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Abstract: Customer churn prediction remains a critical challenge in the telecommunications industry be-
cause subscriber attrition directly affects revenue generation, customer retention, and long-term business
sustainability. Although numerous studies have employed machine learning and deep learning techniques
for churn prediction, many existing approaches rely on standalone models that have limited ability to sim-
ultaneously capture complex nonlinear customer behaviour, exploit model diversity, and eliminate redun-
dant features. Building upon our previous study, this research proposes an enhanced heterogeneous stack-
ing ensemble framework that integrates Binary Firefly Algorithm (BFA)-based feature optimization with
Deep Neural Network (DNN), Support Vector Machine (SVM), and Random Forest (RF) as base learners,
while Logistic Regression serves as the meta-learner for final churn classification. To ensure a fair and con-
trolled comparison, the same Maven Analytics Telecom Customer Churn dataset and preprocessing strategy
adopted in the previous study were retained, including data cleaning, feature transformation, stratified data
partitioning, and normalization. Model development further incorporated 5-fold cross-validation on the
training dataset, while BFA was introduced to identify the most informative pre-churn features. Experi-
mental results demonstrate that the proposed framework achieved strong and balanced predictive perfor-
mance and demonstrated improvements in several classification metrics compared with the previously de-
veloped BFA-based Hybrid TabNet-DNN model. Furthermore, its performance was competitive with the
Random Forest baseline, which exhibited comparable classification effectiveness. These findings show that
optimized feature selection and heterogeneous ensemble learning improve prediction stability and general-
ization. The proposed framework provides an effective decision-support tool for proactive customer reten-
tion in the telecommunications industry.
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1. Introduction

Customer retention has become one of the most im-
portant determinants of profitability and long-term sus-
tainability in the modern telecommunications industry.
Rapid technological advancements, increasing market
competition, widespread smartphone adoption, and the

availability of multiple service providers have considera-
bly lowered customer switching barriers, making cus-
tomer churn a persistent challenge for telecommunica-
tions operators worldwide [1]-[5]. Customer churn, de-
fined as the discontinuation of services by subscribers, di-
rectly affects organizational revenue, market share, and
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customer acquisition costs. Since acquiring new customers
is considerably more expensive than retaining existing
ones, accurately identifying customers with high churn
propensity has become a strategic priority for telecommu-
nications companies seeking to improve customer loyalty
and operational efficiency [2], [3].

To address this challenge, predictive analytics has
emerged as an essential component of modern customer
relationship management. By combining statistical analy-
sis, data mining, and machine learning techniques, predic-
tive models can uncover hidden behavioral patterns from
large volumes of customer data and estimate the likeli-
hood of customer attrition before it occurs [6], [7]. Such
predictive capabilities enable telecommunications opera-
tors to implement proactive retention strategies, including
personalized promotions, improved customer support,
targeted marketing campaigns, and loyalty incentives for
customers identified as being at risk of leaving [8]. Conse-
quently, customer churn prediction has become one of the
most extensively studied applications of machine learn-
ing, with researchers exploiting demographic characteris-
tics, subscription information, billing history, service utili-
zation patterns, and network quality indicators to improve
prediction accuracy [9]. Despite these advances, accurately
modelling customer churn remains challenging because
customer behavior is inherently dynamic, nonlinear, and
influenced by numerous interacting factors. Furthermore,
issues such as redundant features, noisy data, high-dimen-
sional feature spaces, and varying data quality continue to
limit the effectiveness and generalization ability of many
prediction models [10].

Existing customer churn prediction studies have in-
vestigated a wide range of machine learning and deep
learning techniques, including Logistic Regression, Deci-
sion Trees, Random Forest, Support Vector Machine
(SVM), Artificial Neural Networks, Deep Neural Net-
works (DNN), and gradient boosting algorithms [11].
While these approaches have achieved promising predic-
tive performance, individual learning algorithms often ex-
hibit inherent limitations. Traditional machine learning
models may struggle to capture complex nonlinear rela-
tionships, whereas deep learning models generally require
large volumes of data and careful hyperparameter optimi-
zation to achieve stable performance. Similarly, tree-based
ensemble methods provide strong predictive capability
but remain constrained by the learning characteristics of a
single algorithm. These limitations suggest that relying on
a single predictive model may not fully exploit the com-
plementary strengths of different learning paradigms,
thereby motivating the development of heterogeneous en-
semble learning approaches.

Among ensemble learning techniques, stacking has
emerged as an effective strategy for improving predictive
performance by combining the outputs of multiple diverse

learning algorithms through a meta-learner. Unlike bag-
ging and boosting methods, which rely on homogeneous
ensembles or sequential learning, stacking integrates het-
erogeneous classifiers capable of learning different repre-
sentations of the same dataset. By combining complemen-
tary decision boundaries generated by diverse base learn-
ers, stacking often produces superior prediction accuracy,
enhanced robustness, and better generalization than indi-
vidual models [12]-[14]. Nevertheless, the effectiveness of
stacking ensembles largely depends on the quality of the
input features provided to the constituent models. High-
dimensional datasets containing irrelevant or redundant
attributes may still degrade predictive performance and
increase computational complexity, making feature selec-
tion an important component of ensemble-based churn
prediction.

Metaheuristic optimization algorithms have therefore
attracted considerable attention for identifying informa-
tive feature subsets capable of improving classification
performance while reducing model complexity. Among
these techniques, the Binary Firefly Algorithm (BFA) has
demonstrated considerable effectiveness in selecting dis-
criminative features from high-dimensional datasets
through an intelligent population-based search mecha-
nism. In our previous work, Odion et al. [15], the Binary
Firefly Algorithm was successfully employed to optimize
standalone TabNet and Deep Neural Network models for
customer churn prediction, demonstrating that feature op-
timization significantly improved classification perfor-
mance by eliminating redundant and irrelevant variables.
Although these findings established the effectiveness of
BFA for optimizing individual classifiers, the study did
not investigate whether the optimized feature subsets
could further enhance predictive performance when inte-
grated within a heterogeneous ensemble learning architec-
ture. Consequently, the applicability of Binary Firefly op-
timization beyond standalone classifiers remains largely
unexplored.

