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1. INTRODUCTION

In the modern digital environment, the telecommunications industry has become an essential enabler
of advances in information and communication technology, supporting connectivity and digital transformation
across various sectors. The increasing demand for internet-based services and digital transformation has
intensified competition among telecommunications service providers. Sustainable business growth in the
telecommunications industry depends not only on customer acquisition but also on effective customer
retention strategies. However, many providers face customer churn, in which subscribers end their service
contracts and switch to competitors, potentially reducing company revenue and market share. A high level of
customer attrition can adversely affect the financial performance of telecommunications providers by reducing
recurring revenue and increasing expenses to acquire new customers to offset subscriber losses. Compared
with other industries, the telecommunications sector is known to experience relatively high churn rates,
exceeding 30% annually in some highly competitive markets[1] [2]. High churn rates are influenced by intense
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competition among service providers, low switching costs, and the increasing variety of alternative services
available to customers [3]. Identifying subscribers at high risk of leaving a service provider is increasingly
recognized as a crucial capability for optimizing customer retention programs and guiding strategic decisions
with analytical insights. The likelihood of customer churn is influenced by a diverse set of factors, including
customer demographics, service consumption patterns, perceived service quality, responsiveness to customer
complaints, pricing competitiveness, and the attractiveness of competing telecommunications offerings [4].
The complexity of these factors makes churn prediction challenging. Failure to accurately predict customer
churn may result in revenue loss, increased customer acquisition expenses, and weakened long-term strategic
planning. To address the challenges of customer churn, machine learning-based predictive analytics has
become increasingly popular in both academic research and industrial applications. By leveraging historical
customer data, machine learning models can uncover complex relationships among variables, identify
behavioral patterns, and generate predictions that help organizations formulate effective retention strategies.
Numerous classification methods have been explored for churn prediction, including Logistic Regression,
Decision Tree, Random Forest, Gradient Boosting, and Neural Network-based approaches. The predictive
effectiveness of these algorithms often varies with dataset characteristics, feature representations, and
preprocessing strategies [5] [6]. Previous studies have reported that ensemble learning techniques, such as
Random Forest, AdaBoost, and XGBoost, generally achieve strong predictive performance by reducing model
variance and improving generalization. In addition, deep learning and sequential modeling approaches have
shown considerable potential for capturing complex customer behavior, although they may require greater
computational resources and larger datasets [7], [8]. Given the diversity of available approaches and their
varying performance across datasets, conducting a comparative evaluation of multiple algorithms is essential
to determine the most suitable model for customer churn prediction [9].

Despite the growing adoption of machine learning methods for customer churn prediction, several
important issues remain insufficiently explored in the existing literature. Previous research by Triyafebrianda
et al. compared the predictive capabilities of multiple classification algorithms; however, the study did not
examine whether feature selection techniques could yield further performance improvements. Similarly,
Mandurkar and Khanke reported the positive impact of feature selection on churn prediction models, yet their
work did not specifically examine its influence on Logistic Regression and Random Forest using the Telco
Customer Churn dataset, which is widely recognized as a benchmark dataset in churn prediction research.
Furthermore, studies published during 2024-2025 have predominantly focused on enhancing predictive
accuracy or evaluating individual machine learning algorithms. Comparatively, limited attention has been
given to assessing how Recursive Feature Elimination (RFE) affects the performance of Logistic Regression
and Random Forest models. Another limitation observed in several earlier studies is the reliance on a single
validation technique, which may reduce the reliability and generalizability of the evaluation results due to
potential validation bias.

To address the gaps identified in the existing literature, this study focuses on two main research
objectives. The first objective is to examine the impact of Recursive Feature Elimination (RFE) on the
predictive effectiveness of Logistic Regression and Random Forest models for customer churn prediction. The
second objective is to determine which algorithm delivers the most reliable predictive performance following
feature selection, as measured by accuracy, recall, precision, and F1-score. A notable gap in the existing
literature is the limited number of studies that systematically examine how Recursive Feature Elimination
(RFE) affects the predictive performance of Logistic Regression and Random Forest for telecommunications
customer churn prediction. Moreover, comprehensive evaluations using the Telco Customer Churn dataset,
together with cross-validation techniques, remain relatively uncommon. Therefore, this study seeks to assess
the effectiveness of RFE by comparing the performance of Logistic Regression and Random Forest models
before and after feature selection. To ensure robust and unbiased evaluation results, a 5-fold cross-validation
approach is employed throughout the experimental process. The contribution of this research lies in providing
empirical evidence regarding the impact of feature selection on changes in accuracy, recall, precision, and F1-
score across two algorithms with different characteristics: an interpretable linear model (Logistic Regression)
and a tree-based ensemble model (Random Forest). The findings of this study are expected to serve as a
valuable reference for practitioners and researchers by providing empirical evidence regarding the
effectiveness of churn prediction models, thereby supporting the adoption of more accurate and efficient
customer retention strategies in the telecommunications sector.

