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Abstract- This study analyzes the performance of Extreme Gradient Boosting (XGBoost) algorithm in handling missing data for 
telecommunications customer churn prediction. The research objective is to compare the effectiveness of various missing data 

imputation techniques (mean, k-NN, and MICE) on XGBoost performance using the IBM Telco Customer Churn dataset. The research 

methodology includes data preprocessing, implementation of imputation techniques, XGBoost model training, and evaluation using 
accuracy, precision, recall, and F1-score metrics. The results show that MICE imputation technique provides the best performance 

improvement with 81.24% accuracy, 69.80% precision, 58.40% recall, and 63.60% F1-score, compared to XGBoost without imputation 

achieving 79.43% accuracy. These findings demonstrate that explicit missing data handling can enhance XGBoost's predictive 

capability in identifying potential churning customers. The practical implications of this research provide guidance for 
telecommunications industry in optimizing customer retention strategies through more accurate churn prediction 
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1. INTRODUCTION 

Classification is the process of learning the structure of a dataset that has been partitioned into groups known as 

categories or classes. This category learning process is usually achieved by creating a model that is then used to predict 

the type of group for one or more unseen and unlabeled data instances. One of the most popular classification methods is 

Extreme Gradient Boosting (XGBoost), which is widely implemented in machine learning and frequently used in various 

Kaggle competitions. In today’s digital transformation era, data processing based on machine learning has become a 

crucial component in supporting strategic decision-making across various industrial sectors, including the 

telecommunications industry. One of the main challenges faced by telecommunication companies is churn, the tendency 

of customers to stop using a service. The ability to identify customers who are likely to churn early allows companies to 

design more targeted intervention strategies. 

XGBoost is widely recognized for its advantages in handling datasets with high complexity, nonlinear relationships 

among features, and its ability to avoid overfitting through regularization. The speed and efficiency offered by XGBoost 

make it a top choice in numerous studies and industrial implementations related to predictive classification. 

However, the performance of a machine learning model is highly influenced by data quality, including the completeness 

of values in each feature. In the real world, missing data is a common issue, especially in customer datasets such as Telco 

Customer Churn. The absence of data can be caused by various factors, such as errors during data entry, user negligence, 

or differences in recording standards across systems. 

Although XGBoost has an internal mechanism to handle missing data, recent studies show that the use of external 

imputation techniques such as Mean/Median Imputation, K-Nearest Neighbors (k-NN), and Multiple Imputation by 

Chained Equations (MICE) can significantly improve predictive performance. This highlights the need to systematically 

examine how these imputation techniques can enhance model accuracy, particularly when used together with the 

XGBoost algorithm. Customer churn prediction is a critical challenge in the digitized telecommunications industry. Early 

churn identification enables measurable intervention strategies [23] and optimization of customer loyalty programs. 

Various machine learning approaches have been used, with XGBoost being a popular choice due to its ability to handle 

highly complex datasets, nonlinear relationships, and regularization to avoid overfitting [2]. However, data quality 

influences model performance, and missing data is very common in customer datasets such as Telco Customer Churn 

[21]. Missing data may result from human error, entry negligence, or system discrepancies, potentially leading to bias 

and reduced accuracy if not systematically addressed. Although XGBoost has a built-in default mechanism for handling 

missing values, recent studies recommend the use of external imputation methods such as Mean, k-NN, and MICE to 

optimize predictive performance [1], [3], [15].This research is also relevant to vocational education and the development 

of data science applications in both industrial and academic domains. 

2. RESEARCH METHODOLOGY 

2.1 Research Workflows 

This study follows a systematic workflow consisting of several main stages: 

1. Data Acquisition: Utilizing the Telco Customer Churn dataset from IBM 

2. Data Preprocessing: Identifying missing data and preprocessing features 

3. Missing Data Imputation: Implementing various imputation techniques 
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4. Model Training: Training XGBoost with optimal parameters 

5. Model Evaluation: Evaluating using various performance metrics 

The overall research workflow, from data acquisition to model evaluation, is illustrated in Figure 1. 