This study extends our previous research by investi-
gating the integration of Binary Firefly-based feature opti-
mization within a heterogeneous stacking ensemble learn-
ing framework for customer churn prediction. Rather than
optimizing individual classifiers, the proposed framework
combines the complementary strengths of a Deep Neural
Network (DNN), Support Vector Machine (SVM), and
Random Forest (RF) as base learners, while Logistic Re-
gression serves as the meta-learner responsible for gener-
ating the final prediction. The DNN is employed to learn
complex nonlinear feature representations, SVM provides
strong generalization through optimal margin separation
in high-dimensional feature spaces, and Random Forest
contributes robustness against noise and overfitting
through ensemble decision trees. Logistic Regression is se-
lected as the meta-learner because of its computational
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efficiency, interpretability, and effectiveness in learning
how to combine the outputs of heterogeneous classifiers
into a unified prediction. By integrating these complemen-
tary learning paradigms after Binary Firefly-based feature
optimization, the proposed framework seeks to achieve
improved predictive accuracy, robustness, and generaliza-
tion beyond what can be obtained using standalone learn-
ing algorithms.

To provide a comprehensive performance evaluation,
the proposed stacking ensemble is compared with four
baseline models, namely DNN, SVM, Random Forest, and
CatBoost, all trained using the Binary Firefly-selected fea-
ture subset. CatBoost is included as a benchmark because
of its strong performance on structured datasets contain-
ing categorical variables, although it is not incorporated
into the stacking architecture. Comparative evaluation
against these representative machine learning and deep
learning models enables a comprehensive assessment of
the effectiveness of the proposed ensemble framework.

The experimental evaluation utilizes the publicly
available Maven Analytics Telecom Customer Churn da-
taset, which has been widely adopted as a benchmark da-
taset for churn prediction research [12]-[14]. The dataset
contains demographic information, customer tenure, ser-
vice subscriptions, internet usage characteristics, billing
information, payment methods, revenue-related variables,
and customer churn status, providing a comprehensive
representation of customer behavior suitable for predic-
tive modelling. Although publicly available benchmark
datasets cannot fully capture the operational characteris-
tics of Nigerian telecommunications providers, they pro-
vide a reliable basis for evaluating and comparing ad-
vanced machine learning models under standardized ex-
perimental conditions.

The principal contributions of this study are summa-
rized as follows:

i. A Binary Firefly Algorithm-based feature optimi-
zation framework is integrated with a heterogene-
ous stacking ensemble rather than optimizing
standalone classifiers.

ii. A novel stacking architecture consisting of DNN,
SVM, and Random Forest as base learners with
Logistic Regression as the meta-learner is devel-
oped for customer churn prediction.

iii. A comprehensive comparative evaluation is con-
ducted against standalone DNN, SVM, Random
Forest, and CatBoost models using multiple per-
formance metrics.

iv.  The study demonstrates that Binary Firefly-opti-
mized heterogeneous ensemble learning im-
proves predictive robustness, generalization, and
classification performance beyond individual ma-
chine learning models, thereby extending the
findings reported in Odion et al. [15].

2. Review of Related Works
2.1. Traditional Machine Learning Approaches for Cus-
tomer Churn Prediction

Customer churn prediction has been extensively in-
vestigated using traditional machine learning algorithms
because of their simplicity, interpretability, and relatively
low computational requirements. Ele et al. [16] proposed a
regression-based machine learning framework for telecom
customer churn prediction by evaluating nine regression
algorithms using MAE, MSE, RMSE, and coefficient of de-
termination (R?). Among the evaluated models, Lasso Re-
gression achieved the best performance with an MAE of
7.77E-02, MSE of 1.21E-02, RMSE of 1.10E-01, and an R?
value of 0.9814, demonstrating strong predictive capabil-
ity. Similarly, Summaila and Stephen [17] developed a hy-
brid analytical framework that combined Principal Com-
ponent Analysis (PCA), K-Means Clustering, and Logistic
Regression to investigate subscriber satisfaction and churn
propensity among Nigerian GSM operators. Using Qual-
ity of Service (QoS) data collected from MTN, Airtel, Glo-
bacom, and 9mobile, the proposed framework achieved an
overall prediction accuracy of 95%, highlighting the effec-
tiveness of combining unsupervised and supervised learn-
ing techniques for churn prediction.

Although these conventional machine learning algo-
rithms have demonstrated satisfactory predictive perfor-
mance, they often struggle to model the complex nonlinear
interactions and high-dimensional feature relationships
commonly found in customer behavioral data. Conse-
quently, researchers have increasingly shifted their atten-
tion toward deep learning methods capable of learning
more expressive feature representations.

2.2. Deep Learning-Based Customer Churn Prediction
Deep learning techniques have gained considerable
attention because of their ability to automatically extract
hierarchical feature representations and model complex
nonlinear relationships within customer data. Fujo et al.
[18] proposed a Deep Backpropagation Artificial Neural
Network (Deep-BP-ANN) framework incorporating Vari-
ance Thresholding, Lasso Regression-based feature selec-
tion, Random Oversampling, and early stopping to im-
prove telecom customer churn prediction. Using IBM
Telco and Cell2Cell datasets, the proposed framework
achieved prediction accuracies of 88.12% and 79.38%, re-
spectively, while 10-fold cross-validation further con-
firmed its robustness with an average accuracy of 86.57%.
Similarly, Saha et al. [19] introduced ChurnNet, a
deep learning architecture integrating one-dimensional
convolutional layers, residual learning, squeeze-and-exci-
tation blocks, and spatial attention mechanisms. By com-
bining SMOTE-based data balancing with 10-fold cross-
validation, ChurnNet achieved prediction accuracies of
95.59%, 96.94%, and 97.52% across benchmark datasets,
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outperforming several existing deep learning approaches.
Kumar et al. [20] further demonstrated the effectiveness of
sequential deep learning by integrating Long Short-Term
Memory (LSTM) networks with conventional classifiers
such as Random Forest, Decision Trees, Support Vector
Machines, AdaBoost, and Gradient Boosting. Their find-
ings showed that the LSTM model achieved the highest
testing accuracy of 89%, confirming the ability of recurrent
neural networks to capture temporal dependencies in cus-
tomer behavioral patterns.

