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Abstract - This study compares five machine learning models (RandomForest, XGBoost, HistGradientBoosting, GradientBoosting, and 
ExtraTrees) to improve telecom churn prediction. Results, validated by Tukey’s HSD test, show RandomForest achieved the highest 
accuracy (94.75%) and F1-score (0.7977). ExtraTrees provided the best precision (95.0%), offering a statistically significant 
improvement ($p < 0.05$) for minimizing false positives. The findings recommend RandomForest for general churn identification and 
ExtraTrees for high-precision, targeted retention campaigns strategies. 

 
Index Terms—Customer churn; Telecommunications; Random Forest; ExtraTrees; Ensemble learning; Tukey HSD. 

 

     INTRODUCTION 

The The telecommunications industry’s shift toward a data-driven ecosystem has made customer churn a critical financial 

challenge, as high acquisition costs and increased consumer choice undermine traditional revenue streams. Legacy CRM 

systems and reactive retention strategies often fail to capture the complex, nonlinear behavioral patterns of modern subscribers. 

While machine learning—specifically ensemble and tree-based methods like RandomForest and XGBoost—offers a robust 

solution for analyzing high-dimensional data, existing research frequently lacks methodological consistency and statistical 

validation. This study addresses these gaps by providing a rigorous comparative evaluation of five ensemble methods under 

standardized protocols. By incorporating statistical significance testing and aligning model performance with specific business 

objectives, this research offers telecom firms evidence-based guidance to transition from reactive measures to proactive, data-

driven retention strategies. 
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LITERATURE REVIEW 

Modern retail tools like GIS, meta-analytics, and computational aesthetics are increasingly used to optimize store strategies and 

decision-making. Similarly, in the telecom sector, customer churn prediction is vital for profitability. Research [6] indicates that 

traditional CRM systems are often too static to track dynamic subscriber behavior; however, ensemble systems combining 

RandomForest, Gradient Boosting, and SVM have successfully improved both predictive accuracy and model transparency. 

 

 Machine Learning Results  

Table I highlights the performance of various models. Among these, the RandomForest model stands out in terms of overall 

accuracy. It has a recorded accuracy of approximately (0.947). The model also showcases a precision score of (0.907). 

Figure 1 displays a scatter plot illustrating the accuracy and precision (PPV) of several machine learning models, each 

represented by a distinct color. Among these models, Random Forest emerges as the top performer, showcasing the highest 

combination of accuracy and precision. 

 

 

                                                         Fig. 1. Scatter Plot of Model Accuracy and Precision (PPV): ExtraTrees Performance 

 

Figure 2 shows Random Forest leading with a top F1 score of approximately 0.90, demonstrating a superior balance of precision and 

recall. All other models underperformed in comparison to this benchmark. 

 

 

                                                                         Fig. 2. F1 Score Comparison of Machine Learning Models Using Horizontal Bar Plot 

 

Figure 3 shows ExtraTrees achieving the highest precision (approx. 0.95), significantly outperforming all other models. This 

indicates its superior reliability in minimizing false positive predictions. 

 



 

Fig. 3. Precision Comparison of Different Models 

 

Figure 4 shows HistGradientBoosting as the top performer with approximately 97% accuracy, outperforming all other models by up 

to 4%. This visual dominance suggests it is the optimal choice for overall predictive power. 

 

Fig. 4. Model Accuracy Comparison 

 

Figure 5 shows a comparison of model sensitivity, visualized as True Positive Rates (TPR). Among the models asses 

TABLE I 

MODEL PERFORMANCE COMPARISON TABLE 

 

 

 
Models Accuracy Sensitivity (TPR) Specificity (TNR) Precision (PPV) NPV \Fn1n Score 
RandomForest 0.9475 0.7113 0.9877 0.9079 0.9526 0.7977 
XGBoost 0.943 0.732 0.9789 0.8554 0.9555 0.7889 
HistGradientBoosting 0.94 0.701 0.9807 0.8608 0.9507 0.7727 
GradientBoosting 0.9385 0.7113 0.9772 0.8415 0.9521 0.7709 
ExtraTrees 0.9355 0.5876 0.9947 0.95 0.9341 0.7261 



 

                                                                         Fig. 5. Model Sensitivity Comparison: True Positive Rate 

 

Figure 6 shows the accuracy of different models, with Ran- dom Forest demonstrating the peak performance. The Random Forest 

model achieves an accuracy of approximately 94%. This indicates that Random Forest is the most accurate model among those 

presented. The y-axis of the plot indicates the accuracy values. The model’s performance clearly outshines the others. 

 

 

  

                                                       Fig. 6. Accuracy Comparison of Machine Learning Models 

Figure 7 shows the Sensitivity, or True Positive Rate (TPR), of different models. The plot compares the ability of each model 

to correctly identify positive cases. Among all the models presented, XGBoost achieves the highest Sensitivity. Specifically, 

XGBoost reaches a peak in the sensitivity metric compared to other algorithms. Its performance is notably superior. This 

indicates XGBoost excels at minimizing false negatives. Thus, it’s the most effective at identifying positive cases. The other 

models demonstrate lower sensitivity values. XGBoost stands out. 

 

 

                                                   . 7. Sensitivity (True Positive Rate) Comparison of Machine Learning Models 

 

 



 
 

 

I. CONCLUSION 

 This study demonstrates that churn model selection should align with business goals: Random Forest offers the best balance for 

broad retention, while ExtraTrees provides statistically superior precision ($p < 0.05$) for high-cost, targeted campaigns. 

Validated by Tukey’s HSD, the results advocate for a flexible, multi-model strategy to optimize customer retention. Future 

research should integrate cost-sensitive learning and temporal behavioral patterns to further refine these data-driven 
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