Z I El' A International Information and

Engineering Technology Association

Ingénierie des Systéemes d’Information
Vol. 31, No. 6, June, 2026, pp. 1837-1846

Journal homepage: http://iieta.org/journals/isi

A Mathematical Model of Adaptive Weighted Ensemble Trees Enhanced with Metaheuristic |

Optimization for Student Dropout Prediction in Vocational Higher Education

Check for
updates

Norma Puspitasari?*(2, Mochamad Agung Wibowo'(®, Budi Warsito*

! Doctoral Program of Information Systems, Postgraduate School, Diponegoro University, Semarang 50241, Indonesia
2 Software Engineering Technology, Politeknik Indonusa Surakarta, Surakarta 57142, Indonesia

Corresponding Author Email: normasari@poltekindonusa.ac.id

Copyright: ©2026 The authors. This article is published by IIETA and is licensed under the CC BY 4.0 license

(http://creativecommons.org/licenses/by/4.0/).

https://doi.org/10.18280/isi.310606

ABSTRACT

Received: 15 January 2026
Revised:10 March 2026
Accepted: 23 March 2026
Available online: 30 June 2026

Keywords:
student dropout prediction, adaptive
ensemble learning, metaheuristic

optimization, machine learning, educational
data mining, early warning system,
vocational higher education

Student dropout prediction has become an important research topic in vocational higher
education because early identification of at-risk students can support timely academic
intervention and retention management. This study proposes an Adaptive Weighted Tree
Ensemble (AWET) framework enhanced with metaheuristic optimization for student
dropout prediction. The proposed framework integrates multiple tree-based classifiers
through an adaptive weighting mechanism, where ensemble weights and classification
thresholds are optimized using Genetic Algorithm (GA), Grey Wolf Optimizer (GWO), and
Particle Swarm Optimization (PSO). The model was developed and evaluated using a
dataset containing 3,630 student records with 34 academic, demographic, attendance, and
behavioral features. A stratified training-validation-testing strategy and five-fold cross-
validation were employed to evaluate model robustness using accuracy, precision, recall,
F1-score, ROC-AUC, and Matthews Correlation Coefficient (MCC). Experimental results
demonstrate that the optimized AWET models consistently outperform the equal-weight
ensemble approach, confirming the effectiveness of adaptive weighting and metaheuristic
optimization. Among all optimized variants, AWET-GWO achieved the best overall
performance, with an accuracy of 0.919, precision of 0.942, recall of 0.845, F1-score of
0.891, ROC-AUC of 0.962, and MCC of 0.830. The proposed framework provides an
effective data-driven approach for developing early warning systems to identify students at
risk of dropout in vocational higher education.

1. INTRODUCTION

Higher education institutions have been using educational
technologies and data-driven decision systems more
frequently in recent years to assess academic risk, track
student progress, and facilitate early intervention. Institutions
may create predictive models to identify students who are at
risk of dropping out before the issue becomes more
challenging to handle due to the increasing availability of
academic records, demographic profiles, attendance data, and
behavioral markers [1-4]. Dropout prediction is especially
crucial in vocational higher education because students
participate in practice-oriented training, competency-based
assessment, and industry-related academic activities in
addition to classroom-based instruction. Compared to
traditional academic programs, these features provide more
varied learning patterns and complicate student growth [5-7].

Student dropout remains a critical issue because it affects
individual students, institutional performance, educational
resource planning, and workforce preparation. Students who
discontinue their studies may face limited career opportunities,
while institutions may experience reduced retention rates and
decreased efficiency in academic management [8-10].
Therefore, accurate and timely dropout prediction is needed to
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support academic advisors and institutional decision-makers
in designing appropriate intervention strategies, such as
academic counseling, learning assistance, financial support,
and student monitoring programs [11-13].

Machine learning has become an important approach in
educational data mining and learning analytics due to its
ability to process heterogeneous and high-dimensional student
data [14-16]. Among various machine learning methods, tree-
based ensemble models, such as Random Forest, Gradient
Boosting, and Extremely Randomized Trees, have shown
strong performance in classification tasks. These models are
capable of capturing nonlinear relationships, handling
complex feature interactions, and producing stable predictions
across different types of educational datasets [17-20].
However, conventional ensemble models often depend on
fixed hyperparameters and predefined weighting structures.
This limitation may reduce model adaptability when dealing
with imbalanced dropout data, noisy student records, and
variations in student characteristics across academic cohorts
[21-24].

