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Abstract 

Customer churn prediction is an important task in the 

telecommunications sector, particularly when class 

imbalance affects the ability of machine learning models 

to identify churned customers. This study evaluates the 

performance of several machine learning algorithms using 

the Telco Customer Churn dataset, which contains 7,043 

customer records and 21 features. Five classification 

algorithms, namely Support Vector Machine (SVM), 

Decision Tree, Random Forest, XGBoost, and CatBoost, 

were evaluated. A Voting Ensemble model combining 

Random Forest, XGBoost, and CatBoost was also 

developed. To address class imbalance, SMOTE and 

ADASYN oversampling techniques were applied to the 

training data. The results showed that ensemble-based 

models generally outperformed individual classifiers. The 

Voting Ensemble model combined with SMOTE achieved 

the best performance, obtaining 97% accuracy, 0.95 

precision, 0.93 recall, 0.95 F1-score, and 0.96 ROC-AUC. 

The findings indicate that integrating ensemble learning 

with oversampling techniques can improve churn 

prediction performance in imbalanced telecom datasets.

 

1. Introduction 

Predicting when customers will leave will enable businesses to prepare for losing those customers so they can take 

the necessary steps to prevent them from losing those customers—such as giving tailored service, sending targeted 

promotions or providing superior customer service. By being able to accurately predict whether or not a customer 

will leave, companies can develop better resource allocation practices, as well as improve customer loyalty and 

ultimately increase profitability over time. 
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For several years now, the telecom industry has created a wealth of demographic data, service usage data, billing 

data, and histories of customer interactions with their company. All of this cumulative structured information 

provides an opportunity for telcos to analyze this data using data mining and machine learning techniques to 

determine the factors that are associated with whether customers will leave or not.  

Machine learning is now commonly used across the world for churn predictions due to its ability to discover 

intricate relationships within large amounts of data without having to adhere to any set of strict statistical 

assumptions. One type of machine learning algorithm that has shown to be quite successful in classification tasks 

where structured data is used is ensemble learning. An ensemble model consists of a group of learners that produce 

outputs from the same input data; by taking the outputs of numerous individual learners and combining them into 

one output from the whole ensemble, the overall prediction becomes more reliable and can be extended across a 

wider variety of circumstances. A number of machine learning algorithms are typically impacted by imbalanced 

classes in churn predictions (e.g. Where the number of customers who stay with a service provider is much larger 

than those that leave [7]. Class imbalance causes biased models in that the models are trained on the majority class, 

which leads to fewer accurate predictions of those customers who left the company. To help resolve this, 

resampling methods have been created to put additional examples in the training dataset that do not represent 

actual cases of customer churn; thus improving the performance of the classifier [8]. 

Recent literature cites use of ensemble methods, feature engineering methods, and data balancing methods in 

telecom customer churn prediction; however, there exists inconsistencies in the performance of each method across 

different datasets with varying types of learning configurations and how the various methods of oversampling 

affect the ensemble model's accuracy for prediction. In addition, there are limited studies that have analyzed the 

combined impact of Voting Ensemble models and synthetic oversampling methods through a standard 

experimental design. This research seeks to examine how certain machine learning algorithms (i.e., SVM, Decision 

Tree, Random Forest, XGBoost, and CatBoost) can provide classification for the Telco Customer Churn dataset. 

Furthermore, a Voting Ensemble model combining Random Forest, XGBoost, and CatBoost is developed and 

evaluated under three scenarios: the original dataset, SMOTE-balanced data, and ADASYN-balanced data. The 

objective is to examine the effect of ensemble learning and data balancing techniques on churn prediction 

performance using a common evaluation framework based on accuracy, precision, recall, F1-score, and ROC-

AUC metrics. 

 
2. Related Work  

Machine learning approaches for telecom customer churn prediction can generally be categorized into three 

groups: traditional machine learning models, ensemble learning methods, and approaches that address class 

imbalance through data resampling techniques. Recent studies have investigated these directions individually or 

in combination to improve churn prediction performance. 

Machine Learning has been extensively researched as a means to predict customer churn. There are many models 

developed by many researchers to predict churn as well as many methods to handle imbalanced datasets. 