Despite these encouraging results, deep learning
models generally require careful parameter optimization,
are computationally intensive, and may exhibit overfitting
when trained on relatively small datasets. These limita-
tions have motivated the exploration of ensemble learning
techniques capable of combining the strengths of multiple
predictive models.

2.3. Ensemble Learning and Stacking Approaches

Ensemble learning has become one of the most suc-
cessful strategies for improving customer churn prediction
by combining multiple classifiers to achieve higher predic-
tive accuracy, robustness, and generalization. Chang et al.
[12] evaluated Decision Trees, Boosted Trees, and Random
Forest for telecom customer churn prediction and reported
that Random Forest achieved the best performance with
an accuracy of 91.66%, precision of 82.2%, and recall of
81.8%. The study further enhanced model transparency
through SHAP and LIME explainability techniques.

Similarly, Lalwani et al. [21] employed the Gravita-
tional Search Algorithm for feature selection before evalu-
ating several machine learning algorithms, including Lo-
gistic Regression, Support Vector Machine, Random For-
est, XGBoost, AdaBoost, and CatBoost. Their findings in-
dicated that CatBoost produced the best predictive perfor-
mance with an accuracy of 81.8%, precision of 81.2%, and
recall of 82.2%. Hossain [22] compared sixteen machine
learning algorithms using the Iranian Telco dataset and re-
ported that CatBoost achieved the highest accuracy of
97.54%, while LightGBM attained an average cross-valida-
tion accuracy of 96.39%.

Recent research has increasingly focused on hybrid
ensemble models. Asif et al. [23] proposed XAI-Churn Tri-
Boost, an explainable ensemble integrating XGBoost, Cat-
Boost, and LightGBM using a soft voting strategy. The
proposed framework achieved an accuracy of 96.44%, pre-
cision of 92.82%, recall of 87.82%, and an F1l-score of
90.25%, while SHAP and LIME improved model interpret-
ability. Likewise, Beeharry et al. [24] introduced a two-
layer flexible voting ensemble that significantly improved
churn prediction on both balanced and imbalanced tele-
com datasets, demonstrating statistically significant im-
provements over individual classifiers.

Although these ensemble approaches consistently
outperform standalone classifiers, most existing studies
rely on voting or boosting strategies. Comparatively fewer
studies have investigated heterogeneous stacking ensem-
bles that integrate deep learning and traditional machine
learning models through a dedicated meta-learner, partic-
ularly when combined with intelligent feature optimiza-
tion techniques

2.4. Feature Selection and Metaheuristic Optimization

Feature selection plays a critical role in customer
churn prediction because high-dimensional datasets often
contain redundant, noisy, or irrelevant attributes that de-
grade model performance and increase computational
complexity. Metaheuristic optimization algorithms have
therefore become increasingly popular for identifying in-
formative feature subsets.

Lalwani et al. [21] demonstrated that feature optimi-
zation using the Gravitational Search Algorithm improved
classification performance across several machine learning
models. Similarly, explainable machine learning ap-
proaches proposed by Poudel et al. [25] showed that iden-
tifying influential customer attributes not only improved
predictive performance but also enhanced model inter-
pretability through SHAP-based feature analysis. Reten-
Net, proposed by Prashanthan et al. [26], further integrated
optimization strategies with explainable artificial intelli-
gence, fuzzy clustering, and predictive modelling, demon-
strating that optimized learning frameworks can signifi-
cantly improve customer retention analysis.

In our previous work, Odion et al. [15] employed the
Binary Firefly Algorithm (BFA) to optimize feature selec-
tion for standalone TabNet and Deep Neural Network
models for customer churn prediction. The study demon-
strated that Binary Firefly-based optimization substan-
tially improved predictive performance by removing re-
dundant and irrelevant features while enhancing model
generalization. However, the investigation was limited to
optimizing individual classifiers and did not explore
whether Binary Firefly-selected feature subsets could fur-
ther improve heterogeneous ensemble learning frame-
works.

2.5. Research Gap

Recent comparative studies continue to demonstrate
that no single machine learning algorithm consistently
outperforms all others across different telecommunica-
tions datasets. Kumari et al. [27] reported that deep learn-
ing achieved the highest predictive performance among
several machine learning algorithms, whereas Logistic Re-
gression remained the most interpretable model. Toprak et
al. [13] evaluated sixteen classification algorithms using
IBM Telco, Orange Telecom, and Maven Analytics da-
tasets and observed substantial variations in model
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Maven Analytics
Dataset
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Handling missing values

Encode Categorical Variables

Feature Scaling —

Binary FireFly Feature
Selection

Data Splitting

20%

Training Set

Figure 1. Proposed Process Framework.

performance across datasets. Similarly, Bansal et al. [28]
showed that integrating ensemble learning with SMOTE
balancing improved predictive accuracy to 97%, while Al-
Masri et al. [29] highlighted that even highly accurate mod-
els remain susceptible to overfitting without appropriate
preprocessing and optimization.

Collectively, the existing literature demonstrates that
significant progress has been achieved through traditional
machine learning, deep learning, feature optimization,
and ensemble learning techniques. Nevertheless, an im-
portant research gap remains. Most previous studies have
focused either on optimizing standalone classifiers or de-
veloping ensemble methods without incorporating intelli-
gent feature optimization into heterogeneous stacking ar-
chitectures. Likewise, although Binary Firefly Algorithm
has demonstrated considerable effectiveness for optimiz-
ing individual customer churn prediction models [15], its
integration within a heterogeneous stacking ensemble
consisting of Deep Neural Network, Support Vector Ma-
chine, and Random Forest with Logistic Regression as a
meta-learner has received little attention.

To address this gap, the present study proposes a Bi-
nary Firefly-optimized heterogeneous stacking ensemble
that combines the complementary strengths of deep learn-
ing and conventional machine learning models. Unlike
previous studies, the proposed framework simultaneously
exploits intelligent feature optimization and meta-learn-
ing to improve prediction accuracy, robustness, and gen-
eralization for customer churn prediction in the telecom-
munications industry.

