, and encoding categorical variables
so that data from different sources could
be analysed on a comparable basis.

3.2 Feature Engineering and Selection

Less relevant features were eliminated
using correlation analysis and recursive
feature elimination (RFE). In particular,
indicators of student engagement(login
frequency, submission delay, forum
activity) and assessment-related attributes
were found to be most important
predictors,  consistent ~ with  prior
findings [17, 28]. Feature scaling was
applied using the Min—Max normalization
technique to maintain consistent data
distribution across models.

3.3 Model Development

This research work uses five machine
learning techniques, which are as follows:
. Traditional ML  Models:
Logistic Regression, Decision Trees, and
Support Vector Machines (SVM).

. Ensemble Models: Random
Forest (RF), Gradient Boosting (GBM),
and Stacking Ensembles.

. Deep Learning Models:
Feedforward Neural Networks and Long
Short-Term Memory (LSTM)
architectures.

. Hybrid Models: Combined

architectures integrating ensemble feature
extraction with deep representations.

. Explainable Al Models:
Integration of SHAP and LIME for model
interpretability.

Python language was used to implement
Machine Learning models, by using the
Scikit-learn, TensorFlow, and SHAP
libraries. Hyperparameter tuning was
performed using GridSearchCV with 10-
fold cross-validation to guarantee a
standardised  performance evaluation
process.

3.4 Evaluation Metrics

The performance of the Machine
Learning Models was evaluated by the
following metrics, including accuracy,
precision, recall, F1-score, and area under
the ROC curve (AUC). Moreover, root
mean squared error (RMSE) and
Matthews correlation coefficient (MCC)
were used to ensure reliabilty across
models. Ensemble and hybrid models
were further validated for interpretability
using SHAP-based feature attribution and
partial dependence plots, following
methodologies similar to [32, 34].

3.5 Modeling Approaches

In this section, two main subcategories
were examined: traditional ~machine
learning models and ensemble-based
learning techniques. These algorithms
were implemented to the preprocessed
student performance dataset, to identify
patterns indicating dropout risk. During
this phase, the preprocessed data was
inspected using conventional models such
as AdaBoost, Gradient Boosting, and
Random Forest.

Model Training: The relationships
between predictor variables (academic,
demographic, and behavioral features)
and the target variable (student success
rate) were established by training of
models. The objective of training is the
identification of the existing patterns
within the datasets that affects the dropout
probability.

Evaluation of Individual Models: Each
model is then examined by utilising the
performance  metrics -  Accuracy,
Precision, F1-Score and Recall. These
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metrics are the indicators of the
algorithm’s efficiency in predicting the
probability of students dropping out. A
comparison of the performance of
algorithms is also drawn to select the best
model for further investigations.

In addition to individual models, a novel
ensemble strategy was implemented using
a Voting Classifier.

Ensemble Voting Classifier: Ensemble
voting classifier (ECV) is a hybrid model
which combines —Random
Forest,AdaBoost and Gradient Boostin—
via soft voting. The hybridization
enhances the prediction accuracy and
robustness by combining diverse learning
behaviors, thereby capturing a broader
range of patterns within the data [25].
Performance Evaluation: For the
evaluation of the Ensemble Voting
Classifier, the same performance metrics -
Accuracy, Precision, AUc and recall-
were assembled. After assembling all
metrics for all models, comparative
analysis was performed to figure out the
best predictive model for the student drop
out rate

4 Proposed Models

All the presented machine learning
algorithms have some distinct potential in
the prediction of student dropout rate in
higher education. By combining the
features of all algorithms along with
ensemble learning, complicated
dependencies between variables can be
utilised to support educational institutions
in identifying students who might drop
out.

4.1 Random Forest Classifier

The Random Forest (RF) is an ensemble
learning technique that generates multiple
decision trees and assigns class labels via
majority voting [1]. RF is used to explore
the nonlinear dependencies among
variables like demographic features,
socioeconomic factors, academic results
etc. On compilation of the results
generated by RF, it reduces the chance of
overfitting and it also generates the scores
to rank the features, which can help in
identifying the relevant factors and can
suggest the strategies for improving the
performance of students.

