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Abstract — Student dropout continues to pose a problem in
Malaysia's education system. This issue affects secondary
schools, technical and vocational education and training
(TVET) institutions, and higher education institutions.
Drawing on evidence from several peer-reviewed studies, this
paper proposes a data-driven framework for analyzing and
predicting student dropout in Malaysia. Prior work has
identified five consistent categories in the literature: academic
performance, socioeconomic conditions, institutional factors,
psychological dimensions, and demographic attributes. This
framework's novelty lies in its systematic integration of these
variables with ensemble machine learning methods and
explainable artificial intelligence for interpretability. Machine
learning approaches, especially ensemble methods such as
Random Forest, XGBoost, and Gradient Boosting, have
achieved 87% to 99% accuracy in dropout prediction tasks
based on previous studies. The results of this framework are
expected to provide evidence-based insights to policymakers
and educators in formulating more targeted, relevant, and
effective prevention strategies and intervention programs.

Keywords — Student dropout, data-driven, framework,
machine learning, predictive model.

L INTRODUCTION

Student dropout in Malaysia is a pressing issue with
serious consequences for individuals, institutions, and
national priorities. Dropout rates differ across educational
levels and types, especially in secondary schools, technical
and vocational education and training (TVET) institutions,
and higher education. Student attrition reflects both
individual academic challenges and structural issues like
educational equity, resource distribution, and support
systems (Mokshein et al., 2016).

In Malaysia, various contextual factors influence student
dropout rates, including diverse socioeconomic conditions
across urban and rural areas, multicultural and multilingual
student populations, varying quality of educational
infrastructure, and unequal access to support services (Carlo
et al., 2024). Recent studies highlight those financial
constraints, geographical challenges, and sociocultural
norm, particularly in states such as Selangor and Sarawak,
significantly affect dropout rates (Sariman et al., 2024).

In TVET institutions, the primary reasons for dropouts
are lack of interest (38%), job offers (25%), personal issues
(16%), study offers (14%), and health issues (7%) (Rodzi et
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al., 2024). High dropout rates matter for individuals and
institutions alike, leading to economic losses, limited
opportunities, and weakened institutional effectiveness.
Dropout can limit students’ long-term prospects and affect
schooling missions and reputations.

Recent advances in data analytics and machine learning
have enabled a shift in dropout prevention, moving from
reactive interventions to proactive, predictive systems.
Algorithms now analyze complex student data to identify at-
risk individuals early, enabling timely, focused support (Kok
et al.,, 2024). Some models even achieve near-perfect
classification performance with comprehensive data (Mun et
al., 2023).

This paper reviews student dropout risk factors in
Malaysia and the use of machine learning techniques to
predict them. The scope includes identifying Malaysia-
specific dropout risk factors and systematically reviewing
relevant machine learning methods and their performance.
Then, a tailored, data-driven framework for Malaysian
institutions is proposed to offer strategic recommendations.
The framework can guide the effective application of
evidence-based early warning systems to reduce dropout
rates and improve student success across Malaysia’s
education sector.

II. PROBLEM STATEMENT

Student attrition across the education continuum remains
a persistent challenge in Malaysia, affecting secondary
schools, technical and vocational education and training
(TVET) institutions, and higher education institutions.
Recognizing its impact on national human capital
development, the Malaysian government has introduced
various initiatives and policy frameworks to improve student
retention and completion rates, most notably the Malaysia
Education Blueprint 2013-2025, alongside targeted
financial assistance, alternative education pathways, and
efforts to strengthen TVET and higher education
accessibility.