Several optimization strategies have been introduced to
improve the predictive performance of machine learning
models, including automated hyperparameter tuning and
metaheuristic optimization [25-27]. Metaheuristic algorithms,
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such as Particle Swarm Optimization (PSO), Genetic
Algorithm (GA), and Grey Wolf Optimizer (GWO), are useful
for exploring complex multidimensional search spaces and
identifying near-optimal solutions without relying on a single
deterministic search path [28-31]. These algorithms have
demonstrated potential in improving convergence behavior,
model stability, and classification performance in various
prediction problems [32-34].

Previous studies have demonstrated the effectiveness of
ensemble learning for student dropout prediction; however,
most approaches rely on fixed-weight aggregation strategies
or focus on improving individual classifiers independently.
Consequently, the relative contribution of each base learner is
usually predetermined and cannot adapt to variations in
educational datasets. Furthermore, only limited research has
investigated the simultaneous optimization of ensemble
weights and decision thresholds within vocational higher
education settings. This limitation may reduce the ability of
conventional ensemble models to capture complex dropout
patterns and class imbalance characteristics. Therefore, this
study introduces an Adaptive Weighted Ensemble Tree
(AWET) framework integrated with metaheuristic
optimization to dynamically determine the contribution of
each classifier and improve dropout prediction performance.
Previous studies applied stacking ensembles, machine
learning, genetic programming, data mining, and decision
trees to predict dropout, academic failure, low performance,
and final GPA, demonstrating potential for educational early
warning [35-39].

To address this gap, this study proposes an AWET
framework enhanced with metaheuristic optimization for
student dropout prediction in vocational higher education. The
proposed framework integrates multiple tree-based classifiers
and assigns adaptive weights to each classifier according to its
predictive contribution. PSO, GA, and GWO are employed to
optimize ensemble weights and the classification threshold
[40-42]. Through this design, the proposed model aims to
improve predictive accuracy, recall, F1-score, Area Under the
Receiver Operating Characteristic Curve (ROC-AUC), and
robustness under imbalanced educational data conditions.

The main contribution of this study is the development of a
mathematical and computational framework that combines
adaptive ensemble weighting with metaheuristic optimization.
Unlike conventional ensemble approaches that rely on fixed
classifier contributions, the proposed AWET framework
dynamically adjusts the role of each base learner to improve
prediction reliability. The proposed model is expected to
support the development of intelligent early warning systems
that help vocational higher education institutions identify at-
risk students more accurately and implement timely, data-
driven intervention strategies [43-45].

2. MATERIALS AND METHODS

The features of the dataset, preprocessing techniques,
suggested AWET framework, metaheuristic optimization
strategy, evaluation measures, and experimental setup utilized
in this investigation are all explained in this part. Adaptive
ensemble learning and metaheuristic-based optimization were
combined in the methodological design to create a dependable
dropout prediction model for vocational higher education.
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2.1 Dataset description

The dataset used in this study consists of student academic
records, demographic attributes, attendance histories, and
behavioral indicators collected from vocational higher
education programs over several academic semesters [46, 47].
These variables were selected because they represent
important factors related to student persistence, academic
performance, and dropout risk. Multi-source educational
datasets have been widely used in learning analytics research
to model student retention and dropout behavior [48-50].

Before model development, all student records were
anonymized to protect personal identity and ensure
compliance with institutional data ethics requirements.
Missing values were handled using median imputation for
numerical variables and mode-based imputation for
categorical variables. Categorical variables were transformed
using one-hot encoding, while numerical variables were
normalized to ensure comparable feature scales across
different measurement units [51-53].

The dataset was divided into training, validation, and testing
subsets with a proportion of 70%, 15%, and 15%, respectively.
Stratified sampling was applied to maintain the dropout and
non-dropout class distribution in each subset. This strategy
was used because dropout datasets commonly contain class
imbalance, where non-dropout students are usually more
dominant than dropout students [54].

2.2 Adaptive Weighted Ensemble Tree framework

Adaptive ensemble learning improves classification
performance by combining the strengths of several base
learners and reducing the weakness of individual models [55-
57]. In this study, the proposed AWET framework combines
multiple tree-based classifiers using adaptive weights. These
weights are not assigned manually but optimized through
metaheuristic algorithms to obtain the most -effective
contribution from each classifier.