4.2 Gradient Boosting

Gradient Boosting is a strong prediction
model that minimises the errors of
previous iterations by generating decision

trees (weak learners) in a sequential
manner. It can be effectively used to
model complex attributes by exploring the
dependencies of internal variables —such
as  attendance,  participation, and
performance metrics — on the external
variable, the dropout rate. This iterative
approach enhances performance and
identifies nuanced predictor interactions
that may otherwise remain hidden [27].
4.3 AdaBoosting

Adaptive Boosting, or AdaBoost, is an
ensemble whereby consecutively new
weights are placed on poorly-classified
instances to pay greater attention to the
sample that is hard to predict. AdaBoost is
better in the dropout prediction context; it
enhances the prediction of the minority
dropout cases, reduces imbalance, and
even provides strong predictions under
the conditions of poor-quality, incomplete
data. Recurrently boosting its poorly
learning individuals, AdaBoost takes in
minor predictors that promote the danger
of dropouts and boosts the precision of
early recognition.

4.4 Voting Classifier

The Voting Classifier is the combination
of multiple base models—such as
Logistic Regression, Decision Trees,
SVM, and ensemble classifiers—into a
unified prediction system.

. Hard Voting: Chooses the class
receiving the majority of votes among
models.

. Soft Voting: Computes average
predicted probabilities and selects the
class with the highest aggregate
confidence.

A soft vote is desirable in case models
give probabilistic estimates because
predictive confidence is balanced among
heterogeneous learners. This hybrid
combination applies the complementary
power of the constituent models, which
lead to the enhanced stability and overall
performance in dropout prediction

Table 2 Comparison  of  Predictive
Models for Student Dropout Prediction
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computed on the test dataset. The Voting
Classifier achieved the highest overall
performance across all three evaluation
metrics, confirming the robustness of the
ensemble integration approach.
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Table 3 shows the performance of all
algorithms in terms of the accuracy, F1-
score, and the area under the ROC curve
(AUC). The outcomes are clear to
indicate that the ensemble-based methods
performed better as compared to the
individual machine learning models in
predicting student dropout. The best
overall performance of all the tested
models was the Voting Classifier, which
found an accuracy of 91, an Fl-score of
0.89, and a yank of 0.93. The findings
indicate that EVC exhibits the best
opportunities of moderating accuracy and
recall and maintain a steady level of
classification accuracy when working
with various student populations.

Voting Classifier has become the most
successful strategy, which has the
advantages of the strength of the
combination of Random Forest, Gradient
Boosting, and AdaBoost. Random Forest
had a good general performance
(Accuracy = 0.88), probably due to the
ability to deal with noisy or redundant
features. A small increase (AUC = 0.92)
was provided by Gradient Boosting which
optimizes errors with each weak learner.
AdaBoost also made hard cases
predictions better but with a lower
accuracy (0.85), which can be explained
by its wvulnerability to outliers and
unbalanced classes. By assembling such
models with soft voting the ensemble
could iron out the single weaknesses and
produce more homogenous and more
reliable predictions between groups of
students.

These results validate a number of recent
studies that highlight the accuracy of
ensemble learning systems in learning
data mining. Khan et al. [25] established
that ensemble and hybrid methods
provide better management of diverse
educational data especially in case of
class imbalances and unavailability of
values. On the same note, Niyogisubizo et
al. [24] and Vasconcelos et al.[28]
confirmed that stacked and multi-
dimensional ensemble architectures are
more efficient than single classifiers in
early-warning systems to predict student
retention. These trends are also consistent
with the current findings and support the
idea that integrated ensemble techniques,
in particular, those ones using soft voting

could provide more reliable and
interpretable predictions.

The pedagogical implication of such
outcomes on early intervention models is
colossal. The Voting Classifier does not
just provide the right dropout risk
analysis, but can be interpreted through
the aid of the probability-weighted voting
that can be converted to the actionable
risk levels. Such insights may assist
academic institutions to target
interventions in high-risk pupils, allocate
funds to assist such students, and establish
their retention policies on data. In the
future, this framework can be further
extended with the assistance of
explainable Al (XAI) tools, such as
SHAP and LIME, to make automated
decision-making systems less opaque and
unreliable. [32].