The present study investigates the performance of two well-established classification algorithms,
namely Logistic Regression and Random Forest. Logistic Regression is frequently used for its interpretability,
computational efficiency, and ability to provide clear insights into the relationship between predictor variables
and churn outcomes. In contrast, Random Forest leverages an ensemble learning framework in which multiple
decision trees are constructed and aggregated to generate final predictions. This approach enhances the model's
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ability to represent non-linear relationships, increases prediction stability, and reduces susceptibility to
overfitting, making it a popular choice for customer churn prediction applications [10] [11].

To optimize model performance, this research employs Recursive Feature Elimination (RFE) for
feature selection. The primary objective of RFE is to identify the most influential predictors by repeatedly
training a model, evaluating feature importance, and removing attributes that contribute minimally to the
prediction task. By focusing on a smaller yet more informative set of variables, RFE can enhance computational
efficiency and improve the generalization capability of classification algorithms [12]. Recent findings in churn
prediction research suggest that effective feature selection contributes not only to higher predictive accuracy
but also to the construction of more streamlined and interpretable models. Compared with other feature
selection methods, RFE is widely recognized for its ability to identify an optimal feature subset, thereby
facilitating the development of more accurate predictive models. Furthermore, integrating feature selection into
machine learning pipelines has produced more efficient models suitable for large-scale implementation without
compromising predictive performance. Several recent studies support the effectiveness of this approach. For
example, a study in the banking sector reported that Logistic Regression achieved 76.85% accuracy, whereas
Random Forest achieved 83.12% [13]. Likewise, research in the telecommunications sector revealed that
applying feature selection and hyperparameter tuning led to a notable improvement in Decision Tree
performance, increasing accuracy from 74.09% to 80.05% [14]. Additional evidence was provided by a
telecommunications website-based churn prediction study, where Random Forest attained an accuracy of 95%,
exceeding the 92% accuracy achieved by Decision Tree [15], These results collectively indicate that
optimization strategies and algorithm selection play a critical role in enhancing the reliability and effectiveness
of churn prediction models.

The analysis in this study is based on the Telco Customer Churn Dataset, which is publicly available
on Kaggle. This dataset contains a diverse range of variables describing customer demographics, service
consumption patterns, and subscription-related information, allowing for a comprehensive examination of
factors associated with customer churn. Owing to its richness and widespread use in churn prediction research,
the dataset serves as an appropriate benchmark for evaluating the performance of classification models in a
telecommunications context. Moreover, the dataset's characteristics closely reflect operational conditions
commonly observed in real-world telecommunications environments.

All analytical processes were conducted using RapidMiner, a widely recognized data science platform

that offers a visual interface and supports various machine learning algorithms. RapidMiner serves not only as
a platform for developing predictive models but also as an environment that supports optimization and
comprehensive performance evaluation. These capabilities enable researchers to build models that achieve
improved predictive accuracy while maintaining efficient analytical workflows. From an academic perspective,
this research is expected to contribute to the ongoing development of data mining and machine learning
literature by providing a comprehensive assessment of feature selection optimization in customer churn
prediction. The comparative analysis of Logistic Regression and Random Forest offers valuable insights into
the strengths and limitations of these algorithms, thereby supporting future research and practical applications
in predictive analytics. From a practical perspective, the findings are expected to help telecommunications
companies more accurately identify customers at risk of churn. Such insights can support the development of
retention strategies, including loyalty programs, personalized services, and service quality improvements,
ultimately enhancing customer loyalty, operational efficiency, and long-term profitability.
Therefore, this study is important from both academic and practical perspectives. Academically, it enriches the
existing literature on churn prediction by comparing two widely used classification algorithms within the
telecommunications domain. Beyond its academic contribution, this research offers practical implications for
telecommunications service providers by supporting the development of more effective customer retention
strategies in an increasingly competitive and dynamic business environment. To address the identified gaps in
the literature, this study investigates the comparative performance of Logistic Regression and Random Forest
models for telecommunications customer churn prediction, incorporating feature selection optimization to
enhance predictive effectiveness.