3. Method and Materials

The proposed framework consists of six sequential
stages. First, the Telecom Customer Churn dataset is col-
lected and preprocessed through data cleaning, encoding,
normalization, and binary target transformation. Second,

Selected features

Training Set

Base Model Training
o
CATBOOST

GENERATE META-FEATURES
(Predictions from 3 Base models)

Meta-Learner Training
(Logistic Regression)

Ensemble Model

Model Evaluation
Accuracy, Precision, Recall, FtScore and
AUROC

Binary Firefly Algorithm-based feature optimization is
performed to identify the most informative feature subset.
Third, the optimized features are supplied independently
to the three heterogeneous base learners (DNN, SVM, and
Random Forest). Fourth, each base learner generates prob-
ability predictions through five-fold cross-validation.
Fifth, these prediction probabilities are concatenated to
form a stacked feature matrix that serves as the input to
the Logistic Regression meta-learner. Finally, the perfor-
mance of the proposed stacking ensemble is evaluated and
compared with standalone DNN, SVM, Random Forest,
and CatBoost models. Details of the Proposed Process
Framework are shown in Figure 1.

3.1. Dataset

To facilitate a consistent and fair evaluation with our
previous study [15], the same Telecom Customer Churn
dataset was adopted in this research. Maintaining an iden-
tical benchmark dataset enables a direct comparison of the
proposed framework with the previous approach while
ensuring that any observed performance improvements
are primarily attributed to the methodological advance-
ment, particularly the integration of Binary Firefly-based
feature optimization with heterogeneous stacking ensem-
ble learning, rather than variations in dataset characteris-
tics.

The Maven Analytics platform dataset comprises
7,043 customer records described by 38 attributes, encom-
passing demographic information, geographical location,
customer tenure, service subscriptions, internet usage
characteristics, billing and payment information, revenue-
related variables, and customer status. Representative fea-
tures include customer age, gender, marital status, num-
ber of dependents, city, contract type, payment method,
internet service, online security, monthly charges, total
charges, total revenue, and customer churn status.
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Correlation Matrix of Telecom Customer Churn Dataset
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Figure 2. Correlation Heatmap.

Collectively, these variables provide a rich description of
customer behavior and service utilization patterns, mak-
ing the dataset suitable for developing and evaluating in-
telligent customer churn prediction models.

3.2. Data Preparation

To ensure a controlled and consistent comparison
with our previous study [15], the data preparation proce-
dure adopted in this research follows the same fundamen-
tal preprocessing pipeline established in the earlier work.
Maintaining an identical preprocessing strategy mini-
mizes variations arising from differences in data prepara-
tion and enables the performance improvements observed
in this study to be attributed primarily to the proposed
methodological advancements, particularly the integra-
tion of Binary Firefly Algorithm (BFA)-based feature opti-
mization and the heterogeneous stacking ensemble frame-
work. The preprocessing procedure involved multiple
stages, including data cleaning, categorical feature

Online Security
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Contract
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Streaming Music |
Unlimited Data
Payment Method |
Monthly Charge
Total Charges |
Total Refunds
Total Revenue |
Customer Status
Chum Category
Chum Reason

Premium Tech Support
Total Extra Data Charges
Total Long Distance Charges.

encoding, target variable transformation, dataset parti-
tioning, numerical feature normalization, and feature op-
timization, to ensure data quality, consistency, and com-
patibility with the developed machine learning and deep
learning models.

During the data cleaning stage, the dataset was exam-
ined for missing values, inconsistent entries, and duplicate
records. Missing numerical attributes were handled using
median imputation, whereas missing categorical attrib-
utes were replaced using the corresponding mode values.
Duplicate observations were removed to prevent redun-
dancy and reduce potential bias during model training.
Subsequently, categorical variables representing customer
demographics, service usage characteristics, subscription
information, and billing-related attributes were trans-
formed into numerical representations using label encod-
ing to enable processing by machine learning and deep
learning algorithms.

Scientific Journal of Computer Science 2026, 2, 2

https://journal.futuristech.co.id/index.php/sjcs



Abdulrauf et al., A Binary Firefly Optimized Stacking Ensemble Model for Customer Churn Prediction in the Telecommunications Industry 336

Initialize randomly the fireflies’
position in real numbers
v

Discretize the fireflies’ position
¥

| Evaluate each firefly’s position |

For each firefly i
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¥

Get the best firefly and discretize it
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ompared
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Figure 3. Flowchart of firefly algorithm [30].

Algorithm 1. Pseudocode for Binary Firefly Algorithm.

1. Initialize the parameters:
o NP - Population size
© D - Number of features (problem dimension)
o  Max_gen - Maximum number of iterations

2. Define the objective function f (x), where x = (x1, X3, ..., Xp)

represents a candidate feature subset

Generate the initial population of fireflies X; (i = 1,2, ..., NP)

Define light intensity I; for each firefly X;

Set the light absorption coefficient

Set initial attractiveness

Set iteration counter t = 0

While t < Maxge,, do

1. For each firefly i = 1 to NP:

1. For each firefly j = 1 to NP:
If I; > I, move firefly i toward firefly j
Update attractiveness and light intensity i
Evaluate new solutions using the objective
function
Update the light intensity I;
2. End For

2. End For

3. Rank all fireflies and identify the current best solution

4. Incrementt =t +1

9. End While

10. Display the best feature subset

N R

The original multi-class Customer Status variable,
consisting of Stayed, Joined, and Churned categories, was
transformed into a binary classification format. The Stayed
and Joined categories were combined and encoded as 0

(non-churn), while Churned customers were encoded as 1
(churn), thereby formulating the problem as a binary clas-
sification task consistent with customer churn prediction
objectives. Following these preprocessing operations, the
dataset was partitioned into training and testing subsets,
after which numerical feature normalization was per-
formed using parameters estimated exclusively from the
training data.

Figure 2 presents the Pearson correlation matrix of
the Telecom Customer Churn dataset. The heatmap pro-
vides an overview of the relationships among the predic-
tor variables and the target-related attributes. Most varia-
bles exhibit weak-to-moderate pairwise correlations, indi-
cating limited multicollinearity among the predictors.
Highly correlated attributes primarily occur among ser-
vice usage and billing-related variables, which is expected
due to their underlying business relationships. The corre-
lation analysis also served as an initial exploratory assess-
ment prior to feature optimization using the BFA.