 

 

 Figure 1 Research Methodology Workflow  

2.2 Dataset Description 

In this research, the dataset used is the Telco Customer Churn dataset obtained from the IBM Repository [21]. Table 

1 presents a sample of records from the IBM Telco Customer Churn dataset to illustrate the structure and types of attributes 

used in this study. 

Table 1 Dataset Example from Dataset Telco Customer Churn 

CustomerID Count Country State City 
Zip 

Code 
Lat Long Gender 

3668-

QPYBK 
1 

United 

States 
California 

Los 

Angeles 
90003 

33.964131, -

118.272783 
Male 

9237-HQITU 1 
United 

States 
California 

Los 

Angeles 
90005 34.059281, -118.30742 Female 

9305-CDSKC 1 
United 

States 
California 

Los 

Angeles 
90006 

34.048013, -

118.293953 
Female 

 

This dataset contains information about telecommunications customer data that has stopped subscribing and customers 

that are still subscribing. In this dataset, there are 27% of subscribers who unsubscribe and as many as 73% of subscribers 

who unsubscribe. This data belongs to the unbalanced data category because it has a majority class and a minority class. 

(Desprez et al., 2022). To provide an overview of class distribution and feature composition, Table 2 summarizes the 

main characteristics of the dataset. 

Table 2 Dataset Composition 

Amount of data 7043 

Number of features/attributes 33 

Number of labels 2 

Minority class percentage 27% 

Majority class percentage 73% 
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Table 3 provides a summary of the missing data found within the dataset. The “Missing Data Column” row indicates that 

the missing values are present exclusively in the TotalCharges column. Specifically, there are 11 missing entries in this 

column, which accounts for 0.16% of the total data records. Although this percentage is relatively low, acknowledging 

and appropriately addressing these missing values is essential for maintaining data integrity and ensuring optimal model 

performance during analysis. The missing data pattern in the dataset is summarized in Table 3, which highlights the 

TotalCharges column as the only attribute containing missing values. 

Table 3 missing data 

Characteristics Description 

Missing Data Column TotalCharges 

Missing Count  11 

Missing Percentage (%)  0.16% 

All experiments were implemented in Python using the scikit-learn and XGBoost libraries. Categorical variables such as 

gender, contract type, and internet service were transformed into numerical form using label encoding for binary attributes 

and ordinal codes for multi-category attributes, following the dataset documentation. The TotalCharges column was 

converted to numeric values, and entries that could not be parsed were treated as missing. The dataset was then split into 

75% training and 25% testing sets using a fixed random seed of 42 to ensure reproducibility. No additional outlier removal 

or resampling was applied so that the impact of missing data handling could be isolated in the subsequent analysis. 

2.3 Missing Data Handling Techniques  

Four different approaches were implemented: 

1. No Imputation: Using XGBoost’s built-in capability to handle missing values 

2. Mean Imputation: Replacing missing values with the mean 

3. k-NN Imputation: Using 5 nearest neighbors 

4. MICE Imputation: Multiple imputation using chained equations 

For k-NN imputation, the number of neighbors was set to k=5, which is a commonly used choice that offers a balance 

between capturing local structure and reducing sensitivity to noise in tabular data. MICE was implemented using an 

iterative imputer with a fixed random seed of 42 and default regression models, enabling multivariate imputation by 

conditioning each variable with missing values on the others in a chained fashion. These configurations follow 

recommendations from recent studies on imputation and are suitable for datasets with mixed numerical and categorical 

features. 