5 Results and Discussion

The research was analyzed and modeled
using Google Colaboratory (Colab), a
computer environment on the cloud that
allows running Python code in the
browser in an interactive manner. Colab
offers the best platform to conduct
machine learning because of its
consistency with scikit-learn, pandas, and
matplotlib  libraries and  smooth
connection to GPUs to achieve high-
performance computing. The student
dropout data was cleaned using this
environment, pre-processed and then
analysed in depth using exploratory and
predictive analysis. [26].

5.1 Target Distribution Analysis

Figure 5 shows how the target variable,
which is dropout and non-dropout classes,
is distributed throughout the dataset. The
categories on the x-axis which are marked
1 and 2 represent the two possible results,
and the number of samples in each
category is reported by the y-axis. The
blue bars indicate a moderate unbalance,
where one of the classes (non-drop outs)
has slightly more cases compared to the
other one(drop outs). Such class
imbalance is quite characteristic of the
educational data, where most students
complete their programs successfully.
This distribution is critical to understand
because it directly affects the process of
model training, especially in the context
of making sure that the minority dropout
group is not underrepresented throughout
learning. SMOTE  and  ensemble
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balancing strategies are among the
techniques that are used to overcome this
challenge. [15, 25].

Target

2000

1500 -

count

1000

o

o

2

1
Target

Fig. 5 Target variable distribution with
respect to student count.

5.2 Educational Status Distribution
Figure 6 presents a pie chart illustrating
the distribution of students by status of
studies. The three categories Graduates
(49.93%), Dropouts (32.12%), and
Enrolled Students (17.95%) correspond to
a realistic academic environment of
nearly (50%) obtained graduates that are
able to complete the studies. The
(32.12%) dropout rate is a serious
problem because more than one third of
the students fail to complete the program.
Such a high drop-out rate is consistent
with the earlier studies made on the open
and distance learning institutions [20, 29].
The enrolled group (17.95%) represents
students actively pursuing their program,
thus making available valuable real-time
statistics  for the early-intervention
programs. In emphasizing the need to
make use of the demographic data, it’s
possible to state that the indication is
clearly made for the establishing of
predictive algorithms which will define
probable  drop-outs, thus triggering
immediate retention efforts.

Education Status
Graduate

Enrolled

= Graduate
== Dropout
= Enrolled

Fig. 6 Distribution of students by
educational status (Graduates, Dropouts,
Enrolled).

5.3 Gender Distribution

The figure 7 represents the gender-based
segmentation of students. The male
population constitutes (64.83%) of the
total population in this dataset, whereas
females account for (35.17%) of the total
population. This imbalance indicates that
an inequitable gender study exists which
may be used to examine whether dropout
behavior will exist since research on such
studies reveal that gender problems, such
as socio-economic factors, resource
allocations, and learning environmental
problems, may result in dropout
differentials. [7, 12] The preponderance
of male students in this data set may also
lead to a generalization of the model
being developed in the event gender
correlated features are used inequally will
provide prediction differentials which
may indicate a need for implementing
justice in terms of gender during the
experiment to ensure equitable predictive
performance during the evaluation of the
experimental results of the machine
learning model being developed.
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Gender

- Male
m— Female

Fig. 7 Gender distribution in the dataset.
5.4 Feature Importance and
Correlation Analysis

Figure 8 presents the most influential
features contributing to student success
and dropout prediction. Variables such as
marital status, course name, application
order, attendance type (daytime/evening),
prior qualification, and parental education
levels emerged as strong predictors. This
outcome is consistent with studies by
Adejo and Connolly [5] and Vasconcelos
et al.[28], who emphasized the
significance of socio-demographic and
academic factors in predicting academic
success. Parental qualification and prior
education history particularly reflect
socio-economic status, a crucial factor in
persistence. In the Random Forest and
Gradient Boosting models, the feature
importance visualization gave further
evidence that academic achievement and
attendance patterns had a high predictive
weight confirming that student dropouts
are of multifactorial nature.

bl A

| i ERS nEs

Aty __ ‘_‘,Lf‘ A | )
e Mo

Fig. 8 Key predictive characteristics
influencing student success rate.

