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Abstract

Customer churn prediction has emerged as one of the key challenges for companies, which aim at increasing their revenue
and retaining their customers in long term. Conventional statistical methods usually lack the ability to model complex nonlinear
behaviors in contemporary industrial data. Machine learning capabilities offer strong prediction, but often are not transparent
enough for the kinds of management decisions involved. The framework presented in this work is an interpretable ensemble
machine learning technique for intelligent churn prediction in business intelligence systems. Logistic Regression Decision Tree
Random Forest Gradient Boosting XGBoost Voting and Stacking are integrated into the framework. Model’s stability and
generalization are leveraged by performing categorical encoding, feature scaling and stratified sampling as well. The evaluation
of the model’s performance are Accu-racy, Fl-score, ROC-AUC, Cross validation, Confusion matrix analysis and Fea-ture
importance interpretation. Our empirical studies show that stacked ensemble models with Gradient Boosting ensemble learners
can lead to better classification accuracy than using only single learners. Explainability analysis suggests tenure, monthly charges
and total charges are most influential in churn prediction. The resultant method increase predictive confidence and interpretability
for strategic decision-making. These results demonstrate the potential expressiveness of explainable ensemble learning for data-
driven customer relationship management applications.
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I. INTRODUCTION

In today’s competitive market, particularly in the telecom-
munication sector, customer retention has emerged as a major
strategic concern. The difference between the cost of acquiring
a new customer and retaining an existing customer is so high
that it demands sophisticated techniques for handling customer
relationships (Kumar & Reinartz, 2023). Consequently, or-
ganizations have now started employing the use of business
analytics and predictive models to identify customers who are
most likely to churn, so that strategies can be formulated to
target these customers (Ahmad et al., 2022). Although logistic
regression has been the backbone of statistical modeling, it
has limitations in capturing the complex patterns in customer
behavior data (Lemmens & Croux, 2020).

Machine learning (ML) algorithms have proved to be more
accurate in churn prediction problems owing to their capability
to learn complex features from data. Among these, ensemble
learning algorithms, which are a combination of multiple base
learners, have received considerable attention (Zhou, 2021;
”Data transmission using visible light communication,” 2025).
Random Forest, Gradient Boosting, and XGBoost algorithms
have been proven to be state-of-the-art on structured data
(Chen & Guestrin, 2016; Huang et al., 2021). However, the
most important challenge that still exists is the trade-off be-
tween model interpretability and accuracy. The most accurate
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ensemble learning models are often regarded as “’black boxes,”
which makes it difficult to trust and apply them in business
environments where it is essential to know the ”why” behind
a prediction (Ahmad et al., 2022; “Foreign exchange risk
management,” 2025).

This research contributes to this research gap by introduc-
ing an explainable ensemble machine learning approach for
intelligent churn prediction. The main contributions of our
work are: (1) an extensive development and comparison of
five single base classifiers (Logistic Regression, Decision Tree,
Random Forest, Gradient Boosting, XGBoost) and two ensem-
ble meta-classifiers (Voting and Stacking), all implemented
under the same experimental setting; (2) a comprehensive
performance evaluation in terms of accuracy, precision, recall,
F1-score, ROC-AUC curve analysis and cross-validation; and
(3) interpretability using feature importance to explain which
predictors are most associated with churn providing then
improvements for the decision-making instead leading to ex-
planatory gap among model high complexity while preserving
business understanding. The rest of the paper is organized
as follows: Section II discusses the related work, Section III
describes the proposed methodology in this paper, Section IV
presents and discusses the results obtained in the experiments,
and Section V concludes our work and points out the future
work.
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II. RELATED WORK

The domain of the area of application of customer churn
prediction has seen a paradigm shift from traditional statistical
models to more complex models. Initially, research articles
dominated the literature with studies that implemented logistic
regression as the predictive model (Neslin et al., 2006; ”Brand
awareness, social media, and digital marketing,” 2025). How-
ever, as the complexity of the data increased, the limitations
of linear models in handling non-linear relationships became
evident.