2. METHOD

The study was conducted using a comparative research design involving a series of systematic stages,
including requirements analysis, data preparation, classification model comparison, and performance
assessment. The overall workflow adopted in this research is depicted in Figure 1.
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Figure 1. alur tahapan penelitian
2.1 Requirements Analysis

The first phase of the research focused on investigating the challenges of customer churn prediction
in the telecommunications domain and on establishing an appropriate methodological framework. To address
these challenges, machine learning techniques enhanced with feature-selection optimization were identified as
the primary analytical approach for this study. This stage serves as the foundation for designing an accurate,
efficient, and practically relevant predictive system that addresses both industrial and academic objectives.

In response to the challenges highlighted in the literature review and problem formulation, this study
introduces a customer churn prediction framework that combines Logistic Regression and Random Forest
classification models with Recursive Feature Elimination (RFE). The inclusion of RFE is intended to optimize
feature representation by selecting the most informative attributes, thereby improving model efficiency and
predictive performance. This approach is expected to improve both predictive accuracy and computational
efficiency by retaining only the most relevant features during the modeling process.

An exploratory analysis of the Telco Customer Churn dataset revealed 7,043 customer instances
described by 21 attributes, encompassing both numerical and categorical data types. This dataset was selected
because it is publicly accessible, widely recognized as a benchmark in churn prediction research, and
representative of operational conditions commonly encountered in the telecommunications sector.
Furthermore, its extensive adoption in prior studies facilitates meaningful comparisons between this research's
results and existing findings in the literature. The complete list of attributes utilized in this study is presented
in Table 1.

Table 1. Dataset Attributes Description

No. Atribut Deskripsi

1. custumerID Unique customer identification number.

2. gender Indicates the customer's gender category (Male or Female).

3. SeniorCitizen Indicates whether a customer is a senior citizen (1 = Yes, 0 = No).

4. Partner Indicates whether the customer has a spouse or partner.

5. Dependents Whether the customer has dependents (Yes or No)

6. tenure The duration of the customer's subscription measured in months.

7. PhoneService Indicates whether telephone service is available in the customer's subscription plan.
8. MultipleLines Specifies whether the customer subscribes to more than one telephone line.

9. InternetService The type of internet connection the customer is subscribed to, such as DSL, Fiber

Optic, or no internet service.

10. OnlineSecurity Indicates whether the customer subscribes to the online security service

11. OnlineBackup Represents the customer’s enrollment in the online backup service

12. DeviceProtection Indicates whether device protection service is included in the customer's subscription.
13. TechSupport Specifies the availability of technical support services for the customer.
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14. StreamingTV Indicates whether the customer uses the television streaming service.

15. StreamingMovies Represents the customer's subscription status for movie streaming services.

16. Contract Describes the contract arrangement selected by the customer, including month to month,
one year, or two-year plans

17. PaperlessBilling Indicates whether the customer utilizes an electronic billing system instead of paper
invoices.

18. PaymentMethod Specifies the customer's payment method, including Electronic Check, Mailed Check,
Automatic Bank Transfer, or Automatic Credit Card Payment.

19. MonthlyCharges The amount charged to the customer each month for subscribed services.

20. TotalCharges The cumulative amount paid by the customer throughout the subscription period.

21. Churn Target variable indicating whether the customer discontinued the service (Yes) or

remained subscribed (No).

Preliminary exploratory analysis highlighted several notable patterns within the dataset. The tenure
variable indicated substantial variation in customer retention periods, with an average subscription duration of
approximately 32 months and a maximum value of 72 months. The average monthly service charge was USD
64.76, reflecting the typical cost customers incur for telecommunications services. Furthermore, demographic
analysis showed that senior citizens represented roughly 16% of the overall customer base.

Analysis of the class distribution revealed a moderate imbalance in the target variable. The non-churn
category comprised approximately 73.5% of customer records, while the churn category accounted for the
remaining 26.5%. This distribution indicates that customers who maintained their subscriptions substantially
outnumbered those who discontinued the service. This imbalance is an important consideration because it may
influence classification performance and evaluation outcomes.

Correlation analysis among numerical variables revealed weak to moderate relationships. The
exploratory analysis identified a positive relationship between customer tenure and monthly charges, indicating
that prolonged subscription periods are generally associated with higher service expenditures. Furthermore,
customers classified as senior citizens had slightly higher average monthly charges. In contrast, the association
between senior citizen status and tenure was negligible, suggesting that age category had little influence on the
length of customer subscriptions.

Outlier detection showed no significant anomalies in either the tenure or MonthlyCharges variables,
suggesting a relatively consistent dataset. The only apparent anomaly was observed in the SeniorCitizen
variable; however, this was attributed to its binary nature (0 or 1), making Interquartile Range (IQR)-based
outlier detection less applicable.