A study in [9] conducted a study on multiple telecommunications datasets including IBM Telco, Churn-in-

Telecom, UCI Churn, and Orange Telecom. The study proposed a combined approach to improving churn 

predictions by using machine learning and deep learning models (XGBoost, Light GBM, LSTM, MLP, SVM) as 

well as feature engineering, stacking ensemble methods, and the use of SMOTE to handle class imbalance. The 

ensemble model achieved higher predictive performance than the individual classifiers evaluated in the study. 

In [10], researchers also used machine learning models in combination with data balancing strategies to predict 

telecom customer churn. Researchers reduced the number of attributes in their dataset from 21 to 16 through 

feature selection and tested several algorithms: Logistic Regression, SVM, KNN, Decision Tree, Random Forest, 

Naïve Bayes, and XGBoost. They then used SMOTE, ENN, oversampling, and under sampling to address class 

imbalance and K-fold cross-validation for consistency in evaluating their results. The researchers found that 

Random Forest produced the highest accuracy (90.90%), showing that feature selection and data balancing 

contributed to improving churn prediction performance. The results support the conclusion that data balancing 

techniques can positively affect model quality but that performance of other techniques is still dependent on the 

choice of classification algorithm and dataset features. 

In [11], they describe the development of a stacking ensemble model for predicting customer churn in telecoms 

using the Churn-in-Telecom dataset found on Kaggle, programming their first level of predicted values 
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(predictions made with XGBoost) into a second level of prediction (predictions made with Logistic Regression, 

Decision Tree and Naïve Bayes classifiers) using a method called soft voting. Additionally, feature construction 

techniques were applied in order to create the best representation of the data characteristics to ensure accuracy in 

predictions. The resulting ensemble produced better predictions than either the first or second levels of prediction 

would have produced alone. 

In [12], a DNN (Deep Neural Network) based customer churn prediction was evaluated using the IBM Telco 

Customer Churn dataset of which consists of 7,034 records and 21 variables, and achieved an accuracy of 82.26% 

and an F1 Score of 0.8209. All pre-processing steps (including: categorical encoding, imputation of missing values, 

outlier treatment based on IQR thresholds and standardization) have shown the effectiveness of this predictive 

modelling approach for being able to model complex behavior patterns of customers using deep learning methods. 

Authors in [13] evaluated 16 different ML classifiers to predict Telecom customer churn. The classifiers included 

Logistic Regression, SVM (Support Vector Machine), KNN (K-Nearest Neighbor), Decision Trees, Naive Bayes, 

Linear Discriminant Analysis (LDA), Quadratic Discriminant Analysis (QDA), Ada Boost, Bagging, Random 

Forests, Extra Trees, Gradient Boosting, Light GBM, CatBoost, and XGBoost. The authors ran their experiments 

with an 80/20 training test split and also using 10-fold cross-validation. The results indicate that CatBoost produced 

the best classification accuracy from all the classifiers tested in this study. The results from this study also 

suggested that there is generally a performance boost using boosting/ensemble techniques over traditional 

classifiers for prediction of telecom customer churn; however, the actual difference of performance varied 

depending on the data set and experimental setting. 

Authors in [14] conducted a study using the Telco Customer Churn dataset from Kaggle, which consists of 7043 

customer records and 21 attributes. After preprocessing and cleaning, 7010 records were left for analysis. Various 

classification techniques were then evaluated, including Decision Trees, Random Forests, SVM, and Logistic 

Regression. The Logistic Regression model produced the highest reported AUC of 0.852; thus indicating how 

useful the application of machine learning can be to detect factors related to customer churn. 

In [15], the authors analyzed a telecom dataset consisting of 10,000 customer records using data mining techniques. 

Data preprocessing included missing value treatment, feature encoding, normalization, correlation analysis, PCA 

for feature selection, and SMOTE for class balancing. The authors used many techniques to identify customer 

groups that are likely to churn: K-means (KM), DBSCAN, Association Rule Mining, Isolation Forest, and LOF. 

The authors classified customers into three risk levels—low, medium, and high—and showed how data mining 

techniques can be useful for analyzing customer retention. 

