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Abstract: In this study, a range of machine learning models, including Artificial Neural Networks, 

Decision Trees, Support Vector Machines, Random Forests, Logistic Regression, and advanced 

gradient boosting methods (XGBoost, LightGBM, and CatBoost), were examined for their efficacy in 

predicting customer churn within the telecommunications industry. The research utilized a publicly 

accessible dataset for this purpose. The effectiveness of these models was measured using established 

evaluation metrics such as Precision, Recall, F1-score, and the Receiver Operating Characteristic Area 

Under Curve (ROC AUC). The findings of the research emphasize the exceptional effectiveness of 

boosting algorithms in managing the complex aspects of predicting customer churn. In particular, 

LightGBM was remarkable, securing an outstanding F1-score of 92% and an ROC AUC of 91%. These 

figures greatly exceed the performance of conventional models such as Decision Trees and Logistic 

Regression. This highlights the superiority of sophisticated machine learning methods in dealing 

with challenges posed by imbalanced datasets and complex interrelations among features. 

Keywords: customer churn prediction; machine learning; classification techniques; artificial neural 

networks 

 

I. Introduction 

Customer Relationship Management (CRM) is a strategic approach that enhances the 

relationship between businesses and their customers. It is a vital tool for gaining deeper insights into 

consumer behaviors and needs, aiming to foster more robust and meaningful relationships, thereby 

establishing long-term and loyal customer bases. This concept is particularly significant in various 

industries, including banking, insurance, and telecommunications. The telecommunications sector, a 

major player in global revenue generation and socioeconomic advancement, faces intense 

competition. Companies in this sector strive to expand their customer base while focusing on 

retaining existing customers, considering the high costs associated with acquiring new ones. 

Customer retention in telecommunications is thus crucial for increasing revenue and reducing 

marketing costs. 

The industry is currently grappling with customer attrition or churn, prompting a shift from 

acquiring new customers to retaining existing ones. CRM databases have become essential in 

systematically documenting every customer-specific interaction. These databases are invaluable for 

predicting and addressing customer needs, leveraging a mix of business processes and machine 

learning (ML) methodologies. The primary goal of ML models in this context is to categorize 

customers into churn or non-churn groups, representing a binary classification problem. Various ML 

methods have been proposed for churn prediction, including Decision Trees, Artificial Neural 

Networks, Random Forests, Logistic Regression, Support Vector Machines, and advanced gradient 

boosting techniques like XGBoost, CatBoost, and LightGBM. Ensemble techniques, specifically 
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boosting and bagging algorithms, have gained prominence due to their effectiveness in addressing 

classification problems, particularly in churn prediction [1–4]. 

II. Purpose of the Study 

The purpose of this research is to address the problem of customer attrition, commonly known 

as churn, in the telecommunications sector. Churn has become a significant issue, prompting service 

providers to focus more on retaining existing customers due to the high costs associated with 

acquiring new ones. The implementation of Customer Relationship Management (CRM) systems 

plays a key role in managing customer relationships, serving as a valuable resource for predicting 

and addressing customer needs. This is achieved by systematically documenting every customer-

specific interaction and leveraging a combination of business processes and machine learning (ML) 

methodologies to analyze and understand customer behavior. 

The aim of the study is to develop practical tools for businesses to categorize customers into one 

of two groups: churn or non-churn, representing a binary classification problem. The research 

investigates a range of machine learning algorithms for constructing a churn prediction model. This 

includes Decision Trees, Artificial Neural Networks, Random Forests, Logistic Regression, Support 

Vector Machines, and advanced gradient boosting techniques like XGBoost, CatBoost, and 

LightGBM. Ensemble techniques, particularly boosting and bagging algorithms, have been identified 

as effective for addressing classification problems in churn prediction due to their high effectiveness. 

This study distinguishes itself by offering a comprehensive examination of how various machine 

learning techniques, when applied to imbalanced data, can affect predictive accuracy. The focus is 

on understanding the intersection of these machine learning techniques with the challenges of 

imbalanced data in the context of churn prediction. 