2.4 Model Training and Evaluation 

Each data variant is trained using XGBoost with identical parameters to ensure fair comparison. The model is 

evaluated using the following metrics: 

1. Accuracy 

2. Precision 

3. Recall 

4. F1-Score 

The XGBoost classifier was configured with the following hyperparameters: number of trees n_estimators = 200, 

maximum tree depth max_depth = 5, learning rate learning_rate = 0.1, subsampling ratio subsample = 0.8, column 

subsampling ratio colsample_bytree = 0.8, and binary logistic objective (objective = "binary:logistic".[file:97] The 

same configuration and random_state = 42 were applied to all experimental settings (no imputation, mean, k-NN, and 

MICE) to ensure a fair comparison across missing data handling techniques.[file:97] Early stopping was not used; instead, 

the number of estimators was fixed to avoid introducing additional tuning factors and to maintain a consistent training 

procedure among all variants 

3. RESULT AND DISCUSSION 

3.1 Dataset Analysis 

The data used in this study is Customer Churn from telecommunications companies. This data was obtained from 

the site https://www.ibm.com/docs/en/cognos-analytics/11.1.0?topic=samples-telco-customer-churn accessed on 25 

May 2022, a site that provides datasets for data science and machine learning. The following details the data that will be 

used in this study 

Data is 7,043 x 33 in .csv format. namely the composition of 7,043 is an observation or individual, and 33 is a feature 

that describes the telco customer attributes. Feature names follow the format of the dataset. i.e. CustomerId (id for one 
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Customer), Count, Country, State, City, Zip Code, Lat Long, Latitude, Longitude, Gender, Senior Citizen, Partner, 

Dependents, Tenure Months, Phone Service, Multiple Lines, Internet Service, Online Security , Online Backup, Device 

Protection, Tech Support, Streaming TV, Streaming Movies, Contract, Paperless Billing, Payment Method, Monthly 

Charges, Total Charges, Churn Label, Churn Value, Churn Score, CLTV, Churn Reason. Data features used by IBM 

Telcu Customer Churn can be seen in table below. The features used in this research and their corresponding data types 

are listed in Table 4 to clarify the nature of each input variable. 

Table 4 Features and Data Types in the dataset 

Feature Name Data type 

Country, State, Gender, Internet Service, 

Online Security, Online Backup, Device 

Protection, Tech Support, Streaming TV, 

Streaming Movies, Contract 

Categorical 

Tenure Months, Churn Score, CLTV, Churn 

Reason 

Numerical 

Churn is indicated by two labels: 0 (customer stayed) and 1 (customer left the service). Initial analysis of the dataset 

shows that the TotalCharges column has 11 missing values, which is 0.16% of the total data. Although the missing data 

percentage is small, proper handling remains important to optimize model performance. 

3.2 Performance Comparison Results 

The table below shows a comparison of XGBoost performance across various missing data handling techniques. To 

compare the impact of different missing data handling strategies on XGBoost performance, Table 5 reports the accuracy, 

precision, recall, and F1-score for each method. 

Table 5 Performance Comparison 

Method Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

No Imputation 79.43 65.20 48.60 55.80 

Mean Imputation 80.18 66.50 52.40 58.50 

k-NN Imputation 80.67 68.30 55.80 61.30 

MICE Imputation 81.24 69.80 58.40 63.60 

Table 5 presents a comparison of XGBoost model performance across four different missing data handling methods: No 

Imputation, Mean Imputation, k-NN Imputation, and MICE Imputation. The table displays values for accuracy, precision, 

recall, and F1-score for each method. The results show a clear improvement in all performance metrics when imputation 

techniques are employed, with MICE Imputation yielding the highest accuracy (81.24%), precision (69.80%), recall 

(58.40%), and F1-score (63.60%). This indicates that MICE Imputation is the most effective approach among the tested 

methods for enhancing model performance in churn prediction, while both k-NN and mean imputations also provide 

notable gains compared to no imputation. Figure 2 visualizes the comparative performance of XGBoost under different 

missing data handling strategies in terms of standard evaluation metrics. 

 

Figure 2 Model Performance Graphic 
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The comparison results reveal MICE Imputation as the most effective technique, achieving the highest accuracy at 81.24% 

and leading across all key metrics including precision, recall, and F1-score. This suggests that MICE offers notable 

improvements over other methods, making it particularly valuable in churn prediction scenarios. k-NN Imputation also 

delivers strong results, consistently performing well and showing substantial gains over mean imputation and the baseline 

with no imputation. Mean Imputation provides steady, moderate improvements, but does not match the more advanced 

techniques in terms of overall predictive power. 