The authors in [16] proposed a framework for predicting telecom churn that integrated Genetic Algorithm (GA), 

XGBoost, and SHAP. ADASYN was used to deal with the class imbalance, and the authors compared multiple 

machine learning algorithms to develop the best model. The GA-XGBoost model achieved the best accuracy 

(93.1%) and AUC (95.61%), and the authors used SHAP to demonstrate how each feature contributes to the 

predicted churn. 

 

Several limitations to current research on churn prediction exist. As noted, current studies have each evaluated one 

method of balancing samples, or composed of many individual methodologies of balancing samples without 

systematically comparing the results of different oversampling techniques with different ensemble models. In 

addition, direct comparisons between Voting Ensemble models and individual classifiers under identical 

experimental conditions remain limited. Therefore, this study evaluates the impact of SMOTE and ADASYN on 

both individual machine learning models and a Voting Ensemble framework using a common dataset and 

evaluation protocol. 

 

3. Methodology 

This study proposes a two-tiered stack. The base layer consists of a set of collective learning models, and voting 

takes place among these models in the second layer. Experiments were conducted using the original dataset as 

well as a balanced dataset. Figure (1) illustrates the pipeline of the proposed methodology. 
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      Figure (1):Proposed Methodology 

3.1. Dataset Description 

The Telco Customer Churn dataset is used in this study to analyze customers from a telecommunication company. 

The dataset is made up of 7,043 row records, and 21 attributes describe various aspects of the customers like 

demographic information, account information, services they have signed up for, as well as their billing details. 

The dataset is moderately unbalanced with around 26% of the customers having churned and 74% of them are still 

active[16]. 

 

3.2 Data Preprocessing 

Several data cleansing procedures were undertaken before providing the machine learning algorithms with pre-

processed data to ensure that it was in a state that would provide reliable information from which machine learning 

models can be trained. The first data cleaning procedure involved eliminating an attribute called "customerID" 

because that attribute was a unique identifier for every customer without any statistical relationship to the attributes 

in the dataset and, therefore, does not provide any useful information in predicting whether or not a customer will 

churn. The second data cleaning procedure involved checking the dataset for any missing or incomplete values. 

Missing values can introduce bias into predictive models or create instability within the model unless they are 

resolved appropriately. Third, some of the dataset's attributes were categorical (for example, gender, contract type, 

internet service type, payment method). Therefore, these attributes needed to be converted to numerical values 

through the use of a technique called One-Hot Encoding. Fourth, the target variable "Churn" originally contained 

categorical values ("Yes" and "No"), which needed to be transformed into a numerical format in order to conduct 

classification modeling. Finally, in order to validate the generalization ability of the models, the dataset was 

divided into training and testing datasets using a standard 80/20 train/test split. To avoid data leakage, all 

resampling procedures were applied only to the training subset after data splitting, while the testing subset 

remained unchanged throughout the experiments. 

3.3 Machine Learning Algorithms 

In this paper, we've examined a variety of machine learning algorithms to determine how effective they are when 

predicting customer churn within the telecommunications industry.  . Some of the different algorithms used in this 

study include support vector machines (SVM), decision trees, random forests, XGBoosts and CatBoosts. Each of 

the algorithms have their own unique advantages for performing classification tasks. The support vector machine 

Telco Customer 

Churn Dataset 

Preprocessing    

(handling missing value , Encode 

categorical features and normalize )  

Model Training  

(SVM , Decision tree , Random forest , XGBoost , Catboost) 

Voting ensemble model  

(Random forest , XGBoost , Catboost) 

 

 Evaluate models  

Data balancing  

(SMOT and ADASYN)  
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(SVM) is capable of working with a large number of dimensions (high-dimensional space) to capture intricate 

relationships amongst different dimensions with kernel functions[17]. Decision trees are interpretable in their 

structure, By using a single decision tree, overfitting may occur because the complex nature of the decision tree 

will be difficult to manage, so ensemble learning methods like random forests to overcome the issue of overfitting 

[18]. Random forests reduce variance in making predictions by combining multiple decision trees, and therefore, 

provide a more stable   by randomly selecting samples of both data and features for each tree in the forest[19]. 