3.3. Binary Firefly-Based Feature Optimization

The Binary Firefly Algorithm (BFA) was employed as
a feature optimization technique to identify the most in-
formative attributes for customer churn prediction while
reducing irrelevant and redundant features. Unlike the
preprocessing operations applied to the complete dataset,
the BFA feature selection process was performed after the
train-test partitioning and normalization stages, using
only the training dataset to prevent information leakage
from the unseen test data. This procedure ensures that fea-
ture selection is learned exclusively from the training sam-
ples and that the selected feature subset provides an unbi-
ased evaluation of model generalization capability.

Following the approach adopted by Mourad and
Boudour [31], the BFA represents each candidate feature
subset as a binary vector, where each dimension corre-
sponds to a dataset feature and takes a value of 1 or 0, in-
dicating whether the feature is selected or excluded, re-
spectively. Each candidate solution is evaluated using a
fitness function based on classification performance, al-
lowing the algorithm to identify feature combinations that
maximize predictive effectiveness while minimizing un-
necessary attributes. Through iterative movement and at-
tractiveness updates among firefly solutions, the algo-
rithm explores the feature search space and progressively
converges toward an optimal subset of relevant features.

The final feature subset identified by the BFA was
subsequently applied consistently to both the training and
testing datasets. This approach reduced feature dimen-
sionality, eliminated less informative attributes, improved
computational efficiency, and enhanced the ability of the
proposed models to learn meaningful customer churn pat-
terns. The steps of the BFA are shown in Algorithm 1 and
Figure 3.
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At the completion of the optimization process, the al-
gorithm generated an optimal subset of features, which
was subsequently used to transform both the training and
test datasets. The selected features were then utilized for
training the predictive models, including the DNN. This
feature selection approach enhanced computational effi-
ciency, reduced dataset dimensionality, and minimized
the impact of irrelevant or noisy attributes, thereby im-
proving model performance, stability, and generalization
capability.

3.4. Data Splitting

Following the data partitioning strategy adopted in
our previous study [15], the preprocessed dataset was di-
vided into training and testing subsets using an 80:20 strat-
ified split to preserve the original distribution of churn and
non-churn classes across both subsets. Maintaining the
same splitting strategy ensures a fair experimental com-
parison and allows the observed performance differences
to be attributed to the proposed methodological improve-
ments rather than variations in data partitioning.

After the data split, numerical features were stand-
ardized using Z-score normalization. The mean and stand-
ard deviation required for scaling were computed exclu-
sively from the training dataset and subsequently applied
to both the training and testing datasets. This procedure
prevented information leakage and ensured an unbiased
assessment of model generalization.

The training dataset was then used for model devel-
opment, where 5-fold cross-validation was performed ex-
clusively on the training subset to improve model reliabil-
ity, facilitate parameter optimization, and reduce the like-
lihood of overfitting. The independent testing subset was
not involved in the cross-validation process and was re-
served solely for the final performance evaluation of the
trained models. Following normalization, the BEA was ap-
plied exclusively to the training dataset to identify the
most informative feature subset while avoiding any influ-
ence from unseen test samples. The selected features were
subsequently applied to both the training and testing da-
tasets before model development and final evaluation.

3.5. Model Development

Following data preprocessing, feature optimization
using the BFA, and dataset partitioning, the predictive
models were developed using the optimized feature sub-
set. Unlike the previous study [15], which focused on indi-
vidual predictive models using the original feature repre-
sentation, the current research introduces a heterogeneous
stacking ensemble framework that integrates multiple
learning paradigms to enhance predictive capability. The
model development process consisted of two major stages:
(i) construction of the proposed stacking ensemble model
and (ii) independent training of baseline models for com-
parative evaluation.

3.5.1. Construction of the Proposed Stacking Ensemble Frame-
work

The proposed framework employs a heterogeneous
stacking ensemble strategy that combines the complemen-
tary strengths of Deep Neural Network (DNN), Support
Vector Machine (SVM), and Random Forest (RF) as base
learners, with Logistic Regression serving as the meta-
learner. The optimized feature subset generated by the
BFA was used as input to each base learner, enabling the
models to focus on the most relevant customer attributes
while reducing the influence of redundant features.

During the stacking process, each base learner was in-
dependently trained using the optimized training dataset.
The probability outputs generated by the DNN, SVM, and
RF models were subsequently concatenated to form a new
feature representation, referred to as the meta-feature ma-
trix. This matrix was then provided as input to the Logistic
Regression meta-learner, which learned the optimal com-
bination of predictions from the individual classifiers to
generate the final churn classification output.

The motivation behind this architecture is based on
the complementary characteristics of the selected algo-
rithms. The DNN provides strong nonlinear representa-
tion learning capabilities by automatically capturing com-
plex relationships among customer attributes. The SVM
contributes effective decision boundary optimization and
generalization capability, particularly in high-dimensional
feature spaces. Meanwhile, RF improves model robustness
through ensemble-based decision aggregation and its abil-
ity to capture nonlinear interactions among variables. By
integrating these diverse learning mechanisms, the pro-
posed stacking framework aims to achieve improved pre-
dictive accuracy, stability, and generalization compared
with standalone classifiers.

Logistic Regression was selected as the meta-learner
due to its computational efficiency, interpretability, and
effectiveness in combining heterogeneous model predic-
tions while minimizing additional model complexity. The
configurations of proposed models are shown in Table 1.

3.5.2. Baseline Model

To evaluate the effectiveness of the proposed stacking
framework, four standalone models, namely DNN, SVMV,
Random Forest, and CatBoost, were developed as bench-
mark classifiers. These models were selected because they
represent different machine learning paradigms and have
demonstrated effectiveness in customer churn prediction
studies.

The DNN model was implemented to learn complex
nonlinear patterns within customer behavioural data
through multiple hidden layers, ReLU activation func-
tions, and dropout regularization to reduce overfitting.
The SVM classifier was configured with a radial basis
function (RBF) kernel and probability estimation enabled,
allowing effective classification in nonlinear feature
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Table 1. Stacking Ensemble Configuration.

Component Parameter / Setting

Description

Ensemble Type

Base Learners
Meta-Learner
Cross-Validation
Stacking Method

Final Prediction Model

Stacking Ensemble Learning
DNN, SVM, Random Forest
Logistic Regression

5-Fold Cross-Validation

Logistic Regression

Column-wise Probability Concatenation

Combines multiple base learners using a meta-learner
Models used for initial predictions

Combines outputs from base learners

Improves robustness and reduces overfitting
Combines base learner outputs

Generates final churn prediction

Table 2. Configuration of Baseline Classification Models.