Let h;(x) denote the prediction probability generated by the
i-th base classifier for input x, and let w; represent the adaptive
weight assigned to that classifier. The final ensemble
prediction is formulated as:

y(x) = XL, wihi(x) (1)
where, N is the number of base classifiers, h; (x) is the
prediction output of the i-th classifier, and w; is the optimized
weight of the corresponding classifier. The weights are
constrained as follows:

<
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This constraint ensures that the ensemble output is a
normalized weighted combination of all base classifiers. The
adaptive weighting mechanism allows classifiers with stronger
predictive contribution to receive higher weights, while
classifiers with weaker contribution receive lower weights.
This mechanism is expected to improve the detection of
minority dropout cases and reduce prediction bias caused by
imbalanced data [58-60].



2.2.1 Base learners

The proposed ensemble consists of four tree-based
classifiers: Random Forest, Gradient Boosting Machine, Extra
Trees Classifier, and CatBoost. These models were selected
because they have complementary learning characteristics and
are suitable for handling nonlinear relationships, mixed data
structures, and complex feature interactions in educational
datasets.

Random Forest provides robustness through bootstrap
aggregation and random feature selection. Gradient Boosting
Machine improves prediction by sequentially correcting errors
from previous weak learners. Extra Trees Classifier increases
diversity by using randomized splitting strategies. CatBoost is
effective for datasets containing categorical features and can
reduce prediction bias through ordered boosting. By
combining these classifiers, the AWET framework is expected
to capture diverse patterns related to student dropout risk.

2.2.2 Loss function

The optimization objective is to minimize the prediction
error of the ensemble model. Since dropout prediction is
treated as a binary classification problem, binary cross-entropy
loss is used as the objective function. The loss function is
defined as:

M
1
=y loE) + (1-v)legl-5)] O

Jj=1

where, M is the number of training samples, y; is the actual
class label of the j-th student, and §; is the predicted dropout
probability generated by the AWET model. Binary cross-
entropy loss is suitable for probabilistic classification because
it penalizes incorrect probability estimates and provides
sensitivity to classification errors in both dropout and non-
dropout classes [61-63]. Therefore, this loss function is
appropriate for optimizing early warning models that require
reliable prediction of at-risk students.

2.3 Metaheuristic optimization strategy

Metaheuristic optimization was applied to determine the
optimal ensemble weight vector and selected model
hyperparameters. Each candidate solution represents a
combination of ensemble weights and model parameters. The
general solution vector is expressed as:

S = [wy, Wy, ..., Wy, T] 4
where, wy, w,, ..., wy are the ensemble weights and 7 is the
optimized classification threshold used to convert the final
dropout probability into a binary class label.

Three metaheuristic algorithms were compared in this
study: PSO, GA, and GWO. These algorithms were selected
because they represent different search mechanisms and have
been widely applied in optimization-based classification
problems.

2.3.1 Particle Swarm Optimization

PSO simulates the movement of a swarm of particles in a
search space. Each particle represents a candidate AWET
configuration, including ensemble weights and selected
hyperparameters. The particle updates its position by
considering its own best experience and the best solution
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found by the swarm.
The velocity and position update equations are defined as:

vi*t = wvf + i1y (pbest; — x}) 5)
+c,1,(ghest — xf)
N ©

where, v} is the velocity of the i-th particle at iteration 7, x} is
the current particle position, w is the inertia weight, ¢; and
c, are acceleration coefficients, r; and r, are random values
between 0 and 1, pbest; is the best solution found by the i-th
particle, and gbest is the best global solution found by the
swarm, pbest; is the best solution found by the i-th particle,
and gbest is the best global solution found by the swarm.

After each update, the ensemble weights were normalized
to satisfy the constraint ¥, w; = 1.

2.3.2 Genetic Algorithm

The GA searches for the optimal AWET configuration
through evolutionary operations, including selection,
crossover, and mutation. In this study, each chromosome
represents a candidate solution consisting of ensemble weights
and selected hyperparameters. The chromosome structure is
represented as:

C = [wy, Wy, ..., Wy, T] (7
where, C denotes a chromosome, wy, w,, ..., wy represent the
ensemble weights, and 7 represents the classification
threshold.

The resulting weights were normalized after genetic
operations to ensure that the total weight remained equal to
one.

2.3.3 Grey Wolf Optimizer

GWO is inspired by the leadership hierarchy and hunting
mechanism of grey wolves. The best three candidate solutions
are represented as alpha, beta, and delta wolves, while the
remaining candidate solutions are treated as omega wolves.
The search process is guided by the position of these leading
wolves.