III. Related Work 

The field of churn prediction has been extensively studied, with numerous methods proposed 

for constructing effective churn models. Techniques like Decision Trees, Artificial Neural Networks, 

Random Forests, Logistic Regression, Support Vector Machines, and a Rough Set Approach have 

been explored in various studies. Recent advancements in ensemble techniques, particularly boosting 

and bagging algorithms, have further enhanced the effectiveness of churn prediction models. Our 

research contributes to this field by offering a comprehensive examination of how machine learning 

techniques, imbalanced data, and predictive accuracy intersect, thus distinguishing it from previous 

studies. 

We present an overview of various machine learning methods used in churn prediction below: 

 Artificial Neural Networks (ANNs): ANNs, inspired by the human brain, consist of 

interconnected units and can adapt to different learning algorithms. They are particularly 

effective in complex tasks like churn prediction. The Multi-Layer Perceptron, a common ANN 

model, is trained using the Back-Propagation Network algorithm. ANNs have shown superior 

performance over Decision Trees and Logistic Regression in churn prediction scenarios [5,6]. 

 Support Vector Machine (SVM): SVMs, classified as supervised learning techniques, are 

adept at uncovering latent patterns within data. Kernel functions, such as the Gaussian Radial 

Basis and Polynomial kernel, enhance SVMs' performance. In some cases, SVMs outperform 

ANNs and Decision Trees in churn prediction, depending on data characteristics [7,8]. 

 Decision Trees (DTs): DTs represent decision pathways as tree structures. Though less 

efficient at identifying complex patterns, DTs can still be useful for churn prediction, where 

class labels are represented by leaves and feature conjunctions by branches [9–11]. 
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 Logistic Regression (LR): LR, a probabilistic statistical classification method, predicts churn 

based on multiple predictor variables. With appropriate data pre-processing, LR's accuracy can 

rival that of Decision Trees [12]. 

 Ensemble Learning: This approach combines outputs from multiple models into a single 

classifier. By merging various weak models, a stronger, more accurate prediction model is 

formed, with bagging and boosting being two key techniques in this domain [1,2,13]. 

(A) Bagging: Involves training models on different subsets of the training data and combining their 

outputs through majority or average voting, as shown in Figure 1. Random Forests, an 

advancement of Decision Trees, use the bagging technique to yield better performance than 

individual DTs [13–18], as shown in Figure 2. 

(B) Boosting: This method sequentially combines weak learners to form a stronger model, reducing 

the bias of the model, as shown in Figure 3. Gradient boosting techniques like XGBoost, 

LightGBM, and CatBoost are notable examples. They address over-fitting through loss function 

optimization and are effective in handling categorical data and large-scale datasets [13,19–25], 

as shown in Figure 4. 

 

Figure 1. Visualization of the bagging approach [26]. 

 

Figure 2. Visualization of the Random Forest Classifier [26]. 

 

Figure 3. Visualization of the boosting approach [26]. 
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Figure 4. Comparison of tree growth models, a. XGBoost Level Wise Tree Growth, b. LightGBM Leaf Wise Tree 

Growth [26]. 

Each of these techniques offers unique benefits, making them suitable for different aspects of 

churn prediction in the telecommunications sector. For individuals seeking more in-depth 

understanding, refer to this study [26], which offers an extensive and detailed comparative analysis 

pertinent to this subject matter. 

IV. Method 

The research paper focuses on the application of various machine learning (ML) techniques for 

predicting customer churn in the telecommunications sector. Utilizing a publicly accessible dataset, 

several ML models were implemented, including Artificial Neural Networks, Decision Trees, 

Support Vector Machines, Random Forests, Logistic Regression, and advanced gradient boosting 

techniques such as XGBoost, LightGBM, and CatBoost [27–30]. 

The primary aim of these ML models is to predict and categorize customers into two groups: 

churn or non-churn, which represents a binary classification problem. This classification is crucial in 

the telecommunications sector, where customer retention is key to maintaining revenue and reducing 

marketing costs, given the high costs associated with acquiring new customers. 