5.5 Precision—Recall Analysis

In  classification  problems  using
imbalanced data, the traditional measure
of accuracy would not be adequate for the
examination of model performance.
Figure 9 displays the precision—recall
curve of the ensemble model used.
Precision measures the amount of true
positive predictions over the total
positives predicted, while recall gives the
accuracy of the predictive model to find
real dropouts. A curve that is closer to the
upper-right hand corner is indicative of a
higher degree of efficiency. The area
under the precision—recall curve (AUC-
PR) substantiates that the ensemble model
has retained high sensitivity and precision
even in cases where the dropout cases
were sparse. Findings point to the utility
of wusing ensemble architectures to
mitigate the effects of imbalanced
data [23, 24]. This visualization offers
operational insight with regards to the
trade-off of giving numerous alerts (false
positives) versus the trade-off of missing
legitimate  dropout  threats  (false
negatives).
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Fig. 9 Precision—Recall Curve depicting
model performance on imbalanced
dataset.

5.6 Dropout Status Visualization

The Figure 10 shows the final distribution
of students attending and dropping out of
school. The attendance proportion was
(60.85%) and the dropouts were (39.15%)
of the total number of students. This
showed that the dropouts were
considerable indicating the amount of
dropouts was much the same as that found
in other open education systems. These
presentations illustrate the magnitude of
the dropout situation, and the possibility
that society and the institution can benefit
from the effect of predictive analytics in
improving retention [22, 39].

Dropout Status

Non-Dropout

Dropout
=== Non-Dropout

== Dropout

Fig. 10 Distribution of students by
dropout status (Dropout vs. Non-
Dropout).

5.7 Confusion Matrix Evaluation
Figures 11  through 14  display the
confusion matrices of the evaluated
models. These matrices allow for a

granular analysis of classification errors
by differentiating between true positives
(TP), false positives (FP), true negatives
(TN), and false negatives (FN).

The Random Forest model (Figure 11)
shows balanced performance, making
good predictions of Dropout and No
Dropout classifications with very low
False Positive and False Negative figures.
XGBoost (Figure 12) for this study shows
a slightly better discrimination
performance as the influence of
stochasticity is minimized by the gradient
optimising procedures lending itself to
less bias and variance. Gradient boosting
(Figure 13)has a more approximate
procedure giving a similar performance
that is prone to overfitting the data for
small data training sets. AdaBoost
(Figure 14) gave an improved parlance of
misclassified samples but is sensitive to
noise and outliers but this had not been
addressed in any of the studies associated
with the block average studies as shown.
Accordingly one would expect that this
set of results must lead to a conclusion
that all the ensemble model learners
exceed in success the performance of the
pure tree learners, particularly in the case
of teachi(Figure 13)ng problems such as
represent the education set on slightly
overlapping class limits.

True label

HNon-Dropout
predicted label

Dropout

Fig. 11 Random  Forest  Confusion
Matrix.

Non-Dropout

True label

Nen-Dropout Dropout
Predicted label

Fig. 12 XGBoost Confusion Matrix.
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Dropout

Non-Dropout
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Dropout

Fig. 13 Gradient Boosting Confusion
Matrix.

Non-Dropout

True label

Non-Dropout Dropout
Predicted label

Fig. 14 AdaBoost Confusion Matrix.

5.8 Ensemble Voting Classifier
Evaluation

The table 4 summarizes the predictive
alignment of all models, including the
combined Voting Classifier model. Each
of the base models—Random Forest,
XGBoost, Gradient Boosting, and
AdaBoost-produced class predictions,
which the ensemble system then
compiled. All the models predicted the
label "0" (non-dropout) for the sample
under analysis, which perfectly matched
the true label. This agreement illustrates
the consistency and generalization
capability of the ensemble framework.
Table 4 Comparison of Predictions for
Base Models and Ensemble Classifier

Predicted
Model Label True Label
Random 0 0
Forest
XGBoost 0
Gradient 0
Boosting
AdaBoost 0
Voting 0
Classifier

The Voting Classifier delivered the top
results when it came to predictive

consistency, which highlights its seamless
incorporation into the ensemble model.
The model’s individual model AUC of
0.93 and accuracy of (91%) shows the
combined model works more efficiently,
and the value represents the combined
model works more efficiently. [24, 25]
Additionally, this model has the lowest
false predictions which indicates a good
equilibrium between specificity and
sensitivity.