Similarly, XGBoost and CatBoost to iteratively reduce the error of the predictions. and minimizing prediction 

bias[20]  

  

These algorithms were selected to represent different classification paradigms. SVM was included as a margin-

based classifier capable of handling high-dimensional feature spaces. Decision Tree was used as an interpretable 

baseline model. Random Forest represents bagging-based ensemble learning, while XGBoost and CatBoost 

represent boosting-based ensemble techniques that have shown strong performance on structured tabular datasets. 

In addition, a Voting Ensemble Model was also used in this study . Voting Ensemble Models will take advantage 

of ensemble learning, which aggregates the predictions from several single or individual model(s), and produces 

a final prediction that has a larger level of accuracy and robustness[21]. In this study's , the Ensemble Model 

includes three of the highest performing prediction algorithms and gives an independent prediction for every 

specific input data point provided. Lastly, the final classification of that input data point will determine the final 

classification of that input by taking the majority vote from the vote from each individual model, where the class 

receiving the most votes among the individual models will be returned as the final classification for that input[22]. 

Voting Ensembles will help to decrease the variance among the models while improving predictive accuracy by 

leveraging the strengths from several different models[23]. 

To ensure reproducibility of the experiments, the main configuration parameters used for the classification models, 

ensemble framework, and resampling techniques are summarized in Table 1. Unless otherwise specified, default 

parameter settings provided by the corresponding machine learning libraries were used. 

The ensemble combines Random Forest, XGBoost, and CatBoost classifiers. These models were selected because 

they achieved strong individual performance and employ different ensemble learning strategies. The final 

prediction is determined through majority voting, where the class receiving the highest number of votes is selected 

as the final output. The objective of this configuration is to reduce model-specific prediction errors and improve 

classification robustness. 

 

Table 1. Experimental Configuration and Model Parameters 
 

Model Parameters 

SVM Kernel = RBF, C = 1.0, Gamma = scale 

Decision Tree Criterion = Gini, Max Depth = Default 

Random Forest n_estimators = 100, Criterion = Gini, Random State = 42 

XGBoost n_estimators = 100, Learning Rate = 0.1, Max Depth = 6, Random State = 42 

CatBoost Iterations = 100, Learning Rate = 0.1, Depth = 6, Verbose = False 

Voting Ensemble Base Models = Random Forest, XGBoost, CatBoost; Voting = Hard Voting 

SMOTE k_neighbors = 5, Sampling Strategy = Auto 

ADASYN n_neighbors = 5, Sampling Strategy = Auto 

 

 

3.4 Handling Imbalanced Data Using SMOTE and ADASYN 

Customer churn prediction has a major hurdle with respect to class imbalance. That is, many real-world datasets 

(such as the Telco Customer Churn dataset) have far more customers who stay with the company than there are 

customers who leave the company. Because of this class imbalance, machine learning models can suffer from 

improper training since most algorithms will learn better from majority class customers than minority class 

customers and therefore the model can be highly accurate with regard to all customers while performing poorly 

with regard to the minority class (those who left the company). To address this issue, two of the most commonly 
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used methods of oversampling were used in this study to balance out the class distribution of the dataset: SMOTE 

(Synthetic Minority Oversampling Technique) and ADASYN (Adaptive Synthetic Sampling). By generating 

synthetic samples of customers (minority class) who left the company, these methods enable machine learning 

models to better understand the churn pattern amongst the minority class. For both SMOTE and ADASYN, the 

number of nearest neighbors was set to k = 5. Resampling was applied only to the training data until a balanced 

class distribution was obtained. The same configuration was used across all experiments to ensure a fair 

comparison between balancing techniques. 

3.4.1.SMOTE (Synthetic Minority Oversampling Technique) 

To balance the number of instances in a dataset (the class distribution) so that both classes will have an 

approximately balanced number of instances, synthetic samples can be created for minority classes by interpolating 

between two existing Instance classes[27]. Rather than creating duplicates of the data points present in your 

database, you can apply the synthetic data generation method (i.e., SMOTE) to the original data by selecting the 

records in your class that are in the minority and then selecting their k nearest Neighbors in your feature space. By 

doing this, you can create a diverse set of synthetic data points, reducing the possibility of creating a biased model 

through sample oversample methods[28]. 