Despite these interventions, dropout and attrition
continue to occur at multiple stages of the education
pipeline. At the secondary level, failure to complete
schooling or sit for key examinations such as Sijil Pelajaran
Malaysia (SPM) restricts further academic and career
progression, while in TVET and higher education, attrition
disrupts skills development and workforce readiness.
Existing studies have identified a wide spectrum of
contributing factors, including socio-economic
disadvantage, academic underperformance, disengagement,
institutional constraints, and limited family or community
support. However, much of the current research relies on
descriptive or cross-sectional approaches that do not
adequately capture the complex, dynamic, and multi-level
nature of student attrition across different educational
pathways, thereby limiting the ability to identify early
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warning signals and implement timely, targeted
interventions.
III. LITERATURE REVIEW ON STUDENT DROPOUT

RISK FACTORS IN MALAYSIA

To address dropout effectively, it is necessary to
consider the risk factors associated with dropout. This is
important for developing effective prevention strategies.
Research in the Malaysian context has identified five major
categories of risk factors. These factors interact in
complicated ways to influence student persistence and
attrition decisions.

Academic Risk Factor

Academic performance ranks among the strongest
predictors of student dropout in Malaysia. Poor academic
achievement and a low cumulative grade point average
(CGPA) are strongly associated with an increased risk of
dropout (Mokshein et al., 2016; Tarmizi et al., 2019).
Students who struggle to maintain satisfactory academic
performance face compounding challenges. These include
lowered self-confidence, increased stress, and diminished
motivation to continue their studies.

The inability to complete studies within the stipulated
periods is a significant form of academic attrition, especially
in science, technology, engineering, and mathematics
(STEM) fields (Tarmizi et al., 2019). Students who fail to
meet required academic standards or adapt to course
demands, particularly in higher education, where the
transition from secondary school requires independent
learning and time management, face an increased risk of
dropping out (Tarmizi et al., 2019).

Lack of interest in schooling is another important
academic risk factor. This is especially seen in secondary
education and TVET institutions (Mokshein et al., 2016;
Rodzi et al., 2024). When students perceive education as
irrelevant to their goals or find the curriculum unengaging,
their motivation to continue drops. This disengagement
often results in poor attendance, declining performance, and
eventually withdrawal from education programs.

Socioeconomic Risk Factor

Socioeconomic pressures are among the most
persistent drivers of dropout risk in Malaysia. Economic
constraints and poverty consistently emerge as leading
drivers of student attrition (Sariman et al., 2024; Carlo et al.,
2024; Subra et al., 2019). Families in financial hardship
often cannot afford educational expenses. These include
tuition fees, transportation, learning materials, and other
costs. This financial pressure often forces students to choose
between pursuing their education and contributing to their
family's income through employment.

Household income and family financial status directly
influence dropout decisions (Hashim et al., 2024; Tarmizi et
al., 2019; Rahman et al., 2025). Students from low-income
families face many disadvantages. These include reduced
access to schooling resources, inadequate study
environments at home, and pressure to work part-time or
full-time to support the family (Subra et al., 2019). The
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financial burden is especially acute in higher education,
where tuition fees and living expenses are substantial.

Parental education level and socioeconomic status
affect educational attainment across generations. Low
parental education correlates with reduced emphasis on
children's education, limited ability to provide academic
support, and lower expectations for achievement (Subra et
al., 2019). Parents with limited education may not fully
understand the long-term benefits of staying in school. They
may also lack the knowledge to navigate institutional
systems and advocate for their children's needs.

Family structure and functioning also have important
roles. Marital instability among parents, weak family
relationships, and poor family functioning contribute to
social problems that increase the risk of dropout. When
parents work long hours or multiple jobs to meet financial
needs, they have limited time for parental attention and
guidance. Children may then seek attention from friends and
others, which can lead to negative social influences (Subra
etal., 2019).

Institutional Risk Factor

Institutional conditions shape student persistence
patterns. Inadequate facilities and infrastructure are major
institutional barriers to student success (Carlo et al., 2024;
Raghavan et al., 2015). A lack of computers, poor conditions
in the library and computer lab, and inadequate classrooms
create poor learning environments. These conditions do not
support learner participation and achievement (Raghavan et
al., 2015).

The quality of education and effectiveness of
instruction directly affect students’ outcomes. Teacher
teaching methods, lecturer preparedness, and instructional
quality all influence student motivation and learning (Zakari
et al., 2022; Sabtu et al., 2016). When tutors or facilitators
lack knowledge, are unprepared, respond slowly, are
unapproachable, or are inexperienced, students receive
inadequate academic support, undermining their ability to
succeed (Raghavan et al., 2015).