For evaluation, standard metrics such as Precision, Recall, F1-score, and the Receiver Operating 

Characteristic Area Under Curve (ROC AUC) were employed. These metrics provide a 

comprehensive assessment of the models' performance in terms of accuracy and ability to classify 

customers accurately into churn or non-churn categories. 

The research contributes to the field by offering a comprehensive examination of how different 

machine learning techniques, when applied to imbalanced data, can affect predictive accuracy. This 

comprehensive framework aims to provide subscription-based companies with practical tools for 

predicting customer churn, which is vital in the current data-centric business environment. 

A. Training and Validation Process 

The study employs k-fold cross-validation for evaluating classifiers, but this method has 

limitations with imbalanced data, as some folds may lack examples from the minority class. To 

counter this, stratified sampling is used during the train-test split or k-fold cross-validation, ensuring 

equal representation of minority class instances in each split. The paper also emphasizes the 

importance of handling imbalanced data by up-sampling or down-sampling post data split to avoid 

data leakage, which could lead to overestimation of model performance. 

B. Evaluation Metrics 

The study uses two types of metrics: 

Threshold Metrics: These metrics focus on minimizing error rates and determining the number 

of mismatched predicted values. Standard accuracy metrics are not sufficient for imbalanced data, as 

they mainly consider the majority class. Therefore, precision, recall, and F1-score derived from the 
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confusion matrix are preferred for evaluating ML models in minority classes. The F1-score, which 

combines precision and recall, provides a balanced measure of the model's overall performance. 

In Table 1, the abbreviations TP and FP represent True Positive and False Positive outcomes, 

respectively, while FN and TN denote False Negative and True Negative outcomes. The metrics of 

Precision, Recall, Accuracy, and F1-score are derived using specific formulas as follows: 

Table 1. The confusion matrix. 

 

Predicted Class 

Churners 
Non-

churners 

Actual Class 
Churners TP FN 

Non-churners FP TN 

 

Precision =
TP

TP + FP
 

 

Recall =
TP

TP + FN
 

 

(1)

Accuracy =
Correct Predictions

Total Predictions
=

TP + TN

TP + FP + TN + FN
 

 

(2)

F1 − score =
2 × Precision × Recall

Precision + Recall
 (3)

Ranking Metrics: The Receiver Operating Characteristic (ROC) Curve is a key ranking metric. 

It visualizes the True Positive rate and False Positive rate at various thresholds, as shown in Figure 

5. The Area Under the ROC Curve (AUC) gives a single score to evaluate model performance. 

However, for highly imbalanced datasets, the Precision–Recall curve is more appropriate as it focuses 

on the classifier's performance on the minority class. Nonetheless, considering the dataset in this 

study does not exhibit an extremely high imbalance ratio, employing PR AUC for the assessment 

might not be essential. 

 

Figure 5. The ROC Curve. 
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The paper asserts the importance of the F1-score and ROC AUC metrics due to their effectiveness 

in handling imbalanced datasets. The ROC AUC, ranging from 50% to 100%, provides a robust 

measure for comparing different models, with higher percentages indicating better prediction 

capabilities. 

In summary, the study highlights the critical aspects of evaluating machine learning models for 

churn prediction, considering the challenges posed by imbalanced datasets and emphasizing the 

importance of appropriate metric selection for accurate model assessment. 

V. Results 

This section delves into the setup and results of simulations conducted to evaluate various 

classification techniques for customer churn prediction. The section is divided into two parts: 

Simulation Setup and Simulation Results. 

A. Simulation Setup 

The study's primary aim is to assess the performance of several classification methods, including 

Decision Tree, Logistic Regression, Random Forest, Support Vector Machine, XGBoost, LightGBM, 

and CatBoost, in predicting customer churn. These simulations were carried out using the Python 

programming language and libraries like Pandas, NumPy, and Scikit-learn. A real-world dataset 

from Kaggle [31], featuring 20 attributes and a mix of 4250 training instances and 750 testing 

instances, was employed. This dataset showed a churn rate of 14.1% and an active subscriber rate of 

85.9%. Pre-processing steps, such as handling categorical variables, feature selection, and outlier 

removal, were applied before evaluating the models using Precision, Recall, F1-score, and ROC AUC 

metrics. 