 

3.4.2.ADASYN (Adaptive Synthetic Sampling) 

ADASYN is an expansion of the SMOTE technique which aims to assist in the creation of (synthetic) new 

observations (or samples) that match those observations in the underlying dataset that are particularly challenging 

to learn in the minority class. Many of the synthetic observations created by SMOTE are generated uniformly 

across all minority samples regardless of how difficult or easy they are to learn[29]. In contrast, the ADASYN 

algorithm takes the level of difficulty experienced while learning a sample and adapts the amount of synthetic data 

that is created for that sample accordingly[30]. Therefore, if a certain portion of the minority class is located in an 

area with fewer samples than others or if the boundary of classification within that minority class is more difficult 

to learn, more synthetic data will be generated in that area as compared to those areas of the minority class that are 

easier to learn[31]. This adaptive approach to generating synthetic data will assist the training algorithms by 

placing stronger emphasis on the harder-to-learn samples and reducing bias towards those samples of the majority 

class[32]. Thus, by using the ADASYN technique, models can improve the likelihood of correctly identifying 

churn customers when trained with a severely imbalanced data set. This paper implemented both the SMOTE and 

ADASYN methods of synthetic data generation when training the prediction performance models from the training 

data set and explored how each technique contributed to prediction performance improvements for each model.  

3.5.Evaluation Metrics 

In order to evaluate the performance of the classification models, we used several standard metrics such as 

accuracy, precision, recall and F1-score; all of which are derived from the confusion matrix that contains true 

positives (TP), true negatives (TN), false positives (FP) and false negatives (FN)[33][34]. 

 

 Accuracy: Accuracy evaluates the total ratio of classified instances that were classified correctly out of all 

samples. In essence. 

                                                     Accuracy =  
TP+TN

Total
 … … … … . (1) 

       TP (True Positive): Correctly predicted positive cases 

       TN (True Negative): Correctly predicted negative cases 

       Total: Total number of samples (TP + TN + FP + FN) 
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 Precision :Precision measures the proportion of correctly predicted positive cases among all instances 

predicted as positive. It evaluates the model’s ability to avoid false positive errors.  

                                                             Precision =  
TP

TP+FP
 …………. (2) 

 Recall: Recall, also known as sensitivity, measures the proportion of actual positive cases that are correctly 

identified by the model. It evaluates the model’s ability to detect positive instances. A high recall value 

indicates that the model successfully captures most of the true positive cases, minimizing false negatives.  

Recall =  
TP

TP+FN
  …………. (3) 

 F1-Score:The F1-score is the harmonic mean of precision and recall. It provides a balanced measure that 

considers both false positives and false negatives. 

        F1 − score =  
Precision∗Recall

Precision+Recall
   … … … … . (4) 

 Receiver Operating Characteristic (ROC) Curve :The Receiver Operating Characteristic (ROC) curve is a 

graphical evaluation tool used to assess the diagnostic ability of a binary classification model. It illustrates the 

trade-off between the True Positive Rate (TPR) and the False Positive Rate (FPR) across different 

classification thresholds. 

     1. True Positive Rate (TPR) 

TPR =  
TP

TP+FN
   ………….. (5) 

    2. False Positive Rate (FPR) 

FPR =  
FP

FP+TN
  ………….. (6) 

Since churn prediction is an imbalanced classification problem, Recall and F1-score are particularly important for 

evaluating model effectiveness. 

 

3.6. Feature Importance Analysis 

XGBoost was utilized to conduct a feature importance analysis to assist in identifying factors that affect customer 

churn. This technique provides insight into what variables drive customer behavior. Variables having high feature 

importance will have the greatest impact on the outcome of the predictive model. As shown in Figure 1, the top 

15 most important features identified by the XGBoost model are as follows: Monthly Charges are significantly 

more important in relation to predicting customer churn than any other variable (highest importance). The next 

most important predictor of customer churn is tenure. 

 
Figure (2): Top 15 Feature Importance obtained using the XGBoost model 

4.  Results  
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Table 2 displays the comparison of performance for various machine learning algorithms based on precision, 

recall, and F1-score metrics for each class as well as overall accuracy scores. Random Forest and CatBoost had a 

better performance than both SVM and Decision Tree individually. The models combined in the Voting Ensemble 

along with XGBoost, Random Forest, and CatBoost presented superior performance than the individual models. 