Support services and administrative systems constitute
an additional critical institutional dimension. Poor
administrative and academic support, lack of information
from learning centers, slow responses to inquiries, and
difficulty following institutional procedures create barriers
that frustrate students and reduce their sense of institutional
belonging (Raghavan et al., 2015). Insufficient positive
interactions between students and faculty or staff further
erode the social integration that promotes persistence (Sabtu
etal., 2016).

Assessment and program design elements also
contribute to the risk of dropout. Constant changes in
assessment formats, delays in releasing examination results,
unsuitable examination timetables, and programs that are too
demanding or tough all increase student stress and attrition
(Raghavan et al., 2015). In open and distance learning
settings, problems accessing virtual learning environments
and difficulties with online engagement create additional
barriers (Tarmizi et al., 2019; Mohamad et al., 2018).
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Psychological Risk Factor

Psychological factors are often overlooked, yet they
strongly influence dropout risk. Motivation is a central
psychological construct that influences persistence decisions
(Rahman et al., 2025). Students with low motivation, poor
self-esteem, and fear of failure find it difficult to maintain
the effort and resilience required to overcome educational
obstacles (Raghavan et al, 2015). Depression,
dissatisfaction with courses or institutions, and experience of
isolation further undermine psychological health and
academic engagement (Tarmizi et al., 2019).

Psychosocial problems identified in qualitative
research reveal the complicated emotional and social
challenges students face (Reza et al., 2025). These include
difficulty coping with academic pressure, difficulty
maintaining self-confidence, and challenges in developing
productive coping strategies. Health problems, both physical
and mental, can precipitate dropout when students lack
adequate support systems to cope with these challenges as
they continue their studies (Tarmizi et al., 2019; Rodzi et al.,
2024).

The psychological dimension of dropout is especially
clear in students' capacity to study and adapt to educational
demands. Inability to keep up with peers, difficulty coping
with the number of courses, and poor time management
reflect both ability deficits and psychological barriers to
competent learning (Raghavan et al., 2015). When students
lack social support and feel isolated from peers and
institutional communities, these psychological challenges
intensify (Tarmizi et al., 2019).

Demographic Risk Factor

Demographic characteristics interact with other risk
factors to shape dropout patterns in complex ways. Gender
influences dropout risk, though the direction and magnitude
of effects vary across contexts (Hashim et al., 2024).
Ethnicity and cultural background constitute significant
demographic factors in Malaysia's multicultural society
(Tray et al., 1984). Indigenous youth face particular
challenges related to cultural issues, geographical isolation,
and differential access to educational facilities (Hassan et al.,
2023). Sociocultural norms in different community’s shape
attitudes toward education, gender roles, and the perceived
value of formal schooling (Sariman et al., 2024).

Age and educational stage influence dropout risk
through developmental and contextual mechanisms. First-
year students face special challenges related to transition and
assimilation, with motivation, academic factors, financial
issues, social integration, and socio-demographic factors all
contributing to early attrition (Rahman et al., 2025). In open
and distance learning settings, adult learners face
characteristic challenges related to balancing education with
work and family responsibilities (Raghavan et al., 2015).

Geographical location creates differential access to
educational ~ opportunities and  support  services.
Transportation problems and inconvenient learning center
locations create practical barriers to attendance and
engagement (Sariman et al., 2024; Raghavan et al., 2015).
Rural students face compounded disadvantages related to
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infrastructure, resource availability, and distance from
educational institutions (Carlo et al., 2024).

IV. REVIEW OF THE MACHINE LEARNING
MODELS

Over the past decade, machine learning has been
increasingly applied, and researchers have developed
progressively more advanced models that achieve
remarkable predictive accuracy. This section reviews the
major  algorithmic  approaches, their performance
characteristics, and their application for dropout prediction
in educational contexts.

Logistic Regression and Decision Trees

Logistic regression and decision trees represent
foundational machine learning approaches that offer
important advantages in interpretability and computational
efficiency. These methods provide transparent decision-
making processes that can be easily explained to institutional
stakeholders, making them valuable for contexts where
model explainability is prioritized.