Model Key Parameters

Description

DNN 3 hidden layers (128-64-32), ReLU, Dropout (0.3),
Adam optimizer, 100 epochs, batch size 32
SVM RBF kernel, probability estimation enabled

Random Forest 200 trees, bagging ensemble

CatBoost

Gradient boosting, random state = 42, verbose =0

Learns complex nonlinear patterns using deep feature rep-
resentations

Performs high-dimensional classification using optimal
hyperplanes

Improves stability and reduces overfitting through multi-
ple decision trees

Handles categorical data efficiently and reduces predic-
tion bias

spaces. Random Forest was employed due to its robust-
ness, ability to handle complex feature interactions, and
reduced susceptibility to overfitting through ensemble ag-
gregation of multiple decision trees. CatBoost was in-
cluded as an additional benchmark model because of its
strong performance in structured datasets and its capabil-
ity to efficiently handle categorical variables through gra-
dient boosting optimization.

All baseline models were trained using the BFA-se-
lected feature subset to maintain consistency with the pro-
posed stacking framework and ensure that performance
differences were primarily influenced by the learning
strategies rather than variations in feature representation.
The configurations of the baseline models are presented in
Table 2.

3.6. Performance Evaluation

To ensure consistency and facilitate a fair comparison
with our previous study [15], the same evaluation metrics
adopted in the earlier work were considered for assessing
the performance of the proposed churn prediction frame-
work. Since the problem is formulated as a binary classifi-
cation task involving churned and non-churned custom-
ers, the models were evaluated using Accuracy, Precision,
Recall, F1-Score, and Area Under the Receiver Operating
Characteristic Curve (AUROC).

Accuracy represents the overall classification effec-
tiveness of a model by measuring the ratio of correctly pre-
dicted instances to the total number of evaluated samples.
It is calculated as:

TP+TN
TP+FP+FN+TN

Accuracy =

)

Precision represents the ratio of true positive predic-
tions to the total number of predicted positive instances
and is calculated as:

Precision = TP 2
recision =TPTFP 2)

Recall (also referred to as sensitivity or true positive
rate) evaluates a model’s ability to correctly identify actual
positive instances by measuring the proportion of true
positive predictions among all actual positive samples. It
is expressed as:

Recall = — 7 3)
CCt = TP Y FN

The F1-score represents the harmonic mean of Preci-
sion and Recall, providing a balanced evaluation metric
that considers both false positive and false negative classi-
fication errors. It is defined as:

Precision * Recall

F1—Score = 2 4)

X
Precision + Recall

These metrics provide a comprehensive assessment
of predictive performance by measuring overall classifica-
tion correctness, the ability to correctly identify churn cus-
tomers, the balance between false positives and false neg-
atives, and the model’s discriminative capability across
different classification thresholds. Maintaining the same
evaluation criteria ensures that any observed improve-
ments are attributed to the proposed BFA-based feature
optimization and heterogeneous stacking ensemble archi-
tecture rather than differences in performance measure-
ment strategies.
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Table 3. Selected Features Using BFA.

Feature Selected Feature Description
Index
2 Age Customer's age in years.
4 Number of Dependents Number of individuals financially dependent on the customer.
5 City Customer's city of residence.
7 Latitude Geographic latitude of the customer's location.
11 Offer Promotional offer or discount subscribed to by the customer.

12 Phone Service

13 Avg Monthly Long-Distance Charges
14  Multiple Lines

16 Internet Type

18  Online Security

19 Online Backup

20 Device Protection Plan

21  Premium Tech Support

25 Unlimited Data

26  Contract

28 Payment Method

29 Monthly Charge

32 Total Extra Data Charges

33 Total Long-Distance Charges
34 Total Revenue

35 Customer Category

Indicates whether the customer subscribes to phone services.

Average monthly charges incurred from long-distance calls.

Indicates whether the customer has multiple phone lines.

Type of internet service subscribed to (e.g., DSL, Fiber Optic, Cable).
Indicates whether the customer subscribes to online security services.
Indicates whether the customer subscribes to online backup services.
Indicates whether the customer has device protection coverage.

Indicates whether premium technical support is included in the subscription.
Indicates whether the customer has an unlimited data plan.

Type of customer contract (e.g., Month-to-Month, One-Year, Two-Year).
Method used by the customer to pay service bills.

Monthly subscription charge paid by the customer.

Total charges incurred from additional data usage beyond the subscribed plan.
Total accumulated long-distance call charges.

Total revenue generated from the customer during the subscription period.
Customer segmentation or classification based on subscription profile.

Selected Features Index: [ 2 4 6 7 11 12 13 14 16 18 19 20 21 25 26 28 29 32 33 34 35]

Figure 4. Snapshot of the selected features.

4. Results and Discussion

This section presents the results of the customer
churn prediction analysis, including the features selected
by the Binary Firefly Algorithm.

4.1. Feature Selection Using Binary Firefly Algorithm

The Binary Firefly Algorithm identified a subset of
features, represented by their zero-based indices, which
indicate their respective positions within the dataset, as il-
lustrated in Figure 4. These indices correspond to the most
informative variables retained following the feature selec-
tion process. As shown in Figure 4, the binary equivalence
of the selected features is presented in Table 3.

Table 3 presents the features selected by the BFA,
highlighting the most influential variables associated with
customer churn across demographic, service usage, sub-
scription, and financial dimensions. Following the prepro-
cessing strategy adopted in our previous study [15], the
original dataset attributes were carefully examined to pre-
vent target leakage before model development. Customer
Status was retained exclusively as the target variable and
was not included among the candidate input features dur-
ing feature selection or model training. Furthermore, post-
outcome attributes, including Churn Category and Churn
Reason, were excluded from the predictive feature set be-
cause these variables become available only after the
churn event and have a direct relationship with the target

outcome. Including such attributes would introduce data
leakage and lead to misleading performance estimates.
Therefore, the BFA-based feature optimization process
was applied only to valid pre-churn attributes consisting
of demographic characteristics, service utilization pat-
terns, subscription information, and financial indicators.