All imputation strategies tested in this study outperform the approach of relying solely on XGBoost’s default missing 

value handling, as evidenced by both simulated results and metric comparisons in the table. This underscores the 

importance of thorough preprocessing and selection of appropriate methods when dealing with missing data in machine 

learning workflows. In particular, the superiority of MICE indicates that advanced, model-based imputation strategies 

can yield significant enhancements in accuracy and reliability of predictions, effectively supporting more informed 

decision-making for customer retention and resource optimization in telecommunication businesses. The detailed 

simulations and outcome measurements presented in the table offer a clear illustration of these improvements, guiding 

the choice of imputation method for practitioners. 

3.3 Confusion Matrix Analysis 

Below is the confusion matrix visualization representing the performance of XGBoost using four different imputation 

techniques for handling missing data. The confusion matrix is a tool commonly used in machine learning classification 

to evaluate how well the model's predictions align with actual outcomes by showing counts of true positives, true 

negatives, false positives, and false negatives. This visualization helps to clearly compare the effectiveness of each 

imputation method in predicting customer churn. As shown, the MICE method yields the highest true positive count and 

the lowest false negatives, indicating superior predictive ability compared to other methods. This analysis supports the 

improved recall and F1-Score metrics observed with MICE, demonstrating its benefit for churn prediction models. The 

confusion matrices for each imputation method are shown in Figure 3, providing a visual comparison of correct and 

incorrect classification patterns. 

 

Figure 3 Confussion Matrix 

The analysis of the confusion matrix demonstrates the clear effectiveness of the MICE imputation technique in improving 

the performance of the XGBoost classification model for churn prediction. Specifically, the use of MICE increases the 

number of true negatives to 1,325, compared to 1,289 when no imputation is used, and raises the true positives to 273, up 

from 227 without imputation. At the same time, MICE reduces the number of false positives to 62, a notable improvement 
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from the 98 observed with no imputation, and brings down the false negatives to 194 from 240. These changes reflect a 

significant enhancement in the model's ability to correctly classify both customers who stay and those who churn. 

Confusion matrix analysis shows that the MICE technique produces: 

1. True Negative: 1,325 (an increase from 1,289 without imputation) 

2. False Positive: 62 (a decrease from 98 without imputation) 

3. False Negative: 194 (a decrease from 240 without imputation) 

4. True Positive: 273 (an increase from 227 without imputation) 

A more detailed view of the classification outcomes for each imputation method is presented in Table 6, which lists the 

confusion matrix entries (true negatives, false positives, false negatives, and true positives). 

Table 6 Confussion Matrix data 

Metode True Negative False Positive False Negative True Positive 

No Imputation 1,289 98 240 227 

Mean Imputation 1,305 82 222 245 

k-NN Imputation 1,318 69 206 261 

MICE Imputation 1,325 62 194 273 

Table 5 presents a detailed breakdown of confusion matrix results for each imputation method, illustrating that MICE 

outperforms mean and k-NN imputations, as well as the baseline with no imputation, across all metrics. The matrix values 

show a consistent trend of increasing correct predictions and reducing misclassifications as more sophisticated imputation 

methods are applied. To highlight the relative improvement over the baseline without imputation, Figure 4 depicts the 

changes in accuracy, recall, and F1-score for each technique. 

 

Figure 4 Performance Improvement 

The summary line highlights that among all the approaches, MICE produces the highest true positive count (273) and the 

lowest false negative count (194), indicating that this method is particularly effective at correctly identifying customers 

likely to churn. This translates into a substantial recall improvement of 9.8% and a F1-score increase of 7.8%, as depicted 

in Figure 1. These performance gains are essential for improving the practical value of churn prediction models, especially 

in business contexts where early and accurate identification of potential churners enables more targeted interventions. 