Logistic regression is a standard baseline for binary
classification tasks in educational research. Its probabilistic
output provides intuitive risk scores, and its coefficients
offer clear insights into how different factors influence the
probability of dropout. In an early prediction study using
minimal data, logistic regression achieved an F1-score of
0.695 and an area under the Receiver Operating
Characteristic (AUC) of 0.690, serving as a baseline against
which more complex models were compared (Hamsiah et
al., 2025). Research on university student dropout found that
logistic regression consistently yielded results closest to
optimal performance, even if it did not always achieve the
highest accuracy (Segura et al., 2022).

Decision trees offer highly interpretable rule-based
classification by hierarchically splitting the data based on
feature values. Single decision trees, such as CART
(Classification and Regression Trees) and C4.5 (J48),
provide transparent decision paths that can be visualized and
understood by non-technical stakeholders. In early warning
systems using eBook data, the J48 algorithm achieved the
best performance on transformed data with an accuracy of
0.833 and a Kappa of 0.665 (Akgapinar et al., 2019).

However, single decision trees are prone to overfitting
and generally achieve lower accuracy than ensemble
methods. In comparative analyses, the decision trees
achieved an accuracy of 91.24%, substantially lower than
Random Forest (96.01%) and gradient boosting methods
(Utami et al., 2025). The CART algorithm was outperformed
by ensemble models in graduation prediction tasks (Alfahid,
2024).

Despite lower predictive accuracy, these interpretable
methods remain valuable for initial model development,
stakeholder communication, and regulatory compliance.
They can serve as components in ensemble approaches or as
baseline models for performance comparison. In production
systems, C5.0 decision tree models have been successfully
deployed for dropout prediction, achieving reasonably good
class separability, comparable to Random Forest
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performance, while maintaining explainability (Ortigosa et
al., 2019).

Neural Networks

Neural network models offer powerful capabilities for
modelling complex and non-linear relationships in student
data. These methods can automatically learn hierarchical
feature representations, potentially capturing subtle patterns
that traditional algorithm might miss. However, their opaque
nature, difficulty in interpretation, and high computational
demands pose challenges for institutional adoption.

Performance benchmarks for neural networks vary
considerably depending on architecture and data
characteristics. A study using multilayer perceptron (MLP)
neural networks achieved 84% correct prediction for regular
students, 81% for irregular students, and 76% for dropout
students when using a delta threshold higher than 0.6. The
optimal network architecture identified was MLP 49-34-1,
with 49 input neurons, 34 hidden neurons, and 1 output
neuron, trained over 5,000 epochs (Siri, 2015).

Neural network approaches using the TensorFlow and
Keras frameworks have shown varying performance
depending on the threshold selection. At a 10% dropout-
probability threshold, an MLP achieved 77% overall
accuracy, with 53% sensitivity for predicting dropout
students and 80% specificity for predicting current students.
When the threshold was adjusted to 50%, accuracy increased
to 90%, but sensitivity dropped to 16% while specificity
reached 99% (Tsai et al., 2020). This trade-off between
sensitivity and specificity underscores the importance of
threshold calibration aligned with institutional priorities.

Neural networks have been evaluated alongside other
algorithms in comparative studies. In a modular pipeline
assessment, an MLP was included among nine algorithms,
though XGBoost ultimately achieved superior performance
(Bettahi et al., 2025). The computational requirements and
training complexity of neural network approaches can be
substantial. Feed-forward neural networks require careful
architecture design, hyperparameter tuning, and sufficient
training data to avoid overfitting. Despite these challenges,
neural networks remain valuable for institutions with large
datasets and computational resources, particularly when
interpretability is less critical than predictive accuracy
(Prasanth et al., 2023).

Ensemble Methods

Ensemble methods combine multiple machine learning
algorithms to achieve superior performance compared to
individual models. By leveraging the strengths of different
algorithms and reducing individual model weaknesses,
ensembles consistently demonstrate the highest predictive
accuracy in student dropout prediction tasks. Three main
ensemble strategies are commonly employed: bagging,
boosting, and stacking.