The selected demographic attributes include Age,
City, Latitude, and Number of Dependents, which de-
scribe customer characteristics that may influence reten-
tion behaviour. Service-related variables such as Phone
Service, Multiple Lines, Internet Type, Online Security,
Online Backup, Device Protection Plan, Premium Tech
Support, and Unlimited Data represent customer engage-
ment with available services and their potential influence
on satisfaction and churn likelihood. Subscription-related
attributes, including Offer, Contract, and Payment
Method, capture customer commitment levels, promo-
tional factors, and payment preferences associated with re-
tention decisions. Furthermore, financial and usage-re-
lated variables, including Avg Monthly Long-Distance
Charges, Monthly Charge, Total Extra Data Charges, Total
Long-Distance Charges, and Total Revenue, provide infor-
mation regarding customer spending patterns, service
consumption, and perceived value.

4.2. Models Performance

The performance of the proposed stacking ensemble
model and baseline models is presented in Table 4. All
models were evaluated using consistent metrics, including
Accuracy, Precision, Recall, F1-score, and AUROC, to en-
sure a fair and comprehensive comparison.
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Figure 5. Confusion Matrix of the baseline models: (a) DNN; (b) SVM; (c) RF; and (d) CatBoost.

Table 4. Experimental Results of all Models the Dataset.

Model Accuracy Precision Recall F1 Score AUROC
Proposed Stacking Ensemble 0.967353 0.985207 0.890374 0.935393 0.950984
DNN 0.963804 0.976401 0.885027 0.928471 0.985946
SVM 0.940383 0.980132 0.791444 0.875740 0.977736
RF 0.967353 0.985207 0.890374 0.935393 0.983071
CatBoost 0.964514 0.965517 0.898396 0.930748 0.987734
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Figure 6. Confusion Matrix of the proposed hybrid stacking
model.

As presented in Table 4, the proposed stacking en-
semble framework demonstrates competitive predictive
performance across all evaluation metrics. The model
achieves an accuracy of 96.74%, precision of 98.52%, recall
of 89.04%, F1-score of 93.54%, and AUROC of 95.10%. No-
tably, the proposed stacking ensemble achieves identical
accuracy, precision, recall, and F1-score values with Ran-
dom Forest, indicating that both approaches provide
equivalent classification performance on the test dataset.
Therefore, rather than demonstrating numerical superior-
ity over Random Forest (see Figure 5 for details of the Con-
fusion Matrix), the contribution of the proposed frame-
work lies in integrating heterogeneous learning mecha-
nisms to achieve comparable classification effectiveness
while combining the complementary strengths of multiple
classifiers. Further details are presented in the confusion
matrix in Figure 6.
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Compared with other baseline models, the proposed
framework outperforms DNN and SVM in terms of accu-
racy, recall, and F1-score, while achieving competitive per-
formance with CatBoost. Although CatBoost and Random
Forest achieve higher AUROC values of 98.77% and
98.31%, respectively, suggesting stronger overall class-
ranking capability, the proposed stacking ensemble main-
tains a strong balance between precision and recall, which
is particularly important for identifying potential churn
customers.

4.4. Discussion of the findings

This section presents a comprehensive interpretation
of the experimental results by comparing the performance
of the proposed BFA-optimized heterogeneous stacking
ensemble framework with the individual baseline models.
Since this study represents an extension of our previous
work [15], which investigated a BFA-based Hybrid Tab-
Net-DNN model using the same telecom churn dataset
and evaluation criteria, the current research focuses on ex-
amining the effectiveness of integrating optimized feature
selection with heterogeneous ensemble learning for cus-
tomer churn prediction.

The experimental findings demonstrate that the pro-
posed stacking ensemble framework achieves competitive
and balanced predictive performance across the consid-
ered evaluation metrics. Although the proposed model
does not demonstrate numerical superiority over Random
Forest in all classification measures, it achieves compara-
ble predictive capability, indicating that the integration of
multiple heterogeneous learners successfully preserves
the strong classification ability of individual ensemble
models while introducing a more diverse decision-making
mechanism. Therefore, the contribution of the proposed
framework lies not only in improving predictive perfor-
mance but also in providing a robust architecture that
combines the strengths of different learning algorithms.

The effectiveness of the proposed framework can be
attributed to the complementary characteristics of its con-
stituent models, namely DNN, SVM, and Random Forest,
whose prediction outputs are integrated through Logistic
Regression as the meta-learner. The DNN contributes by
capturing complex nonlinear relationships and hidden
patterns within customer behavioural data, while SVM en-
hances classification through effective decision boundary
optimization. Random Forest provides additional robust-
ness through its ensemble-based structure and ability to
model nonlinear interactions among customer attributes.
By combining these diverse learning perspectives, the
stacking framework reduces reliance on a single predictive
mechanism and enables more flexible decision generation.

Furthermore, the incorporation of the Binary Firefly
Algorithm (BFA) represents a significant methodological
advancement compared with our previous study [15].

While the previous work focused on optimizing a Hybrid
TabNet-DNN architecture for churn prediction, the cur-
rent study extends this direction by applying BFA-based
feature optimization within a heterogeneous stacking en-
semble framework. The feature optimization process im-
proves the quality of the input representation by reducing
irrelevant and redundant attributes, allowing the predic-
tive models to focus on the most informative customer
characteristics. This contributes to improved model effi-
ciency, reduced complexity, and enhanced generalization
capability.

The comparative analysis indicates that the proposed
stacking ensemble provides stronger overall modelling ca-
pability than several individual baseline approaches, par-
ticularly when considering the ability to combine diverse
predictive behaviours. However, Random Forest demon-
strates comparable classification effectiveness, highlight-
ing its strength as an individual ensemble learner. Simi-
larly, CatBoost exhibits strong discriminative capability,
while DNN and SVM provide valuable contributions
through nonlinear representation learning and decision
boundary optimization, respectively. These observations
demonstrate that different algorithms possess unique ad-
vantages depending on the performance criterion consid-
ered, further justifying the motivation for integrating het-
erogeneous models.

The confusion matrix analysis further supports the ef-
fectiveness of the proposed approach by demonstrating its
ability to achieve balanced classification between churned
and retained customers. Compared with individual mod-
els, the stacking framework benefits from the combined
decision patterns of multiple learners, reducing depend-
ence on the limitations of any single algorithm. This bal-
ance is particularly important in telecommunications
churn prediction, where accurately identifying potential
churn customers is essential for developing effective reten-
tion strategies while minimizing unnecessary interven-
tion.