The paradigm shift was brought about by the emergence of
a new learning paradigm known as ensemble learning. The
initial research by Zhou on ensemble learning proved that it is
possible to design a strong learner with better generalization
performance by combining a set of weak learners (Zhou,
2021). This concept has been extensively applied in the field
of churn prediction, with Lemmens and Croux showing that
bagging and boosting classification trees improve accuracy and
stability of predictions (Lemmens & Croux, 2020).

Follow-up studies have continued to focus on tree-based
models. A study that systematically reviewed the literature by
Zhang et al. showed that boosting methods, such as Gradient
Boosting and its variants, have consistently performed better
than all the other classification models for the telecommunica-
tions churn prediction problem due to the ability of boosting
models to handle varied data and complex relationships (Zhang
et al.,, 2022; “Foreign exchange risk management,” 2025).
The introduction of XGBoost by Chen and Guestrin offered
an optimized and efficient gradient boosting solution, which
has since become a standard for structured problem-solving,
including churn prediction (Chen & Guestrin, 2016). Further
validation of the effectiveness of Random Forest and the
ensemble design in telecom data was offered by the studies of
Huang et al. and Idris et al., which demonstrated high ROC-
AUC values and resistance to overfitting (Huang et al., 2021;
Idris et al., 2023).

The importance of incorporating these predictive models
into CRM systems has been emphasized by Kumar and
Reinartz, moving the emphasis from prediction to business
intelligence (Kumar & Reinartz, 2023; ”"Brand awareness,
social media, and digital marketing,” 2025). They also state
that predictive analysis needs to be incorporated into decision-
making tools to improve customer lifetime value. This requires
model interpretability, which has been discussed by Ahmad et
al., who suggested the application of XAl methods to interpret
model predictions for business users (Ahmad et al., 2022;
“Impact of social media on promoting company products,”
2025).

More contemporary research has also investigated hybrid
ensemble architectures. Liu et al. introduced a hybrid model
that leveraged different ensemble methods to enhance per-
formance further (Liu et al., 2023). Witteveen and Thakur
offered a comparative analysis of different boosting methods,
observing that although the differences in performance may
be small, the robustness of the model and training speed are
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essential considerations for selection (Witteveen & Thakur,
2023). Although significant progress has been made, a thor-
ough assessment that compares a wide range of individual and
ensemble models in a single analytical framework, and also
addresses feature-level interpretability for business analytics,
is still a research area that requires further exploration. This
paper specifically fills this research gap.

III. PROPOSED METHODOLOGY

The proposed framework for explainable ensemble model-
ing is based on a systematic analytical workflow that ensures
the robustness of predictive performance, transparency of
modeling processes, and interpretability of decision-making
processes. As depicted in Fig. 1, the proposed framework
starts with a data acquisition phase, where heterogeneous data
sources are integrated to collect customer-related information,
such as behavioral patterns, demographic information, and
billing history, from various data sources. This ensures that
a comprehensive understanding of customer characteristics is
incorporated in the model, which is vital for accurate churn
prediction.

After data acquisition, an extensive preprocessing phase
is carried out to improve data quality and suitability for
modeling. In this phase, missing data values are handled,
inconsistencies are removed, and categorical variables are
encoded appropriately. Moreover, feature scaling is done to
normalize the data. Stratified train-test splitting is also car-
ried out to avoid bias in the model evaluation process. The
preprocessing steps are very important in enhancing model
convergence.

The preprocessed data is then utilized in the model develop-
ment layer, where a variety of base learners are incorporated,
which are capable of learning both linear and nonlinear
relationships in the data. For instance, Logistic Regression
is useful for interpretability and learning linear relationships,
while tree-based models and boosting algorithms are useful
for learning complex nonlinear relationships in the data. This
variety of base learners is useful for improving learning
capabilities in the system.