The distance and position update equations are formulated
as:

D, = |C1Xa - X, (8)
Dg = |CoXg — X|, D5 = |CsX5 — X|
X1 = Xa - AlDa'XZ = XB - AzDB,X3 = X5 - A3D6‘ (9)
X +X,+X
Xt+1) = % (10)

where, X is the current position of a search agent, X, Xz, and
X g are the positions of the three best candidate solutions, while
A and C are coefficient vectors that control exploration and
exploitation. Through this mechanism, GWO searches for the
best AWET configuration by following the most promising
candidate solutions.

2.4 Overall optimization procedure

The overall workflow of the proposed AWET framework



consists of six sequential stages. First, raw student data were
preprocessed through data cleaning, missing value imputation,
categorical encoding, feature normalization, and class
distribution inspection. Second, feature engineering and
feature preparation were performed to transform the
educational variables into machine-learning-ready
representations. Third, the four base learners, namely Random
Forest, Gradient Boosting Machine, Extra Trees Classifier,
and CatBoost, were independently trained using the training
dataset.

Fourth, the AWET structure was constructed by combining
the prediction probabilities generated by all base learners
through a weighted aggregation mechanism. Fifth, the
ensemble weight vector and classification threshold were
optimized using three metaheuristic algorithms: PSO, GA, and
GWO. The optimization process searched for the best
configuration that minimized validation loss while
maximizing classification performance.

Finally, the optimized AWET model was evaluated on the
testing dataset to generate the final dropout predictions. The
complete workflow is illustrated in Figure 1 and follows the
sequence: Data Preprocessing — Feature Preparation — Base
Learner Training — AWET Ensemble Construction —
Metaheuristic Optimization — Final Prediction.

Raw Student Dataset ]
3
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3

Feature Engineering /
Feature Preparation

3

liF: P

Base Learner Training
(RF, GBM, ET, CatBoost)

|
)
]
|
)
)
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Final Optimized AWET Model
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[
(%%
[
[
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Figure 1. Overall optimization framework of the proposed
Adaptive Weighted Ensemble Tree (AWET) model using
metaheuristic algorithms

2.5 Evaluation metrics

The performance of the proposed model was evaluated
using several classification metrics to obtain a comprehensive
assessment of predictive ability, especially under imbalanced
class conditions. The metrics used in this study include
accuracy, precision, recall, Fl-score, ROC-AUC, and
Matthews Correlation Coefficient (MCC).

Accuracy measures the proportion of correctly classified
instances. Precision measures the proportion of predicted
dropout cases that are actually dropout cases. Recall measures
the ability of the model to correctly identify actual dropout
students. Fl-score provides a balanced measure between
precision and recall. ROC-AUC evaluates the model’s ability
to distinguish between dropout and non-dropout classes across
different threshold values. MCC was also used because it
provides a balanced evaluation even when the class
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distribution is imbalanced.

The use of multiple evaluation metrics is important because
high accuracy alone may be misleading in dropout prediction
when the number of non-dropout students is much larger than
the number of dropout students.

2.6 Experimental setup

The experiments were implemented using Python with
Scikit-learn, CatBoost, and custom implementations of PSO,
GA, and GWO. All models were trained and evaluated using
the same training, validation, and testing partitions to ensure
fair comparison.

A 5-fold stratified cross-validation procedure was applied
during model development to reduce evaluation bias and
maintain class distribution in each fold. The final optimized
model was then evaluated on the independent testing subset.
All simulations were conducted on a workstation equipped
with an Intel Core i7 processor and 32 GB RAM. GPU
acceleration was used when available, particularly for
CatBoost training.

The experimental results from the baseline models and the
optimized AWET variants were compared to determine
whether metaheuristic optimization improved predictive
performance. The best-performing model was selected based
on overall performance across accuracy, precision, recall, F1-
score, ROC-AUC, and MCC.

The reported mean and standard deviation values were
calculated across the five validation folds to assess the
robustness and stability of each predictive model.

3. RESULTS AND DISCUSSION

This section presents the experimental results of the
proposed AWET model enhanced with metaheuristic
optimization. The evaluation was conducted using a student
dataset consisting of 3,630 records and 34 predictive features.
The target variable was divided into two classes, namely non-
dropout and dropout students. The dataset consisted of 2,209
non-dropout students and 1,421 dropout students. A stratified
data splitting strategy was applied by dividing the dataset into
70% training data, 15% validation data, and 15% testing data
to preserve the class distribution in each subset.