Overall, the EDA results indicated that the dataset was relatively clean and contained no missing
values. Despite a moderate imbalance in the class distribution, the proportions of churn and non-churn
observations were considered sufficiently balanced to avoid resampling techniques such as SMOTE,
undersampling, or oversampling. To ensure a comprehensive assessment of model effectiveness, the
performance evaluation was not limited to accuracy but also included precision, recall, and F1-score, which
are widely recognized as more informative measures for imbalanced classification tasks. In addition, a 5-fold
cross-validation procedure was implemented to improve the reliability of the evaluation and minimize potential
bias from data partitioning.

2.2 Data Preprocessing

Prior to the classification stage, data preprocessing was performed to ensure that the dataset possessed
an appropriate format, structure, and scale for optimal machine learning performance [16]. This stage aimed to
improve data quality and minimize potential errors during model development.

Several preprocessing steps were conducted in this study. First, the dataset was examined using the
Filter Examples operator in RapidMiner to identify and handle potential missing values, although the EDA
results indicated that the dataset was relatively clean. Second, the dataset was prepared for model training and
testing.

Subsequently, cross-validation was employed to obtain a more stable performance estimate, reduce
evaluation bias, and improve the reliability of model assessment. Consequently, the study utilized a Cross
Validation operator instead of a conventional data-splitting approachSelanjutnya, digunakan metode Cross
validation [17]. The selection of 5-fold cross-validation was based on its balance between evaluation quality
and computational efficiency, as recommended in the machine learning literature [18].

2.3 Classification Model Comparison
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Within the supervised learning paradigm, classification techniques are designed to categorize
observations into predefined classes by learning patterns from historical data. To investigate the effectiveness
of different predictive approaches, this study compares the performance of Logistic Regression and Random
Forest models. The evaluation was conducted both with and without feature-selection optimization, enabling
a comprehensive assessment of how feature reduction affects classification performance in customer churn
prediction.

a. Logistic Regression

Among various classification methods, Logistic Regression remains one of the most frequently
utilized approaches for customer churn prediction due to its interpretability and probabilistic modeling
capability. By estimating the likelihood of churn occurrence based on a set of predictor variables, the algorithm
provides valuable insights into the factors influencing customer behavior. Furthermore, its relatively simple
structure makes it suitable for both predictive analysis and result interpretation [20]. The Logistic Regression
model is mathematically defined as follows:

P(Y = 11X) = -

b. Random Forest

1
+ e—([)’0+[>’1X1+-~-+ﬁan

Random Forest is a widely adopted ensemble learning method derived from the decision-tree
paradigm. The algorithm operates by constructing multiple decision trees from randomly selected subsets of
observations and predictor variables, then combining their outputs to produce a final classification result. This
aggregation mechanism enhances model stability and generalization capability, making Random Forest less
susceptible to overfitting than a single decision tree. Consequently, the algorithm is particularly effective for
handling complex datasets characterized by non-linear relationships and interactions among variables.

c. [Feature Selection

In machine learning and data mining applications, feature selection plays a vital role in enhancing the
effectiveness of predictive models. The main purpose of this process is to identify a subset of highly relevant
features while excluding variables that offer limited predictive value or introduce redundancy. By reducing the
presence of non-informative attributes, feature selection can improve model interpretability, decrease
computational complexity, and support better predictive performance. Through this process, classification
models can achieve improved accuracy, greater computational efficiency, and enhanced interpretability

The classification models were implemented in RapidMiner under the default parameter configuration
provided by the software. Logistic Regression was trained with L2 regularization to control model complexity,
and parameter optimization was performed using the solver integrated into RapidMiner. In contrast, the
Random Forest algorithm was configured to construct 100 decision trees, each generated from bootstrap-
resampled training data to enhance model diversity and predictive robustness.

Default parameters were intentionally maintained to ensure a fair comparison between algorithms and to
focus the study on evaluating the impact of feature selection optimization using Recursive Feature Elimination
(RFE). Consequently, any observed performance improvements are more likely attributable to feature selection
rather than hyperparameter tuning.

2.4 Model Evaluation

To assess the effectiveness of the proposed classification models, a comprehensive evaluation was
conducted using several performance metrics. Among these measures, accuracy served as a fundamental
indicator of model performance by quantifying the proportion of correctly predicted observations relative to
the overall number of records evaluated.