Additionally, /further enhancements in predicting performance were observed as a result of implementing data 

balancing techniques. The Voting Ensemble using the ADASYN method achieved a 92% accuracy rating; 

however, the SMOTE method provided the best results, resulting in a 97% accuracy rating with excellent precision, 

recall, and F1-scores on both classes. Comparison charts for precision, recall, F1-score, and accuracy for each of 

the individual models and the ensemble models under the SMOTE and ADASYN methods are presented in Figures 

3 - 8. 

Table (2): Performance Comparison of Machine Learning Models 

Model Class 0 

Precision 

Class 1 

Precision 

Class 0 

Recall 

Class 1 

Recall 

Class 0 

F1 

Class 1 

F1 

Accuracy 

SVM-Original 0.85 0.69 0.83 0.66 0.82 0.66 0.88 

SVM_SMOTE 0.89 0.78 0.88 0.74 0.88 0.76 0.90 

SVM_ADASYN 0.88 0.76 0.86 0.75 0.87 0.75 0.89 

DecisionTree_Original 0.82 0.67 0.80 0.67 0.83 0.73 0.87 

DecisionTree_SMOTE 0.86 0.75 0.85 0.74 0.86 0.74 0.89 

DecisionTree_ADASYN 0.85 0.74 0.84 0.73 0.85 0.73 0.88 

Random Forest_Original 0.84 0.72 0.85 0.73 0.86 0.74 0.89 

Random Forest_SMOTE 0.91 0.81 0.92 0.83 0.89 0.80 0.93 

RandomForest_ADASYN 0.90 0.79 0.90 0.79 0.88 0.78 0.92 

XGBoost_Original 0.87 0.74 0.86 0.75 0.87 0.76 0.88 

XGBoost_SMOTE 0.92 0.85 0.93 0.88 0.91 0.84 0.94 

XGBoost_ADASYN 0.91 0.83 0.91 0.87 0.90 0.82 0.93 

CatBoost_Original 0.88 0.76 0.87 0.77 0.88 0.77 0.89 

CatBoost-SMOTE 0.93 0.90 0.93 0.89 0.93 0.90 0.95 

CatBoost_ADASYN 0.92 0.89 0.92 0.88 0.92 0.88 0.94 

Voting Ensemble_Original 0.91 0.83 0.88 0.83 0.90 0.81 0.89 

VotingEnsemble_ADASYN 0.93 0.89 0.93 0.90 0.93 0.89 0.92 

Voting Ensemble_SMOTE 0.96 0.95 0.96 0.93 0.97 0.95 0.97 

The results indicate that ensemble-based methods generally achieved higher performance than individual 

classifiers. Among the baseline models, CatBoost achieved the highest accuracy of 95% after applying SMOTE, 

followed by XGBoost with 94%. The Voting Ensemble combined with SMOTE achieved the best overall 

performance with an accuracy of 97%, indicating that combining complementary ensemble classifiers can improve 

churn detection performance. The improvement was particularly evident in the minority churn class, where the 

F1-score increased to 0.95. 

 



Alkadhim Journal for Computer Science, Vol. 4, No. 3 (2026) 
 

31 

          

  

 

   

 

 

  
 

 

 

 

The figure (9) illustrates how well the proposed voting ensemble model with SMOTE performed. It lies well above 

this line of random classification indicating that the proposed model has strong discrimination capabilities. The 

quick slope upward at low false positive rates shows that the proposed model performed effectively to identify 

churn customers while minimizing false alarms. With a high area under the curve (AUC = 0.96), the proposed 

approach is a robust method for detecting and addressing the imbalanced Telco churn dataset. 
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Figure (3): Performance Comparison of SVM Model  

Model  Using   Original Data, SMOTE, and ADASYN           
Figure (4): Performance Comparison of Decision Tree 

model Using Original Data, SMOTE, and ADASYN 

Figure (5): Performance Comparison of random forest 

model Using Original Data, SMOTE, and ADASYN          

Figure (6): Performance Comparison of XGBoost Model 

Using Original Data, SMOTE, and ADASYN 

Figure (7): Performance Comparison of CatBoost              

model Using Original Data, SMOTE, and ADASYN          
Figure(8):Performance Comparison of Voting ensemble  

model Using Original Data, SMOTE, and ADASYN          
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5. Discussion 

From my research results, I have concluded that ensemble-based models tend to perform better than single ML 

models when predicting customer churn in the Telecommunications industry. Among the individual models, 

Random Forests, XGBoost, and CatBoost were able to predict churn much better than SVM and Decision Tree. 