The performance of the proposed model was compared with
several baseline tree-based classifiers, namely Random Forest,
Gradient Boosting Machine, Extra Trees Classifier, and
CatBoost. In addition, the AWET model was evaluated using
equal weighting and three metaheuristic optimization
strategies, namely GA, GWO, and PSO. The evaluation
metrics included accuracy, precision, recall, F1-score, ROC-
AUC, and MCC.

3.1 Performance comparison of baseline and optimized
models

Table 1 presents the performance comparison between the
baseline models and the optimized AWET variants. The use of
multiple evaluation metrics is important because dropout
prediction commonly involves class imbalance. Accuracy
alone may not sufficiently represent the model’s ability to
identify students at risk of dropout. Therefore, precision,
recall, F1-score, ROC-AUC, and MCC were also used to
obtain a more balanced evaluation.



Table 1. Performance comparison of baseline and optimized ensemble models

Model Accuracy Precision Recall F1-Score ROC-AUC MCC

Random Forest 0.906 0.893 0.864 0.878 0.961 0.803
Gradient Boosting Machine 0.905 0.909 0.840 0.873 0.956 0.798
Extra Trees Classifier 0.925 0.930 0.873 0.901 0.960 0.841
CatBoost 0.894 0.857 0.873 0.865 0.955 0.777

AWET Equal Weight 0.908 0.901 0.859 0.880 0.961 0.806
AWET + GA 0.917 0.942 0.840 0.888 0.962 0.827
AWET + GWO 0.919 0.942 0.845 0.891 0.962 0.830
AWET + PSO 0.917 0.942 0.840 0.888 0.962 0.827

Note: AWET = Adaptive Weighted Ensemble Tree, GA = Genetic Algorithm, GWO = Grey Wolf Optimizer, PSO = Particle Swarm Optimization, MCC =
Matthews Correlation Coefficient.

Table 2. Performance comparison based on five-fold stratified cross-validation (mean =standard deviation)

Model Accuracy Precision Recall F1-Score ROC-AUC MCC
Random Forest 0.904 +0.010  0.921 +£0.023  0.827 £0.011  0.871%0.012  0.952 £0.007  0.799 %0.021
Gradient Boosting Machine 0.909 +0.006  0.926 +£0.012  0.834 £0.012  0.877 £0.008  0.954 £0.006  0.808 £0.012
Extra Trees Classifier 0.910 +£0.007  0.931 +0.018  0.833+0.006  0.879 £0.008  0.952 £0.008  0.811 %0.015
CatBoost 0.908 +£0.011  0.935+0.025  0.822 +£0.014  0.875+0.015  0.953 £0.007  0.806 £0.025
AWET Equal Weight 0.911 +£0.006  0.933 +£0.020  0.833 +£0.009  0.880 £0.007  0.956 £0.007  0.813 £0.014
AWET + GA 0.906 +£0.007  0.951 +£0.017  0.800 £0.011  0.869 £0.010 = 0.955 £0.007  0.803 £0.016
AWET + GWO 0.907 +£0.006  0.956 +0.014  0.799 +£0.009  0.871+0.008  0.955 +0.007  0.807 £0.013
AWET + PSO 0.906 +£0.007  0.955+0.015  0.797 £0.010  0.868 £0.009  0.955 +0.007  0.804 £0.015

Note: AWET = Adaptive Weighted Ensemble Tree, GA = Genetic Algorithm, GWO = Grey Wolf Optimizer, PSO = Particle Swarm Optimization, MCC =
Matthews Correlation Coefficient.

As shown in Table 1, the baseline tree-based models
produced strong predictive performance. Among the
individual baseline classifiers, Extra Trees Classifier achieved
the highest accuracy of 0.925, F1-score of 0.901, and MCC of
0.841. This indicates that the randomized tree structure of
Extra Trees was effective in capturing complex patterns in
student dropout data. Random Forest also showed strong
performance, with an accuracy of 0.906, recall of 0.864, ROC-
AUC of 0.961, and MCC of 0.803. Gradient Boosting Machine
achieved an accuracy of 0.905 and precision of 0.909, while
CatBoost achieved balanced recall performance of 0.873.