To enhance the robustness of the predictions, as well as
reduce model variance and bias, ensemble meta-learning ap-
proaches are incorporated into the framework. In this direction,
soft voting is used to combine probabilistic predictions of
multiple classifiers, and stacking is used to combine model
predictions based on the output of a meta-learner, which
optimally combines the predictions of the base classifiers.
These ensemble approaches take advantage of the collective
strengths of the classifiers, leading to better generalization
performance and reduced risks of overfitting. In addition, a
comprehensive evaluation procedure is also incorporated into
the framework, where performance evaluation and explain-
ability are considered together. Fig. 1 below describes the
schematic architecture of the proposed framework, where the
entire process, from data acquisition to evaluation, is shown
in a sequential manner.
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Fig. 1. Proposed explainable ensemble framework for customer churn prediction.

A. Dataset Description

The publicly available IBM Telco Customer Churn dataset
on Kaggle is used in this study. This dataset consists of
7,043 customer records, each described by 21 features that
include demographic details (gender, senior citizen status),
service subscriptions (phone service, internet service type),
account details (tenure, contract type, payment method), and
billing details (monthly charges, total charges). The dependent
variable, which indicates whether or not a customer churned,
is binary. Structured business data is reflected in this dataset.

B. Data Preprocessing

To guarantee the quality of the data and the effectiveness
of the model, a methodical preprocessing pipeline was put in
place:

1) Data Cleaning: The ‘TotalCharges‘ feature, which was
read as an object type and then converted to a numeric
type, had any missing values due to this conversion
removed from the data. The non-predictive ‘customerID*
feature was also removed.

Categorical Encoding: All of the categorical predictor
features were converted to a numerical format via one-
hot encoding. This method ensures that binary dummy
variables are created for each category, so that the
model does not make any assumptions about any ordinal
relationships that may not actually exist.

Feature Scaling: The numerical features, ‘tenure‘,
‘MonthlyCharges‘, and ‘TotalCharges‘, were scaled us-
ing ‘StandardScaler‘. This step is necessary to ensure
that all of the features have a mean of 0 and a standard
deviation of 1, which is important for distance-based
models such as Logistic Regression and for the conver-
gence of gradient-based models.

2)

3)
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4) Data Splitting: The preprocessed dataset was split into
a training dataset (80%) and a testing dataset (20%). The
splitting was done using a stratified sampling technique,
which was done based on the target variable ‘Churn‘.
This is important because it guarantees that the ratio of
churned and non-churned customers is roughly equal in
both the training and testing datasets.

C. Model Development

The framework compares five different base machine learn-
ing classifiers and two meta-classifiers. All models were
trained with their default hyperparameters as they are im-
plemented in the Scikit-learn and XGBoost libraries to set a
baseline for comparison. Hyperparameter tuning was avoided
in this comparison to compare the natural advantages of the
algorithms and meta-classifiers.

1) Base Classifiers:

Logistic Regression (LR): A linear model that provides
a basic and comprehensible baseline by estimating the
likelihood of a binary event.

Decision Tree (DT): A non-parametric model that uses
the properties of the data to build decision rules. It is
prone to overfitting, yet being quite interpretable.
Random Forest (RF): A group of decision trees, each
trained using a random subset of features and a bootstrap
sample of the data. In contrast to a single tree, predictions
are combined by averaging (for probabilities), which
lowers variation and enhances generalisation.

Gradient Boosting (GB): A group method that con-
structs trees one after the other, with each new tree aiming
to fix the mistakes of the one before it. Its remarkable
prediction accuracy is well-known.

XGBoost (XGB): A scalable and optimised gradient
boosting method that effectively manages sparse data and

-
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uses regularisation to avoid overfitting (Chen & Guestrin,
2016).