Bagging approaches, such as Random Forest (RF) and
Bagged Trees, train multiple models on different subsets of
training data and aggregate their predictions. RF has
emerged as one of the most widely adopted and effective
algorithms for predicting student dropout. As an ensemble
method that combines multiple decision trees, RF
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demonstrates effective performance across diverse datasets
and institutional contexts. The algorithm’s ability to handle
complex, non-linear relationships and its resistance to
overfitting make it particularly well-suited for educational
data with multiple interacting risk factors.

Performance benchmarks for RF consistently show
high accuracy. Research on student retention management
found that RF outperformed individual models, with
ensemble approaches yielding superior predictive
performance (Delen, 2010). The algorithm's feature-
importance capabilities provide valuable insights for
intervention design. RF can identify which variables
contribute most strongly to dropout risk, enabling
institutions to prioritize support services and allocate
resources effectively. In comparative analyses, RF has
demonstrated strength in handling imbalanced datasets when
combined with techniques such as the Synthetic Minority
Over-sampling Technique (SMOTE) (Utami et al., 2025).

RF’s interpretability, while not as transparent as single
decision trees, offers reasonable explainability through
feature importance rankings. This characteristic makes it
more acceptable for institutional adoption compared to pure
black-box approaches. The algorithm’s computational
efficiency and ability to handle missing data further enhance
its practical applicability in real-world educational settings
(Heredia-Jiménez et al., 2020).

Boosting methods, including AdaBoost, Gradient
Boosting, and Extreme Gradient Boosting (XGBoost),
sequentially train models with each new model focusing on
correcting errors from previous models. Boosted decision
tree classifiers have demonstrated optimal performance,
with one study reporting an AUC of 0.898 using precision-
recall curve analysis (Lee et al., 2019). Gradient Boosting
methods, particularly XGBoost, have demonstrated
exceptional performance in student dropout prediction tasks.
These algorithms build models sequentially, with each new
model correcting errors made by previous models, resulting
in highly accurate predictions. XGBoost's optimized
implementation includes regularization techniques that
prevent overfitting and enhance generalization to new data.

XGBoost’s performance benchmarks are particularly
impressive. In a study on university dropout prevention,
XGBoost achieved 96.9% accuracy and 94.4% recall,
leading to its selection as the final model (Mun et al., 2023).
Research on Al-driven forecasting found that XGBoost
achieved the highest accuracy, 87%, among the tested
algorithms (Kirange et al., 2025). In early prediction with
minimal data, CatBoost (a variant of gradient boosting)
achieved the best performance, with an F1 score of 0.770 and
an ROC AUC of 0.750 (Hamsiah et al., 2025).

XGBoost is particularly effective for early prediction.
A study using pre-enrolment data found that an XGBoost
classifier achieved an AUC-ROC of 0.6902 and an F1-score
of 0.6946 for the dropout class, with a sensitivity of 88%
(Mendivil et al., 2025). This early predictive capability is
crucial for implementing proactive interventions before
students experience academic failure. One reason for this is
its ability to handle feature interactions and non-linear
relationships, which makes it effective for capturing the
multidimensional nature of dropout risk. In a modular
machine learning pipeline, XGBoost achieved an AUC-
ROC 0f 0.993, a F1-score 0f 0.911, and a recall of 0.944 on
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test data, with stable performance across different credit load
bins. When tested on external datasets, XGBoost maintained
top-ranked performance, achieving an F1-score of 0.792 and
an AUC-ROC of 0.922, demonstrating strong generalization
capabilities (Bettahi et al., 2025).

Gradient Boosting methods have also shown
effectiveness in cascaded model architecture. Research on
real-world machine learning applications found that
Gradient Boosting models, when cascaded with outputs
serving as inputs to subsequent models, achieved improved
accuracy by leveraging knowledge from earlier prediction
stages. The Gradient Boosting model was preferred for its
higher precision (62.195), despite a slightly lower recall than
ensemble alternatives (Fernandez-Garcia et al., 2021).