Despite its widespread use, accuracy does not always provide a complete representation of model
performance, particularly when dealing with datasets characterized by unequal class distributions. Under such
conditions, a model may achieve high accuracy while performing poorly in identifying minority-class
instances. Therefore, this study complemented accuracy with precision, recall, and F1-score metrics to ensure
a more thorough and reliable evaluation of the classification models.

Accuracy is calculated as follows:

TP+TN

Akurasi = —————— x 100
TP+RP+TN+FN
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Dimana :

True Positive (TP) = Positive instances correctly classified as positive.
False Positive (FP) = Negative instances incorrectly classified as positive.
True Negative (TN) = Negative instances correctly classified as negative.
False Negative (FN) = Positive instances incorrectly classified as negative.

Precision is a performance metric that quantifies the reliability of positive classifications produced
by a predictive model. Specifically, it measures the proportion of correctly predicted positive cases relative to
all instances assigned to the positive class:

TP

p P —
recision —TP T FP

Recall, also known as the true positive rate or sensitivity, measures the extent to which a predictive
model successfully recognizes positive cases. The metric is determined by comparing the number of correctly
identified positive instances with the total number of actual positive observations:

TP

Recall = TP+—FN

Because precision and recall often exhibit a trade-off relationship, the F1-score was employed as a
balanced measure through the harmonic mean of precision and recall:

Precision X Recall
F1=2x

Precision + Recall

A comprehensive performance assessment was carried out for each classification model prior to and
following the optimization process. The objective was to determine which algorithm provided the most
effective solution for customer churn prediction. Evaluation was based on a combination of performance
indicators, emphasizing not only predictive accuracy but also the ability of the models to recognize meaningful
data patterns and achieve balanced results across different evaluation metrics.

A Wilcoxon Signed-Rank Test was employed to examine the statistical significance of the performance
differences observed between the Logistic Regression and Random Forest models. The test was conducted
using evaluation results collected from the five folds generated during the cross-validation procedure, allowing
for a robust comparison of model performance across multiple data partitions. The statistical analysis was
conducted at a significance level of 5% (a=0,05).

3. RESULT AND DISCUSSION

Model evaluation was conducted for each algorithm before and after the optimization stage to identify
the classification method that achieved the best predictive performance. The performance assessment was not
limited to overall predictive accuracy. Particular attention was also given to the effectiveness of each model in
detecting churn cases, as the accurate identification of customers at risk of leaving represents a critical objective
in customer churn prediction. Therefore, the evaluation emphasized metrics capable of reflecting the model’s
performance in recognizing the churn class alongside its general classification capability.

3.1. Research Results

Model validation in this research was performed using the cross-validation technique, which is widely
recognized for assessing predictive performance and model generalization. The dataset was partitioned into
five equally sized folds, with each fold serving as the testing set once while the remaining folds were used for
model training. This iterative procedure ensures that every observation contributes to both the training and
testing phases, thereby reducing the likelihood of biased evaluation results. To obtain a more stable and
representative assessment of model effectiveness, a 5-fold cross-validation framework was employed, and the
performance metrics from all iterations were subsequently aggregated.

Table 2 presents the classification performance achieved by the telecommunications customer churn
prediction models before the implementation of feature selection optimization. The reported results serve as a
baseline for evaluating the impact of the subsequent optimization process:
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Table 2. Classification Performance Before Optimization

No.  Algoritma Before Optimization
Akurasi Recall Precision F1-
Score
1. Logistic 73,46% 50% 36,73% 42,35%
Regression
2. Random 79.85% 69.75% 74,83% 72,15%
Forest

Before conducting the classification experiments, feature selection was performed using Recursive
Feature Elimination (RFE) to identify the attributes with the strongest predictive relevance to the churn
variable. The objective of this process was to reduce feature redundancy and retain only the most informative
variables for subsequent model development. The original dataset consisted of 20 predictor attributes and one
target attribute, namely Churn. Through an iterative elimination process, RFE evaluated the contribution of
each attribute to model performance and removed features with the lowest predictive importance.

The results of the feature selection stage revealed that only 10 attributes were retained as the optimal
feature set for subsequent classification experiments. This reduction in the number of predictor variables was
designed to simplify the model structure, enhance computational efficiency, and improve generalization
performance by focusing on the most informative features while minimizing the influence of redundant or less
relevant attributes.