This suggests that ensemble learning methods may be more efficient at capturing complicated relationships that 

exist in structured datasets consisting of customer-related data than their non-ensemble counterparts. The results 

are also in line with what previous studies have found, namely that the boosted and ensemble-models tend to have 

better performance than their no-boost or no-ensemble counterparts when it comes to performing a prediction task 

of churn [9], [13], [16].  

In addition to the individual predictions produced by Random Forest, XGBoost and CatBoost, utilizing a Voting 

Ensemble model also increased the overall classification output. By employing three different types of learning 

mechanisms (Random Forest, XGboost and Catboost), combining their predictions will reduce the amount of 

model-specific error in predicting customer churn and also improve stable-ness between all the classifiers. These 

results suggest that combining the predictions of several ensemble-based classifiers will provide a more reliable 

means of identifying customers at risk of churning than a single standard ML classifier would alone. 

Experiments have shown how essential it is to deal with a class imbalance problem. Both methods - SMOTE and 

ADASYN - improved the performance of the classifiers tested, but most classifiers gave better predictions using 

SMOTE than ADASYN in terms of accuracy, precision, recall, and F1 score. One possible explanation for this is 

that SMOTE generates synthetic observations throughout the minority class’s feature space more equally than 

does ADASYN. This could produce more consistent decision boundaries than ADASYN because the ADASYN 

method produces synthetic observations predominantly in a small area close to the boundary between classes, 

which can increase susceptibility to local noise and will negatively impact generalization ability in some instances. 

The ROC-AUC scores support the use of the methods discussed above. The Voting Ensemble method combined 

with SMOTE produced the best AUC result of all models tested, suggesting a very strong ability to correctly 

classify customers who did and did not churn at various thresholds. This is significant because datasets containing 

information about customers who churn and do not churn will usually be very imbalanced; thus, it would be 

prudent to use measures that do not depend on the threshold used to assess model performance. The feature 

importance analysis found that Monthly Charges and tenure are among the most significant factors in predicting 

customer churn, which is consistent with empirical evidence from the telecommunications industry indicating that 

long-term customers usually have a lower likelihood of churning than those who pay higher monthly service fees 

and are therefore more likely to terminate their accounts. Accordingly, Monthly Charges and tenure represent 

valuable determinants of retention strategies for those customers who do churn. 

Figure (9): Receiver Operating Characteristic (ROC) 
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Despite these positive results, there are limitations to this work. First, the experiments used one benchmark dataset, 

thus limiting generalizability of results beyond the dataset to other telecommunications. Second, only traditional 

machine learning and ensemble learning methods were effectively tested so far; therefore, future research will 

examine the use of deep learning architectures, explainable artificial intelligence (XAI) techniques, and additional 

feature engineering techniques to potentially improve churn prediction accuracy and model interpretability. 

6. Conclusion 

This paper investigates the application of various machine learning techniques including SVM, Decision Tree, 

Random Forest, XGBoost, and CatBoost on a dataset of telecommunications customers (Telco Customer Churn 

Dataset). The results of the analysis indicate that 'ensemble' based models were more accurate than 'traditional' 

machine learning models. The Voting Ensemble model which combines XGBoost, Random Forest and Cat Boost 

performed better than all three models considered. Additionally, implementation of two methods of dealing with 

class imbalance - ADASYN and SMOTE - resulted in greatly improved predictive ability for the models 

developed. The maximum predictive ability was attained by using Voting Ensemble combined with SMOTE 

.These findings suggest that combining ensemble learning with methods for dealing with imbalance is necessary 

for successful viabilities of churn prediction models. Future work could consider the use of deep-learning models 

and feature selection techniques; however, an emphasis on providing interpretability through Explainable AI 

processes (like SHAP) also could improve the predictive ability and subsequent use of churn prediction models. 
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