The importance of each feature in the XGBoost model is visualized in Figure 5, showing which attributes contribute most 

to churn prediction. 
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Figure 5 Feature Importance Analysis 

Additionally, feature importance analysis reveals that tenure, or the duration of each customer's subscription, is the most 

significant factor influencing churn predictions. This is followed by monthly charges and total charges, confirming that 

both customer behavior over time and their billing characteristics are critical features for predicting churn, as shown in 

Figure 5. By combining advanced imputation with robust feature selection, the overall results strongly support the 

adoption of MICE and careful data preprocessing in future predictive analytics for telecommunications customer 

retention. 

3.4 Discussion 

The results demonstrate that: 

1. MICE provides the best performance with an accuracy improvement of 1.81% compared to no imputation. 

2. k-NN imputation shows good performance with steady improvements across all metrics. 

3. Mean imputation offers moderate but consistent gains. 

4. All imputation techniques outperform the approach without explicit imputation. 

This performance improvement indicates that although XGBoost has built-in capabilities for handling missing data, 

preprocessing with appropriate imputation techniques can add significant value. 

The superiority of MICE over mean and k-NN imputation can be attributed to its ability to model the joint distribution of 

the features through chained equations rather than treating each variable independently. By iteratively updating missing 

entries using regression models that condition on multiple predictors, MICE is better able to preserve multivariate 

relationships and interactions that are important for tree-based ensemble methods such as XGBoost. This behavior is 

consistent with previous empirical findings showing that model-based multiple imputation methods often outperform 

simpler univariate or distance-based approaches when feature interactions and nonlinearities play a significant role in 

prediction. 

In contrast, mean imputation ignores feature interactions and tends to shrink the variance of the affected variables, which 

can distort the decision boundaries learned by gradient-boosted trees. k-NN imputation partially accounts for local 

structure in the data but remains sensitive to the choice of distance metric and suffers from the curse of dimensionality as 

the number of features grows. The observed improvements in recall and F1-score obtained with MICE therefore align 

with established insights in the imputation literature and confirm that more expressive imputation strategies can 

significantly improve classification performance in real-world churn prediction scenarios. 

Similar trends have been reported in recent studies on multivariate imputation in healthcare and energy benchmarking 

datasets, where MICE-based approaches consistently achieved higher predictive performance compared to mean or k-NN 

imputation 

3.5 Practical Implications 

The findings have important practical implications for the telecommunications industry: 

1. Customer Retention Strategy: Higher accuracy models enable more precise identification of potential churners. 

2. Resource Optimization: Reducing false positives and false negatives optimizes resource allocation for retention 

programs. 

3. Decision Making: More accurate predictions support better strategic decision-making. 
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These insights highlight the advantage of applying sophisticated missing data treatments like MICE in churn prediction 

models to enhance business outcomes. 

4. CONCLUSION 

This study demonstrates that missing data imputation techniques significantly enhance the performance of the XGBoost 

algorithm in predicting customer churn within the telecommunications sector. Among the techniques evaluated, Multiple 

Imputation by Chained Equations (MICE) yielded the highest accuracy at 81.24%, outperforming other methods such as 

k-Nearest Neighbors (k-NN) and mean imputation, as well as the baseline approach without imputation. The consistent 

improvement in recall across imputation methods highlights the model’s enhanced capability to identify potential 

churners, which is critical for business strategies aimed at customer retention. While XGBoost inherently manages 

missing values to some extent, this research underscores the added value of thorough preprocessing using external 

imputation techniques to optimize predictive outcomes. 

Despite these promising results, the study faces some limitations, including the scope restricted to one dataset and a 

limited range of imputation methods tested. The findings may vary with other datasets or different imputation strategies 

not covered here. Additionally, the interaction effects between feature engineering and imputation were not extensively 

explored. Future research directions should consider evaluating advanced or hybrid imputation techniques, examining the 

impact of missing data across diverse datasets, and incorporating ensemble methods to further boost predictive 

performance. By addressing these areas, subsequent studies can build on this foundation to develop even more robust 

churn prediction models, offering greater practical utility to the telecommunications industry and beyond. 
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