Table 3. Features Selected by Recursive Feature Elimination (RFE)
No. Fitur Yang Terpilih Oleh RFE

Senior Citizen
Dependents
Tenure
Phone Service
Multiple Lines
Online Security
Online Backup
Tech Support
Contract
Paperless Billing

Boo~Nou~wNE

After removing the CustomerID attribute, which does not contribute to the classification process, the
dataset consisted of 19 predictor variables. The RFE analysis selected ten attributes as the optimal predictors
for model construction: SeniorCitizen, Dependents, Tenure, PhoneService, MultipleLines, OnlineSecurity,
OnlineBackup, TechSupport, Contract, and PaperlessBilling. Through this process, the original set of predictor
variables was reduced by 47.37%, resulting in a more streamlined feature space. Despite the reduction, the
selected attributes retained the essential information required by the classification algorithms, ensuring that
predictive performance was maintained while model complexity was minimized.

These findings indicate that attributes related to customer tenure, contract type, security services,
technical support services, and customer characteristics contribute substantially to determining the likelihood
of customer churn. Conversely, attributes such as TotalCharges, StreamingTV, StreamingMovies, and Gender
demonstrated relatively lower contributions and were therefore excluded during the feature selection process.

The implementation of RFE was intended to reduce model complexity, improve computational
efficiency, and eliminate irrelevant attributes, enabling the classification models to focus on features that have
the greatest influence on customer churn prediction.

The classification results after feature selection optimization are presented in Table 4.

Table 4. Classification Performance After Optimization

No.  Algoritma Setelah Optimasi
Akurasi Recall Precision F1-
Score
1. Logistic 79,61% 54,36% 63,58% 58,6%
Regression
2. Random 81% 58% 71% 63,85%
Forest

Based on the results presented in Table 4, both Logistic Regression and Random Forest demonstrated
different levels of effectiveness in classifying customers who were likely to churn. Performance evaluation
was conducted using four primary metrics: accuracy, recall, precision, and F1-score, which collectively provide
a comprehensive assessment of the models' ability to identify customers at risk of churn.
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For Logistic Regression, a substantial improvement in performance was observed after optimization.
Accuracy increased from 73.46% to 79.61%, indicating that the model became more effective in correctly
classifying both churn and non-churn customers. Recall increased from 50.00% to 54.36%, suggesting
enhanced sensitivity in identifying customers who actually churned. This improvement is particularly
important in the telecommunications industry, where failing to identify churn-prone customers may result in
direct revenue losses.

Furthermore, precision increased significantly from 36.73% to 63.58%, indicating that a greater
proportion of customers predicted as churners were indeed actual churners. In other words, the optimized model
generated fewer false positives, allowing retention resources to be allocated more effectively toward genuinely
at-risk customers. This improvement contributed to an increase in the F1-score from 42.35% to 58.60%,
reflecting a better balance between recall and precision. Overall, these results suggest that the optimized
Logistic Regression model became considerably more reliable for churn prediction.

In contrast, Random Forest exhibited relatively stable performance but did not experience substantial
improvement after optimization. Although accuracy increased slightly from 79.85% to 81.00%, recall
decreased from 69.75% to 58.00%, and precision declined from 74.83% to 71.00%. Consequently, the F1-
score decreased from 72.15% to 63.85%. These results indicate that while Random Forest maintained a high
overall accuracy, its sensitivity in identifying actual churn customers declined after optimization. From a
business perspective, this may result in a larger number of high-risk customers remaining undetected, thereby
reducing opportunities for effective retention interventions.

Overall, the evaluation results demonstrate that the implementation of RFE produced different effects
on the two classification algorithms. Logistic Regression experienced significant performance improvements
across all evaluation metrics, particularly in precision and F1-score. Meanwhile, Random Forest continued to
achieve the highest overall predictive performance, with an accuracy of 81.00%, recall of 58.00%, precision
of 71.00%, and F1-score of 63.85%. These findings suggest that RFE provided greater benefits for Logistic
Regression, whereas Random Forest remained the best-performing model on the Telco Customer Churn
dataset.

The confusion matrix results are presented in Table 5.

Table 5. Hasil Confussion Matrix

No  Algoritma Before Optimization After Optimization
. TN FP FN TP TN FP FN TP
1. Logistic 65,77 7,70% 11,93 14,61 66,02 7,44 13,87 12,67
Regressio % % % % % % %
n
2. Random 79.85 69.75 74,83 72,15 81% 58% 71% 63,85
Forest % % % % %

Based on the confusion matrix analysis, the optimized Random Forest model demonstrated a higher
success rate in classifying non-churn customers than Logistic Regression. However, identifying churn
customers remained challenging, as indicated by the relatively large proportion of false negatives. Therefore,
the confusion matrix complements the accuracy, precision, recall, and F1-score metrics by providing a more
comprehensive understanding of model performance.