From an educational view, the results
demonstrate that ensemble models can
reliably predict dropout risk and serve as
an early-warning system. Schools can
implement such predictive systems in-
advance to identify at-risk students and
enact timely interventions such as
targeted  academic  counseling  or
personalized teaching. Moreover, the
inclusion of explainable Al (XAI)
components like SHAP or LIME can
make such predictions more
understandable to teachers, creating a
sense of risk and trust in the Al-aided
process [32, 35].

6 Discussion of Findings and
Theoretical Implications

From the results, the factors that influence
the student dropout rate in higher
education can be deduced. Findings from
the comparison suggest that a model’s
predictive success is influenced not only
by its complexity, but also by the synergy
among its base learners and the extent to
which their joint predictions can be
understood. Out of all the suggested
algorithms, the Voting Classifier achieved
the highest prediction accuracy of 91%
and AUC of 0.93, which confirms that the
integrated ensemble model enhances both
robustness and generalisation across
various educational datasets [25].

6.1 Interpretation of Quantitative
Results

The superior performance of the Voting
Classifier reflects the synergy derived by
the soft-voting mechanism, which
accumulates the probabilistic predictions
of base models—Random  Forest,
Gradient Boosting, and AdaBoost. Each
model  brings specialized learning
strengths: Random Forest offers stability
and feature interpretability; Gradient
Boosting optimizes prediction boundaries
through minimization of residual errors;
and AdaBoost maximizes attention on
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misclassified samples. Their integrated
combination leads to a balanced
performance with reduced overfitting and
enhanced recall and precision. The
obtained F1-score (0.89) indicates that the
ensemble model achieved balance
between sensitivity and specificity,
eliminating both false alarms and missed
dropout instances [22]. The results also
confirm that although single boosting
techniques can be sensitive to noise and
imbalance, the collective form they take
in the Voting Classifier makes them
resistant to these vulnerabilities. This
reinforces the argument that diversity
among base estimators can regularize
learning dynamics and enhance predictive
stability  in  high-fidelity, multi-
dimensional datasets—a valuable
contribution for educational analytics
systems needing to process heterogenous
student data [23].

6.2 Educational and
Implications

From the applied perspective, the
ensemble model built in this research has
high potential for application in real-
world educational contexts. Effective
prediction of dropouts enables the
identification of at-risk students at the
earliest possible moment and timely
intervention. The model can be integrated
into institutional dashboards to offer
academic advisers and professors visual
notifications for students classified under
the high-risk category. Parallel strategies
have been discovered to significantly
enhance student engagement and decrease
attrition percentages when combined with
counseling and adaptive learning
pathways [5, 13]. Additionally, the
explainability of ensemble models like
Random Forest and Gradient Boosting
allows educators to identify which
academic and socio-demographic
characteristics have the most significant
impact. From Figure 8, it is seen that prior
academic history, parents’ education, and
application method were key predictors.
These findings can be used to frame data-
informed policy reform and support
programs targeted at equity and inclusion
in higher education [42].

By connecting technical results with
actionable insights, the model transcends
computation alone in favor of enabling

Practical

intelligent,  human-driven  decision-
making in education.
6.3 Theoretical
Learning Analytics
Theoretically, this study enhances the
conceptual foundation of predictive
learning analytics and corroborates the
Learning Analytics Reference Model
(LARM), which calls for an iterative
interrelationship between data gathering,
interpretation, and intervention [11]. The
outlined framework enhances this loop by
improving  the "prediction” and
"interpretation” stages, offering
transparent, quantitative evidence to
inform institutional strategy.

The results show that dropout cases
among students are not the result of
individual academic factors. The dropout
cases arise from complex interactions
between academic performance, socio-
economic environment, and engagement
behavior [20]. Ensemble learning
provides a quantitative way for human
reasoning, combining different views to
make more robust predictions.