2) Ensemble Meta-Classifiers:

- Voting Classifier (Soft Voting): This ensemble combines
the predictions of multiple base classifiers (LR, RF, GB,
XGB). In soft voting, the predicted class probabilities
from each classifier are averaged, and the class with the
highest average probability is selected as the final output.
This often yields better results than hard voting (majority
vote) as it considers the confidence of each prediction.

- Stacking Classifier: This is a more sophisticated ensem-
ble method that combines multiple base classifiers (level-
0 models) using a meta-classifier (level-1 model). The
base classifiers are trained on the original training set.
Their predictions are then used as input features to train
the meta-classifier. In this study, the base learners (LR,
RF, GB, XGB) are combined, and Logistic Regression
is used as the meta-learner to learn the optimal way to
combine their outputs.

D. Evaluation Metrics and Explainability

Model performance was quantified using a comprehensive
suite of metrics derived from the confusion matrix (True
Positives TP, True Negatives TN, False Positives FP, False
Negatives FN):

- Accuracy: The overall correctness of the model:
TP +TN
TP +TN +FP +FN °

- Precision: The proportion of positive identifications that
. TP
were actually. ciOTrect. I N
- Recall (Sensitivity): The proportion of actual positives
. : ._ TP
that were identified cor.rectly.m. N
- F1-Score: The harmonic mean of precision and recall,

providing a single metric that balances both concerns:
2 Precision <xRecall
Precision+Recall *

- ROC-AUC: Plotting the True Positive Rate versus the
False Positive Rate for different threshold levels is done
via the Area Under the Receiver Operating Characteristic
curve. It gauges how well the model can distinguish
between classes; a value of 1 denotes perfect separation.

- Cross-Validation (CV): In order to evaluate model sta-
bility and generalisation and make sure that performance
measures are independent of a single train-test split, five-
fold stratified cross-validation was carried out.

For the purpose of model interpretability, feature importance
analysis was performed. For tree-based ensemble methods
such as Random Forest, feature importance is usually mea-
sured by the average reduction in impurity (such as Gini
impurity) contributed by the feature across all trees. This
yields an importance score for each feature that quantifies the
contribution of the feature to the predictive model, which is
of immense business value.

IV. RESULTS AND DISCUSSION

In this section, the experimental results are presented, the
models’ performances are compared, and the findings are
discussed in relation to related work and business implications.
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A. Model Performance Comparison

The performance of the evaluated classifiers is measured
based on accuracy, precision, recall, F1-score, ROC-AUC, and
cross-validation. Among all classifiers, the Stacking classifier
has better performance compared to others, based on accuracy
(80.68%), Fl-score (0.6148), and cross-validation (0.807).
This shows the power of stacking, where the meta-classifier
(Logistic Regression) is able to effectively integrate various
learning patterns identified by the individual models to reduce
bias and increase generality (Liu et al., 2023). Furthermore,
Gradient Boosting has the highest ROC-AUC score of 0.8407,
reflecting its discriminative power across classification inter-
vals, and Voting is also competitive with a ROC-AUC score
of 0.8381. Interestingly, Logistic Regression results in strong
baseline performance, even outperforming complex models
like Decision Tree and Random Forest in some measures,
indicating that structured and scaled data can benefit simpler
linear models like Logistic Regression (Zhang et al., 2022).
This also shows that complexity in models does not ensure
performance, especially when data preprocessing is adequately
addressed.

On the other hand, the Decision Tree Classifier shows
the poorest performance in terms of Fl-score and ROC-
AUC, with values 0.4836 and 0.6250, respectively. This shows
poor generalization and the inability to achieve a balance
between precision and recall. This behavior is characteristic of
overfitting, in which the model tends to learn from noises and
particular trends in the data. The ensemble methods Random
Forest and Gradient Boosting are effective in overcoming
these problems. On one hand, Random Forest utilizes bag-
ging to aggregate a variety of trees, while boosting methods
focus on improving predictions by eliminating errors from
previous models. These methods, in aggregate, improve the
robustness of models and are in line with previous research
that demonstrated the efficacy of using ensemble models in
classification problems (Lemmens Croux, 2020). Furthermore,
ensemble models are less likely to be affected by variations in
data, which makes them more useful in a changing business
environment.