In the context of telecommunications customer churn analysis, recall and Fl-score are often
considered more critical than accuracy alone because failing to identify churn customers (false negatives) may
result in the loss of valuable customers without appropriate retention actions. Accordingly, these findings
suggest that optimized Logistic Regression offers a more effective approach for early churn detection systems
in the telecommunications industry.

3.2. Discussion

This study aimed to analyze and compare the performance of Logistic Regression and Random Forest
in predicting customer churn within the telecommunications industry. Model evaluation was conducted using
accuracy, recall, precision, and F1-score before and after optimization. These metrics provide a comprehensive
perspective on model performance, not only in terms of overall prediction accuracy but also in identifying
customers who are genuinely at risk of churn. The RFE results identified ten attributes that contributed most
significantly to churn prediction: SeniorCitizen, Dependents, Tenure, PhoneService, MultipleLines,
OnlineSecurity, OnlineBackup, TechSupport, Contract, and PaperlessBilling. These findings indicate that
customer churn behavior is influenced by a combination of customer characteristics, subscription duration, and
the extent of service utilization.

Among these variables, Tenure and Contract emerged as particularly important indicators because
they are directly associated with customer loyalty and commitment. Customers with longer subscription
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periods and long-term contracts generally exhibit lower churn tendencies. Similarly, OnlineSecurity,
OnlineBackup, TechSupport, PhoneService, and MultipleLines represent the degree of customer engagement
with the company's service ecosystem. The more services customers utilize, the higher the switching cost
becomes, thereby reducing the likelihood of churn. Furthermore, SeniorCitizen, Dependents, and
PaperlessBilling reflect customer demographic characteristics and interaction patterns  with
telecommunications services. The inclusion of these variables suggests that demographic and behavioral
factors also influence customers' decisions to remain subscribed or switch to competing providers

Overall, the feature selection results demonstrate that RFE successfully identified the most relevant
attributes for churn prediction, reducing the number of features from 21 to 10 without sacrificing essential
predictive information. The experimental results revealed that Logistic Regression experienced substantial
performance improvements following optimization. Accuracy increased from 73.46% to 79.61%, recall
improved from 50.00% to 54.36%, precision rose from 36.73% to 63.58%, and F1-score increased from
42.35% to 58.60%. These improvements indicate that the optimized model became more effective in
identifying churn customers while maintaining greater prediction reliability.

This improvement can be explained by the characteristics of Logistic Regression, which is particularly
effective in modeling linear relationships between predictor variables and churn probability. By removing
irrelevant and redundant features, RFE enabled the model to focus on the most informative predictors, thereby
reducing noise and improving classification performance. In contrast, Random Forest exhibited relatively
stable performance but did not benefit substantially from feature selection. Although accuracy increased
slightly, recall, precision, and F1-score declined. One possible explanation is that Random Forest, as an
ensemble-based algorithm, inherently handles high-dimensional datasets effectively and often benefits from a
larger set of predictor variables. Consequently, removing certain features may have reduced the diversity of
information available to the model, leading to lower performance on minority-class detection. Overall, the
findings indicate that RFE provided greater performance improvements for Logistic Regression than for
Random Forest. Logistic Regression achieved increases of 6.15% in accuracy, 4.36% in recall, 26.85% in
precision, and 16.25% in F1-score. Nevertheless, when considering the final performance after optimization,
Random Forest remained the strongest overall model, achieving higher values across all evaluation metrics.
Therefore, while Logistic Regression benefited more substantially from feature selection, Random Forest
maintained superior predictive performance on the Telco Customer Churn dataset.

From a practical perspective, these findings have important implications for customer retention
strategies. By utilizing more accurate churn prediction models, telecommunications companies can proactively
identify customers at high risk of discontinuing their subscriptions. This information can support targeted
interventions, such as personalized offers, service quality improvements, and loyalty programs designed to
increase customer retention and reduce customer acquisition costs. Moreover, the improvement in precision
indicates that the models became more effective at minimizing false positives. As a result, retention campaigns
can be focused on customers who are genuinely at risk of churn, thereby improving resource allocation
efficiency and enhancing the effectiveness of data-driven marketing initiatives.