The equal-weight AWET model achieved an accuracy of
0.908, precision of 0.901, recall of 0.859, F1-score of 0.880,
ROC-AUC of 0.961, and MCC of 0.806. This result indicates
that combining multiple tree-based learners can produce
competitive predictive performance. However, the equal-
weight strategy does not consider the different contribution
levels of each base learner. Therefore, assigning the same
weight to all classifiers may not always produce the optimal
ensemble configuration.

After metaheuristic optimization was applied, the AWET
variants showed improved performance compared with the
equal-weight AWET model. AWET + GA achieved an
accuracy of 0.917, precision of 0.942, Fl-score of 0.888,
ROC-AUC of 0.962, and MCC of 0.827. AWET + PSO
produced the same accuracy, precision, F1-score, ROC-AUC,
and MCC values as AWET + GA in this experiment.
Meanwhile, AWET + GWO achieved the strongest
performance among the optimized AWET variants, with an
accuracy of 0.919, precision of 0.942, recall of 0.845, F1-score
of 0.891, ROC-AUC of 0.962, and MCC of 0.830.

These findings indicate that metaheuristic optimization
improved the adaptive ensemble configuration. Although the
Extra Trees Classifier achieved the highest individual
classification performance in terms of accuracy, F1-score, and
MCC, the proposed AWET framework provides a more
flexible ensemble architecture by adaptively optimizing
classifier contributions and decision thresholds. Consequently,
AWET + GWO demonstrated superior precision, competitive
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overall predictive performance, and greater adaptability for
deployment in educational early warning systems. These
characteristics make the proposed framework particularly
suitable for supporting robust and data-driven intervention
strategies in vocational higher education.

Table 1 reports the performance on the independent testing
dataset, whereas Table 2 summarizes the average performance
obtained from five-fold stratified cross-validation to evaluate
the robustness and stability of the proposed models.

Table 2 presents the average performance obtained from a
five-fold stratified cross-validation procedure. Overall, the
standard deviation values are relatively small across all
evaluation metrics, indicating that the proposed models exhibit
stable predictive performance across different data partitions.
Among the optimized ensemble models, AWET + GWO
achieved the highest average precision (0.956 =+ 0.014) and
maintained competitive performance across the remaining
evaluation metrics, suggesting that the GWO consistently
produced robust ensemble configurations. The relatively low
standard deviations also indicate that the proposed
optimization strategy is reliable and not highly sensitive to
variations in the training and validation subsets.

3.1.1 Cross-validation performance

The five-fold stratified cross-validation results presented in
Table 2 demonstrate that all models achieved relatively low
standard deviations, indicating stable predictive performance
across different training-validation partitions. Although the
average cross-validation accuracy is slightly lower than the
independent testing performance shown in Table 1, this result
is expected because cross-validation evaluates the model
repeatedly using different subsets of the data. Among the
optimized models, AWET + GWO achieved the highest
average precision while maintaining competitive performance
across the remaining evaluation metrics.

Furthermore, the consistently low standard deviation values
(<0.03 across all evaluation metrics) suggest that the proposed
optimization framework is robust and produces stable
predictive performance regardless of the training-validation



partition. This stability is particularly important for
educational decision support systems because prediction
reliability directly affects intervention planning and student
retention strategies.

3.2 Optimized ensemble weight analysis

Table 3 presents the optimized ensemble weights generated
by the metaheuristic algorithms. The weight values indicate
the relative contribution of each base learner in the final
AWET prediction. Unlike the equal-weight approach, the
optimized AWET models assign different weights to each
classifier based on validation performance.

The optimized weights show that each base learner
contributed differently to the final ensemble prediction. In
AWET + GA, the highest weight was assigned to Extra Trees
Classifier at 0.414, followed by Random Forest at 0.354,
CatBoost at 0.186, and Gradient Boosting Machine at 0.046.
A similar pattern was observed in AWET + GWO, where
Extra Trees Classifier received the highest weight of 0.462,

followed by CatBoost at 0.298, Random Forest at 0.217, and
Gradient Boosting Machine at 0.024. In AWET + PSO,
Random Forest received the highest weight of 0.374, followed
by Extra Trees Classifier at 0.387, CatBoost at 0.198, and
Gradient Boosting Machine at 0.041.

These results indicate that Extra Trees Classifier and
Random Forest played a dominant role in the optimized
AWET framework. This finding is consistent with the baseline
performance results, where Extra Trees Classifier achieved the
strongest individual performance. The relatively lower
weights assigned to Gradient Boosting Machine suggest that
its contribution to the optimized ensemble was smaller than
that of the other classifiers in this dataset.