Moreover, better ensemble methods, especially stacking
and soft voting methods, are seen to outperform individual
models on all evaluation criteria. This also proves the potential
to exploit the combined strengths of the base models. The
cross-validation results also verify the effectiveness of these
models, as lower values of standard deviation are obtained.
This robustness is particularly important for real-world deploy-
ment, where consistency is a key requirement. Moreover, the
enhanced predictive capability of the ensemble models has a
direct correspondence with the decision-making abilities of the
organization. This is particularly useful for businesses that can
identify the churners and take appropriate measures to retain
the customers. A detailed comparison of all the classifiers that
were evaluated is provided in Table 1.
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TABLE 1
MODEL PERFORMANCE COMPARISON ON TEST SET

Model Acc Prec Rec F1 ROC CV

Logistic Regression ~ 0.8038  0.6653  0.5552  0.6054  0.8357  0.801 £ 0.009
Decision Tree 0.7050  0.4836  0.4836  0.4836 0.6250  0.722 + 0.012
Random Forest 0.7903  0.6398  0.5399  0.5858  0.8185  0.795 % 0.008
Gradient Boosting 0.7953  0.6528  0.5471  0.5953  0.8407 0.801 + 0.010
XGBoost 0.7782  0.6071  0.5399  0.5715 0.8197 0.789 %+ 0.011
Voting (Soft) 0.8013  0.6582  0.5615  0.6059  0.8381  0.804 = 0.008
Stacking (LR) 0.8068 0.6724  0.5663  0.6148  0.8395  0.807 % 0.007

B. ROC Curve, Confusion Matrix, and Explainability Analysis

The performance of the proposed models is further analyzed
using ROC curve evaluation, interpretation of the confusion
matrix, and feature importance for explaining the results in
a qualitative manner. The ROC curves provide a graphical
evaluation of the true positive rate and false positive rate
for validating the numerical evaluation of the performance
metrics. Among the base classifiers evaluated for performance,
the discriminative power of the Gradient Boosting model is
high since its ROC curve is closest to the top left corner of the
plot, validating its high classification performance for various
threshold values. The Logistic Regression model also performs
well in this evaluation, validating its high performance in
identifying well-structured relationships in the dataset. The
Decision Tree model performs poorly in this evaluation since
its ROC curve is closer to the diagonal line in the plot,
validating its low discriminative power in identifying churners
and non-churners.

In order to further comprehend this classification pattern,
a detailed analysis of the confusion matrix of the best-
performing model, namely the Stacking classifier, is carried
out. From the results, it is evident that there is a high number
of true negatives, which implies that the model is performing
well in identifying non-churners. However, there is still a high
level of false negatives, where actual churners are classified
as non-churners, which is still a critical disadvantage of this
model, especially in a real-world scenario, where such errors
are very costly, resulting in lost opportunities for customer
retention and potential revenue loss.

In addition to predictive results, the present framework
has given much emphasis to the interpretability of results.
Feature importance analysis has been performed based on the
results obtained from the Random Forest model. Among the
features, tenure has been found to be the most dominant
feature in churn prediction. This shows that customers with
a longer tenure of service are less likely to churn. Financial
features such as TotalCharges and MonthlyCharges have
been found to play a major role in churn prediction. Moreover,
features such as Contract_Month-to-month and Payment-
Method_Electronic check have been found to be important
features in churn prediction. This shows that customers with
flexible contract types and specific payment methods are more
likely to churn.

Apart from the contribution of all features, another im-
portant aspect which affects churn behavior significantly is
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the interaction between variables. For example, customers
with high monthly bills and short tenure tend to churn more.
This shows a compound effect. This proves the significance
of using an ensemble technique, which can handle complex
relationships within the data. This again proves the advantages
of tree-based methods, which can handle feature interaction
better than simple linear models.