Although Random Forest achieved higher accuracy, precision, recall, and F1-score values than
Logistic Regression, statistical testing was required to determine whether these differences were significant.
Therefore, a Wilcoxon Signed-Rank Test was performed using the evaluation results obtained from each fold
of the 5-fold cross-validation procedure. The test produced a p-value of 0.0625. At the 5% significance level
(a = 0.05), this value exceeds the significance threshold (0.0625 > 0.05), indicating that the performance
difference between Logistic Regression and Random Forest is not statistically significant. Consequently,
although Random Forest demonstrated superior empirical performance, its advantage over Logistic Regression
cannot be considered statistically significant. This finding suggests that both algorithms provide comparable
predictive capabilities for telecommunications customer churn prediction, with the choice of algorithm
depending on organizational priorities such as interpretability, computational efficiency, and implementation
requirements.

4. CLOSING

This study evaluated and compared the performance of two classification algorithms, namely Logistic
Regression and Random Forest, in predicting customer churn in the telecommunications industry through the
application of feature selection optimization. Based on the results presented in the Results and Discussion
section, the findings demonstrate that feature selection optimization can improve classification performance,
particularly for the Logistic Regression algorithm.

The consistency between the research objectives outlined in the Introduction and the findings reported
in the Results and Discussion section is reflected in the improvements observed in accuracy, recall, precision,
and F1-score following optimization. The optimized Logistic Regression model achieved the most balanced
performance in terms of sensitivity and predictive precision, making it effective for identifying customers with
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a high risk of churn. In contrast, although Random Forest maintained relatively high predictive accuracy, its
recall performance declined after optimization. These findings support the research hypothesis that the
effectiveness of customer churn prediction models is strongly influenced by both the feature selection
technique employed and the characteristics of the underlying classification algorithm.

From a practical perspective, the findings provide valuable insights for telecommunications
companies in designing more effective customer retention strategies. By utilizing the optimized Logistic
Regression model, organizations can proactively identify customers who are likely to discontinue their
subscriptions and implement targeted interventions, such as personalized offers, service quality improvements,
and customer loyalty programs. Such initiatives can help reduce churn rates while improving the efficiency of
resource allocation. Preventive retention measures may include personalized retention strategies, such as
offering customized service packages at competitive prices, improving network quality in areas with high-risk
customers, or providing incentives through loyalty points and bonus data quotas. These personalized
approaches not only increase customer retention opportunities but also strengthen customer engagement with
the brand. In the long term, such strategies may transform at-risk customers into loyal customers and potential
brand advocates.

Beyond churn prevention, the predictive model may also support customer acquisition initiatives.
Analyzing the characteristics of customers who are more likely to remain loyal can provide valuable insights
into the profiles of high-value prospective customers. For example, if the model indicates that customers with
high data usage and longer subscription periods are less likely to churn, telecommunications companies can
target similar customer segments through more focused marketing campaigns. This approach enables
organizations to prioritize customer quality over acquisition volume by attracting customers with greater long-
term value and stronger loyalty potential. From a managerial perspective, the findings also contribute to data-
driven decision-making processes. Compared with more complex algorithms such as Random Forest, Logistic
Regression offers greater interpretability and transparency, making it easier for decision-makers to understand
the factors influencing customer churn. Consequently, management can more effectively formulate policies
related to customer service quality, network performance, pricing strategies, and customer relationship
management initiatives.

Within the telecommunications industry, these findings have important implications for Customer
Relationship Management (CRM) strategies. Models with strong recall and F1-score performance are
particularly valuable because organizations must identify as many potential churn customers as possible to
implement timely retention actions. Failing to identify actual churn customers (false negatives) may result in
the loss of valuable customers without intervention, whereas incorrectly identifying non-churn customers as
churners (false positives) primarily leads to inefficient allocation of promotional resources. Therefore, the
optimized Logistic Regression model provides a favorable balance between effectiveness and operational
efficiency in supporting business decision-making.

From an academic perspective, this study provides empirical evidence regarding the effectiveness of
integrating classification algorithms with feature selection optimization in customer churn prediction. The
findings contribute to the growing body of knowledge in predictive analytics and customer behavior modeling
and may serve as a foundation for future research in these fields. Several opportunities for future research can
be identified. First, future studies may investigate more advanced machine learning algorithms, such as
Gradient Boosting, XGBoost, or Deep Neural Networks, to develop models that are more adaptable to complex
nonlinear patterns. Second, incorporating comprehensive hyperparameter optimization techniques, including
Grid Search and Bayesian Optimization, may further improve predictive performance. Third, the proposed
churn prediction framework can be applied to other domains, such as banking, e-commerce, and digital
services, to evaluate the consistency and generalizability of the findings across different industries.

In conclusion, this study not only achieved its primary research objectives but also provides broader
opportunities for the advancement of machine learning methodologies and their practical applications in
supporting data-driven strategic decision-making within highly competitive industries.
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