B. Simulation Results 

The study evaluated the performance of various machine learning models using unseen data 

from the testing dataset. The evaluation metrics included Precision, Recall, F1-score, ROC AUC, and 

Precision–Recall AUC. The assessment aimed to gauge the models' generalization abilities and their 

effectiveness on unseen data. After completing the pre-processing and feature selection steps, the 

outcomes were systematically compiled into a table. This highlighted the enhanced performance of 

boosting models, particularly regarding F1-score and ROC AUC metrics, as illustrated in Table 2. The 

most notable results are emphasized in bold and marked with an asterisk for clarity. LightGBM 

emerged as a standout performer, achieving a notable F1-score of 92% and an ROC AUC of 91%. The 

ROC curves of these models post pre-processing and feature selection are also illustrated in Figure 6, 

demonstrating the comparative performance of the different models. 

Table 2. Evaluation metrics for the different models after pre processing and feature selection. 

Models Precision% Recall% F1-score% 
ROC 

AUC% 

DT 91 72 77 72 

ANN 85 76 80 77 

LR 61 70 62 70 

SVM 81 57 59 57 

RF 96 75 81 75 

CatBoost 90 90 90 90 

LightGBM 94 91 92* 91* 

XGBoost 96 87 91 87 

Figure 6 displays the ROC curve diagram for various models, illustrating their performance 

following the pre-processing and feature selection steps. 
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Figure 6. ROC curve diagram for various models. 

In conclusion, this section of the paper highlights the effectiveness of various machine learning 

models in churn prediction, with a particular emphasis on the robust performance of boosting models 

like LightGBM in handling the given dataset. 

VI. Conclusions 

The research presented in this paper provides a thorough investigation into the effectiveness of 

various machine learning models for predicting customer churn in the telecommunications sector. 

Central to our findings is the clear distinction in performance among the different algorithms 

evaluated, with a particular emphasis on the results from the advanced gradient boosting techniques 

such as XGBoost, LightGBM, and CatBoost. 

The study's results highlight the superior performance of boosting models in handling the 

intricate dynamics of customer churn prediction. Notably, LightGBM stood out, achieving an 

impressive F1-score of 92% and an ROC AUC of 91%. These metrics significantly surpass those 

attained by traditional models like Decision Trees (DT) and Logistic Regression (LR), underscoring 

the effectiveness of advanced machine learning techniques in navigating the complexities of 

imbalanced datasets and intricate feature relationships. 

The research emphasized the importance of rigorous model evaluation, especially in the context 

of imbalanced data prevalent in the telecommunications industry. The application of precision, recall, 

and F1-score metrics, derived from the confusion matrix, provided a more nuanced assessment of 

model performance compared to standard accuracy measures. This comprehensive evaluation 

approach was critical in revealing the nuanced capabilities of each model, particularly the efficacy of 

gradient boosting techniques. 

The study's simulation results, encapsulating various metrics across different models, shed light 

on the generalization capabilities of these algorithms on unseen data. The standout performance of 

LightGBM, evidenced by its high scores in both F1-score and ROC AUC, demonstrates its potential 

as a robust tool for churn prediction in real-world scenarios. These findings offer substantial 

implications for subscription-based businesses in the telecommunications sector, highlighting the 

value of integrating advanced machine learning models into their customer retention strategies. 

In conclusion, this paper not only advances our understanding of machine learning applications 

in churn prediction but also provides practical insights for businesses looking to leverage data-driven 

techniques to enhance customer retention. The demonstrated superiority of gradient boosting 

models, particularly LightGBM, marks a significant step forward in predictive analytics, offering a 

potent tool for companies in their ongoing efforts to understand and mitigate customer churn. 
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