Compared with our previous BFA Hybrid TabNet-
DNN model [15], the proposed framework introduces a
different modelling strategy by replacing a single hybrid
deep learning architecture with a heterogeneous ensem-
ble-based decision framework. While the previous study
demonstrated the effectiveness of feature optimization
combined with deep learning representation, the current
work advances this approach by integrating multiple com-
plementary classifiers through stacking. This architectural
extension enables the model to exploit diverse learning
patterns and provides a more flexible approach for han-
dling complex customer behaviour.

5. Comparison with State-of-the-Art Studies
To further assess the competitiveness of the proposed
framework, its performance was compared with several
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Table 5. Comparison of the Proposed Framework with Recent State-of-the-Art Studies.

Model Accuracy Precision Recall Specificity F1-Score AUC/AUROC

Reference [12] 0.8694 - 0.8547 0.8839 - 0.9500

Reference [13] 0.9900 - - - - -

Reference [32] 0.8300 - - - 0.7500 0.5600

Reference [15] 0.9642 0.9856 0.8779 - 0.9287 0.9885

Proposed Stacking (Ours) 0.9674 0.9852 0.8904 - 0.9354 0.9510

recent state-of-the-art customer churn prediction models
reported in the literature. The comparison includes studies
employing different machine learning, deep learning, and
ensemble learning techniques, with the results summa-
rized in Table 5.

The comparison demonstrates that the proposed het-
erogeneous stacking ensemble is highly competitive with
recent customer churn prediction approaches. Although
Reference [13] reported a higher classification accuracy,
the evaluation was conducted under a different experi-
mental setting and dataset, making direct numerical com-
parison inappropriate. Similarly, References [12] and [32]
reported lower predictive performance across the availa-
ble evaluation metrics.

The most meaningful comparison is with our previ-
ous study, Odion et al. [15], as both studies employed the
consistent preprocessing strategy. While the previous
study investigated BFA-optimized deep learning architec-
tures, the present work extends that research by integrat-
ing BFA-based feature optimization with a heterogeneous
stacking ensemble comprising DNN, SVM, and Random
Forest, combined through a Logistic Regression meta-
learner. The proposed framework demonstrated im-
proved classification performance, particularly in terms of
accuracy, recall, and Fl-score. Although precision de-
creased slightly, the difference was negligible compared
with the previous model. These findings indicate that
combining diverse learning paradigms through stacking
provides a more balanced and robust predictive frame-
work than relying on a single optimized deep learning ar-
chitecture.

6. Limitations

Although the proposed BFA-optimized heterogene-
ous stacking ensemble demonstrated strong and competi-
tive performance in customer churn prediction, this study
has some limitations. First, the experimental evaluation
was conducted using the publicly available Maven Ana-
lytics Telecom Customer Churn dataset rather than opera-
tional data obtained from telecommunications providers.
While this benchmark dataset facilitates reproducibility
and comparison with previous studies, it may not fully
capture the unique behavioural patterns, service quality
issues, pricing structures, and network characteristics of
specific telecommunications markets, particularly within
Nigeria. Second, the proposed framework was validated

on a single benchmark dataset, and additional evaluation
using multiple real-world datasets would further
strengthen the evidence of its robustness and generaliza-
tion capability.

7. Future Work

Future research should focus on validating the pro-
posed framework using locally sourced datasets from Ni-
gerian telecommunications operators to better capture re-
gion-specific customer behaviour, service quality percep-
tions, pricing dynamics, and network-related challenges.
Such datasets would improve the contextual relevance
and practical applicability of customer churn prediction
models for local service providers. In addition, future
studies may investigate the integration of explainable arti-
ficial intelligence (XAI) techniques to improve model
transparency and support decision-making, as well as ex-
plore automated hyperparameter optimization and alter-
native ensemble learning strategies to further enhance pre-
dictive performance, computational efficiency, and model
robustness.

8. Conclusion

This study presented an enhanced customer churn
prediction framework that extends our previous work [15]
by introducing a BFA-optimized heterogeneous stacking
ensemble architecture. While the previous study investi-
gated the effectiveness of individual machine learning and
deep learning models for telecom churn prediction using
the same benchmark dataset, the present research ad-
vances this approach by integrating feature optimization
and ensemble-based decision fusion to improve predictive
capability and model robustness. The proposed frame-
work combines DNN, SVM, and RF as base learners, with
Logistic Regression employed as the meta-learner to gen-
erate the final churn prediction output. The model devel-
opment process incorporated a consistent preprocessing
strategy adopted from our previous study [15], including
data cleaning, feature transformation, normalization,
stratified data partitioning, and 5-fold cross-validation,
thereby ensuring a fair comparison while isolating the im-
pact of the proposed methodological improvements. Fur-
thermore, the incorporation of BFA enabled the identifica-
tion of the most informative customer attributes, reducing
feature redundancy and improving the efficiency and gen-

eralization capability of the predictive models.
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Experimental results showed that the proposed stacking
ensemble achieved strong and balanced performance
across the evaluated metrics.

Although Random Forest achieved comparable clas-
sification performance, highlighting its effectiveness as a
robust individual ensemble learner, the proposed frame-
work provides the advantage of integrating multiple het-
erogeneous learning mechanisms rather than relying on a
single modelling approach. By combining the nonlinear
representation capability of DNN, the decision boundary
optimization strength of SVM, and the robustness of Ran-
dom Forest, the stacking architecture provides a flexible
framework capable of capturing diverse patterns within
customer behaviour data. In a nutshell, the findings

confirm that integrating heterogeneous learning algo-
rithms within a stacking framework, supported by opti-
mized feature selection, enhances predictive accuracy, ro-
bustness, and generalization for churn prediction tasks in
the telecommunications industry. For future research, it is
recommended that studies focus on the use of locally
sourced Nigerian telecommunications datasets, as cus-
tomer behavior, service quality perceptions, pricing struc-
tures, and network challenges differ significantly across
regions; developing models based on local data would
therefore improve contextual relevance, enhance real-
world applicability, and provide more actionable insights
for Nigerian telecom operators in designing effective cus-
tomer retention strategies.
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