The optimized threshold values ranged from 0.569 to 0.576,
which were higher than the default classification threshold of
0.500. This indicates that the optimized AWET models
required stronger predictive confidence before classifying a
student as a dropout. This adjustment contributed to higher
precision, reducing the number of false positive predictions in
the testing dataset.

Table 3. Optimized ensemble weights generated by metaheuristic algorithms

Optimization Method Random Forest Gradient Boosting Machine  Extra Trees Classifier CatBoost Threshold
AWET Equal Weight 0.250 0.250 0.250 0.250 0.500
AWET + GA 0.354 0.046 0.414 0.186 0.569
AWET + GWO 0.217 0.024 0.462 0.298 0.571
AWET + PSO 0.374 0.041 0.387 0.198 0.576

Note: AWET = Adaptive Weighted Ensemble Tree, GA = Genetic Algorithm, GWO = Grey Wolf Optimizer, PSO = Particle Swarm Optimization.

3.3 Effect of metaheuristic optimization

The comparison between AWET Equal Weight and the
optimized AWET variants demonstrates the effect of
metaheuristic optimization on ensemble performance. The
equal-weight AWET model achieved an accuracy of 0.908 and
MCC of 0.806. After optimization, AWET + GA and AWET
+ PSO improved accuracy to 0.917 and MCC to 0.827, while
AWET + GWO improved accuracy to 0.919 and MCC to
0.830.

The improvement in MCC is particularly important because
MCC evaluates classification performance by considering true
positives, true negatives, false positives, and false negatives
simultaneously. In imbalanced classification problems, MCC
is often more informative than accuracy because it reflects the
balance of prediction quality across both classes. Therefore,
the higher MCC values obtained by the optimized AWET
variants indicate that metaheuristic optimization improved the
overall reliability of dropout classification.

Among the three metaheuristic algorithms, GWO produced
the strongest AWET configuration in this experiment. This
may be attributed to its hierarchical search mechanism, where
the alpha, beta, and delta candidate solutions guide the
optimization process. This mechanism helped the model
identify a more effective combination of ensemble weights
and classification threshold. GA and PSO also produced
competitive results, showing that different metaheuristic
strategies can improve ensemble performance through
adaptive weight optimization.

The results also show that optimized AWET did not simply
average the outputs of the base learners. Instead, the model
adjusted the contribution of each classifier according to its
predictive strength. This adaptive mechanism is important
because each base learner may capture different patterns from
student academic, demographic, attendance, and behavioral
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data.
3.4 Robustness against imbalanced dropout data

Student dropout prediction is commonly affected by class
imbalance because the number of students who continue their
studies is often higher than the number of students who drop
out. In this study, the dataset contained 2,209 non-dropout
students and 1,421 dropout students. Although the imbalance
was not extreme, it was still necessary to evaluate the model
using metrics beyond accuracy.

Recall and F1-score are important in this context because
they reflect the model’s ability to identify students who are
actually at risk of dropout. Extra Trees Classifier achieved the
highest recall among the best-performing models, while
AWET + GWO produced a balanced performance with high
precision, F1-score, ROC-AUC, and MCC. The high precision
value of 0.942 in the optimized AWET variants indicates that
the model reduced false positive predictions, meaning that
students classified as dropout risk were more likely to truly
belong to the dropout class.

In early warning systems, reducing false positives and false
negatives is important. False positives may cause institutions
to allocate intervention resources to students who are not
actually at risk, while false negatives may result in at-risk
students being missed. The optimized AWET variants
improved the balance of prediction performance by increasing
precision and MCC compared with the equal-weight
ensemble. This makes the proposed framework useful for
supporting more reliable academic decision-making.

3.5 Practical implications for early warning decision
support

The findings should be interpreted within the context of



vocational higher education and should not be generalized to
other educational environments without further validation. By
using academic, demographic, attendance, and behavioral
variables, the model can help institutions identify students who
are more likely to experience dropout risk. The prediction
results can be used as part of an early warning decision support
system for academic advisors, program managers, and
institutional administrators.

Students identified as high-risk can be prioritized for
academic counseling, learning assistance, attendance
monitoring, financial support evaluation, or other intervention
programs. The model does not replace human judgment but
provides data-driven evidence to support earlier and more
targeted decision-making. This is particularly important in
vocational higher education, where student progression is
influenced by both academic performance and practice-
oriented learning activities.