Furthermore, the integration of ensemble learning and ex-
plainability offers a trade-off between prediction and inter-
pretability. Ensemble learning is often criticized as being
too complicated and not transparent, but the integration of
feature importance techniques helps to bridge the gap and
offers insights into the workings of the model, thereby not
only making the model accurate but also interpretable, as is
necessary to gain stakeholder confidence.

Another significant observation is the scalability and flex-
ibility of the proposed framework. The proposed framework
can be easily extended to incorporate more data sources and
complex models without making significant changes to the
framework. This makes the framework suitable for environ-
ments that are dynamic in nature. In addition, the framework’s
performance is consistent due to the cross-validation approach.

This provides important business insights, which can be
used to develop strategies for customer retention. Specifically,
organizations can design targeted interventions such as
offering incentives for long-term contracts, vrevising pricing
models to accommodate customer value segments, and
optimizing payment systems to reduce friction for high-
risk groups. The addition of explainability also increases
trust in the model by clearly illustrating the process by
which predictions are made. This follows the guidelines for
explainable artificial intelligence as set out by (Ahmad et
al.,2022), thereby making the predictive model a practical
tool for supporting strategic decision-making in real-world
settings. Moreover, transparent feature attribution enables
stakeholders to validate model behavior against domain
knowledge, further reinforcing confidence in deployment. The
visual representations for the ROC curves, confusion matrix,
and feature importance for these analyses are shown in Fig. 2
and Fig. 3.
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Fig. 3. Top 10 important features influencing churn prediction.

C. Business Implications and Discussion

This research gives the basis to conclude that the proposed
explainable ensemble framework serves as an important tool
for intelligent business analytics. The finding that the Stacking
and Gradient Boosting models were superior to all other
models with respect to predictive accuracy has established
predictive accuracy for detecting risk. The results of the feature
importance analysis established the transparency needed for
making the right managerial decisions. Therefore, integrating
the explainable ensemble framework into a CRM system can
enable businesses to transition no longer be reliant upon
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rule-based segmentation methods. Using both features will
enable businesses to accurately identify high-risk customer
segments (e.g., new customers with high monthly usage on
month-to-month contracts) and develop data-driven retention
strategies. The combination of high predictive accuracy and
interpretability will fill the research gap identified in the
literature review and provide both power and dependability
as a method for managers to receive decision support (Kumar
& Reinartz, 2023).
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V. CONCLUSION

This research work has proposed and developed an explain-
able ensemble machine learning model for customer churn
prediction on the IBM Telco dataset. By carrying out a
comprehensive comparison of five base classifiers and two
meta-classifiers, we have demonstrated that ensemble mod-
els, particularly the Stacking classifier, outperform individual
models in terms of predictive accuracy. The findings of this
study have verified that boosting algorithms, such as Gradient
Boosting, have outstanding class discrimination capabilities,
as reflected in their high ROC-AUC scores. Most importantly,
this proposed framework has addressed the important gap
between predictive accuracy and business interpretability by
using feature importance analysis, which identifies tenure,
monthly charges, and contract type as the three most important
factors influencing customer churn. The results have important
implications for practice, allowing for the design of data-
driven retention strategies by identifying customers at risk and
understanding the underlying motivations for their behavior.
Future work will be focused on a number of improvements:
(1) hyperparameter tuning of the ensemble models to further
improve their performance; (2) investigation of more complex
ensemble methods, such as blending and deep learning-based
ensembles; (3) use of cost-sensitive learning to further re-
duce the business-critical false negative error rate; and (4)
incorporation of other methods for explaining the results,
such as SHAP (SHapley Additive exPlanations), to provide
local explanations for individual customers, further improving
managerial confidence and decision-making capacity.
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