Stacking and hybrid ensemble approaches combine
predictions from multiple diverse algorithms. Research on
real-world machine learning applications found that
ensemble models combining Gradient Boosting, Random
Forests, and Support Vector Machines significantly
improved results, increasing recall accuracy by 10
percentage points and precision by 12 percentage points
compared to individual models. At enrolment, the ensemble
model identified almost 75% of students who would drop out
(Fernandez-Garcia et al., 2021).

The effectiveness of ensemble approaches is
particularly evident in handling class imbalance. Studies
using SMOTE combined with RF have achieved high
accuracy while maintaining strong performance on
minority-class dropout (Utami et al., 2025). Ensemble
methods also demonstrate superior generalization,
performing well across different institutional contexts and
student populations (Bettahi et al., 2025).

V. PROPOSED DATA-DRIVEN FRAMEWORK

Building on the identified risk factors and advances in
machine learning, this section outlines a structured
framework designed to support early identification and
prevention of student dropout in Malaysian educational
institutions. Rather than operating as a purely technical
system, the framework connects data processes with
institutional decision-making, enabling timely and targeted
interventions.

Framework Architecture

At its core, the framework comprises five
interconnected components that collectively transform raw
institutional data into actionable insights, as shown in Figure
1. The process begins with data collection, which integrates
multi-source data from secondary schools, TVET
institutions, and higher education institutions in Malaysia.
These data sources include student information systems
(e.g., academic performance, enrolment history), attendance
and behaviour al records, financial and socio-economic
information, and institutional support services such as
counselling and health center records. In addition, where
available, psychometric and well-being datasets, such as the
Depression Anxiety Stress Scale (DASS), are incorporated
to capture students’ psychological conditions. Furthermore,
digital learning interaction data (e.g., LMS usage,
assignment submissions) may be utilized to reflect student
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engagement. The integration of these heterogeneous data
sources enables a comprehensive, multidimensional
representation of student profiles for subsequent analysis.
Bringing these sources together ensures a more complete
view of each student, capturing not only academic

performance but also engagement patterns and
socioeconomic context.
Once collected, the data undergoes cleaning,

preprocessing, and integration, where inconsistencies are
corrected, duplicate records are resolved, and data from
multiple systems and timeframes are harmonized into a
unified structure. Ensuring high data quality at this stage is
critical, as errors can propagate and degrade model
reliability. The process then advances to feature engineering,
in which raw inputs are transformed into meaningful
indicators capturing temporal dynamics, intervariable
relationships, and behavioural patterns. Rather than relying
on static variables, this stage derives longitudinal features
such as trends in attendance, fluctuations in academic
performance, and changes in engagement levels, all of which
are known to signal early risk of student attrition.

Following this, predictive modeling is performed using
machine learning techniques, including ensemble
approaches such as Random Forests and XGBoost, which
are well-suited for capturing complex, nonlinear
relationships and have demonstrated strong performance in
educational prediction tasks (Mun et al., 2023; Utami et al.,
2025). To address the limitation of advanced models, an
Explainable Al (XAI) layer is integrated alongside the
modelling process. This layer provides both global and local
interpretability through techniques such as feature
importance analysis and SHAP (SHapley Additive
exPlanations) values, enabling stakeholders to understand
not only which factors influence dropout risk overall, but
also why specific students are classified as high risk. Such
explainability enhances trust, supports fairness assessment,
and facilitates actionable insights.

Finally, the model outputs and their explanations are
operationalized through decision-support mechanisms.
Students are categorized into risk levels, early warning alerts
are generated, and recommended interventions are suggested
based on key contributing factors identified by the XAI
layer. Interactive dashboards enable educators and
policymakers to visualize risk patterns, explore underlying
drivers, monitor intervention outcomes, and continuously
refine strategies. In return, feedback from these interventions
can be used to refine models and improve future predictions
(Paul et al., 2025). This establishes a continuous learning
loop, ensuring that the framework evolves over time and
remains responsive to changing student behaviour s and
institutional contexts.
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Figure 1. Proposed Framework

VI. CONCLUSION

Student dropout in Malaysia poses a complex challenge
shaped by interactions among academic, socioeconomic,
institutional, psychological, and demographic factors. This
report synthesizes evidence from 60 peer-reviewed studies
to develop a comprehensive, data-driven framework for
analyzing and predicting student dropout in Malaysian
educational contexts. The framework integrates insights
from Malaysian dropout research with advances in machine
learning to enable proactive, evidence-based dropout
prevention.