The optimized AWET framework is also flexible because
the ensemble weights can be adjusted according to validation
performance. This means that the model can be retrained and
recalibrated when new student cohorts or institutional datasets
become available. Such flexibility is valuable because dropout
patterns may change across academic years, study programs,
and student populations.

3.6 Limitations

Although the proposed AWET framework produced
promising results, several limitations should be considered.
First, the model performance depends on the quality and
completeness of the student dataset. Missing, inconsistent, or
inaccurate records may affect prediction reliability. Second,
this study used academic, demographic, attendance, and
behavioral indicators, while other factors such as family
background, financial pressure, learning motivation,
psychological condition, and institutional support may also
influence dropout risk.

Third, the model was evaluated using a single cleaned
dataset. Therefore, external wvalidation wusing multi-
institutional datasets is recommended for future research.
Fourth, metaheuristic optimization may require additional
computational resources compared with conventional model
training. However, this computational cost can be justified
when the optimized model provides better prediction
reliability and supports more effective intervention planning.

3.7 Summary of findings

Overall, the experimental results show that the proposed
AWET framework enhanced with metaheuristic optimization
provides a competitive approach for student dropout
prediction. The optimized AWET variants improved the
performance of the equal-weight ensemble, particularly in
terms of accuracy, precision, ROC-AUC, and MCC. Among
the optimized AWET variants, AWET + GWO achieved the
best performance, whereas the Extra Trees Classifier remained
the strongest individual baseline model.

The findings confirm that adaptive ensemble weighting can
improve prediction reliability by adjusting the contribution of
each base learner. The optimized weight distribution showed
that Extra Trees Classifier and Random Forest contributed
strongly to the final prediction. Therefore, the proposed
AWET framework can serve as a useful foundation for
developing intelligent early warning systems to support data-
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driven dropout intervention in vocational higher education.

4. CONCLUSIONS

This study proposed an AWET framework enhanced with
metaheuristic optimization for predicting student dropout in
vocational higher education. The proposed framework
combined four tree-based base learners, namely Random
Forest, Gradient Boosting Machine, Extra Trees Classifier,
and CatBoost. The ensemble weights and classification
threshold were optimized using GA, GWO, and PSO to
improve prediction reliability under imbalanced educational
data conditions.

The experimental results showed that the baseline tree-
based models produced strong predictive performance, with
the Extra Trees Classifier achieving the highest individual
performance in terms of accuracy, Fl-score, and MCC.
However, the optimized AWET variants consistently
outperformed the equal-weight ensemble model through
adaptive optimization of ensemble weights and classification
thresholds. Among the optimized AWET variants, AWET +
GWO achieved the best performance, with an accuracy of
0.919, precision of 0.942, recall of 0.845, F1-score of 0.891,
ROC-AUC of 0.962, and MCC of 0.830. These findings
demonstrate that the proposed AWET framework offers
competitive predictive performance while providing greater
flexibility, adaptive decision-making capability, and
robustness for educational early warning systems in vocational
higher education.

From a practical perspective, the proposed model can
support the development of intelligent early warning decision
support systems in vocational higher education. By identifying
students at risk of dropout based on academic, demographic,
attendance, and behavioral indicators, institutions can design
more timely and targeted intervention strategies, such as
academic counseling, learning assistance, attendance
monitoring, and financial support evaluation. The model is not
intended to replace academic decision-making, but to provide
data-driven evidence that can support more proactive student
retention management.

This study still has several limitations. The model was
evaluated using a single cleaned dataset, so further validation
using multi-institutional datasets is required to examine its
generalizability. In addition, the current model used academic,
demographic, attendance, and behavioral variables, while
other factors such as family background, financial pressure,
learning motivation, psychological condition, and institutional
support may also influence dropout risk. Future research may
extend the proposed framework by incorporating broader
student-related variables, applying temporal learning features,
and comparing the AWET framework with deep learning-
based and explainable artificial intelligence approaches.

The findings are specific to the vocational higher education
dataset used in this study. Therefore, the generalizability of the
proposed framework to other educational contexts requires
further investigation using external datasets from different
institutions and educational environments.

Overall, the proposed AWET framework demonstrates that
integrating adaptive ensemble weighting with metaheuristic
optimization is a promising direction for developing robust
educational early warning systems in vocational higher
education.
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