6.4 Integration with Explainable Al
(XAI)

The research highlights the need to use
explainable Al  tools, including
SHAP(SHapley Additive Explanations)
and LIME(Local Interpretable Model-
Agnostic  Explanations), to promote
greater model transparency. [32]. By
connecting predictions to interpretable
feature  importance, @ XAI  enables
institutional decision-makers to grasp the
reasoning behind a student’s risk
classification. The ability to understand
how models make decisions is vital for
maintaining fairness and accountability.
This is especially true in education, where
erroneous predictions can have direct
consequences for learners. Therefore,
explainability not only increases trust in
Al systems but also puts predictive
modeling on par with ethical standards in
data governance.

6.5 Limitations and Future Directions
Although the suggested framework shows
promising outcomes, there are some
limitations worth noting. The dataset,
although varied, could be too narrow to
represent global variations in education
and thus constitutes a limitation of the
external generalizability of the model.
Moreover, ensemble classifiers, although

Implications in
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very accurate, have moderate
interpretability compared to one-decision
models. Future work should target hybrid
interpretable-ensemble architectures
blending the transparency of decision
trees with the depth of neural
networks [35].

Furthermore, blending longitudinal data—
e.g., attendance records, web usage
measures, and course-level activity—may
enable temporal dropout modelling with
sequence-based models like LSTM or
transformer-hybrid models [16]. As future
work, research can delve into the ethical
aspects of model deployment to ensure
that predictive analytics systems are fair,
transparent, and accessible to all
educational stakeholders.

This study confirms that ensemble
learning, when paired with explainable
Al, offers a robust and ethics-based model
for improving academic persistence. By
combining technical accuracy with
educational understanding, the research
advances the dual pursuit of prediction
effectiveness and interpretability,
presenting institutions of higher learning
with a stable means of achieving
proactive, evidence-driven intervention.

7 Conclusion

This study investigates the role of
machine learning algorithms - Random
Forest, Gradient Boosting, AdaBoost,
Explainable Al, Ensemble Learning
techniques, for the prediction of student
dropout rate in higher education sector.
Out of all the models, Explainable Al
(XAI) and ensemble learning techniques
achieved the highest efficiency. The
models were trained and tested on the
Google Colab Platform using Python.
According to the results, Ensemble
learning model when combined with the
voting  classifier, outperformed the
traditional machine learning approaches.
It achieved the highest precision (91%),
Fl-score (0.89), and AUC (0.93). The
results suggest that the dropout
probability of students is affected not by a
single parameter. It is a complex
phenomenon that is affected by a number
of  variables like  socioeconomic
background, demographics of the
students, and educational characteristics.
In this study, an ensemble of multiple ML
models has been integrated to reveal
complex relationships in the data and

prevent overfitting. As a result, it has
higher predictive accuracy than the
individual models. The results indicated
that academic performance, application
type, and parents’ education were among
the most crucial predictors of student
success. The results can also be utilised to
provide educators and administrators with
insights to support students. The
developed system contributes to the
growing domain of data-driven learning
analytics and early-warning systems at the
instituitonl level.

By the incorporation of predictive
analytics into learning management
systems, universities can changed from
reactive interventions to proactive and
personalised academic guidance.
Integrating explainable Al ensures that
model decisions are transparent, ethical,
and consistent with fairness and
accountability in education. This reflects
the growing emphasis on responsible Al
use within universities and colleges.
While the ensemble approach presented
here performs effectively, there is
considerable  scope  for  continued
investigation and refinement.

The performance of the proposed model
must be verified on multiple educational
institution datasets to confirm the
generalizability and cross-cultural
applicability of the model. The proposed
model can also be used for the dynamic
prediction of drop out cases, if time-
oriented data and behaviour-oriented data,
such as attendance records and online
interactions, by using sequence-based
models like LSTM and Transformer
models. Researchers could also work on
the live predictions through educational
dashboards, incorporating continuous
monitoring and adaptive feedback loops.
Additionally, the use of SHAP and LIME-
based techniques in prediction models can
help  educators  better  understand
individual risk profiles, which in turn
increases trustworthiness and
acceptability of Al-based prediction
systems. Lastly, future research must
address ethical considerations—
algorithmic bias, data privacy, and
fairness—so that predictive analytics can
be utilised in the educational sector.
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