The review of dropout risk factors reveals the
multidimensional nature of attrition in Malaysia. Academic
performance, particularly low CGPA and poor achievement,
consistently emerges as a primary predictor (Mokshein et al.,
2016; Tarmizi et al, 2019; Hashim et al., 2024).
Socioeconomic factors, including poverty, family income,
and parental education, create pervasive barriers to
educational persistence (Subra et al., 2019; Sariman et al.,
2024; Carlo et al.,, 2024). Institutional factors such as
inadequate facilities, poor support services, and teaching
quality significantly influence student outcomes (Raghavan
et al., 2015; Sabtu et al., 2016). Psychological dimensions,
including motivation, self-esteem, and mental health, affect
students’ capacity to persist in the face of challenges
(Rahman et al., 2025; Reza et al., 2025). Demographic
characteristics, including gender, ethnicity, and geographic
location, interact with other risk factors in complex ways
(Hashim et al., 2024; Hassan et al., 2023).

Machine learning approaches have demonstrated
exceptional capabilities for dropout prediction. Ensemble
methods, including Random Forest, XGBoost, and Gradient
Boosting, consistently achieve the highest accuracy,
typically ranging from 87% to 99% depending on data
quality and prediction timing (Mun et al., 2023; Kirange et
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al., 2025; Kok et al., 2024; Utami et al., 2025). These
algorithms can identify at-risk students early in their
academic careers, enabling timely interventions before
students experience failure or disengage completely. The
predictive power of these models increases substantially as
more data accumulate throughout the semester, with week 3
identified as an optimal time to establish support
interventions (Hamsiah et al., 2025; Ak¢apinar et al., 2019).

The proposed data-driven framework provides a
comprehensive architecture for implementing dropout
prediction systems in Malaysian institutions. The framework
encompasses data collection from multiple institutional
sources; data cleaning and preprocessing; feature
engineering to capture relevant risk factors; predictive
modeling using ensemble machine learning algorithms with
explainable AlI; and decision support systems that translate
predictions into actionable interventions. Integration with
existing institutional systems ensures that predictive insights
flow seamlessly into support service workflows.

Strategic recommendations emphasize the need for
supportive policy environments at national and institutional
levels. National policies should establish dropout-prevention
priorities, develop data infrastructure standards, create
ethical frameworks for Al in education, and support research
and interinstitutional collaboration. Institutional practices
should build analytical capacity, implement ethical review
processes, develop intervention capacity, and engage
students and faculty as partners in retention efforts.
Adequate funding and resource allocation are essential for
sustainable = implementation. = Comprehensive  data
governance frameworks must protect student privacy, ensure
algorithmic fairness, maintain transparency, and establish
accountability mechanisms.

The transition from reactive responses to proactive,
data-driven dropout prevention represents a fundamental
shift in how educational institutions support student success.
By identifying at-risk students early and providing timely,
targeted interventions, institutions can substantially reduce
dropout rates and improve educational outcomes. The
framework presented in this paper provides Malaysian
educational institutions with a roadmap for implementing
evidence-based early warning systems that leverage
machine learning while upholding ethical standards and
protecting student rights.

Future research should continue to refine predictive
models for Malaysian contexts, evaluate intervention
effectiveness, and address emerging challenges related to
algorithmic fairness and student privacy. As institutions gain
experience with predictive analytics, knowledge sharing,
and collaborative learning will accelerate adoption and
improve practices across the Malaysian education system.
With sustained commitment from policy makers,
institutional leaders, and educational professionals, data-
driven dropout prevention can contribute significantly to
Malaysia's goals of educational equity, human capital
development, and national prosperity.
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