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Abstract: This study examines the efficacy of Random Forest and XGBoost classifiers in conjunction 
with three upsampling techniques—SMOTE, ADASYN, and Gaussian Noise Up-Sampling 
(GNUS)—across datasets with varying class imbalance levels, ranging from moderate (15% churn) to 
extreme (1% churn). Employing metrics such as F1-Score, ROC AUC, PR AUC, Matthews Correlation 
Coefficient (MCC), and Cohen’s Kappa, the research offers a comprehensive evaluation of classifier 
performance under different imbalance scenarios, with a focus on applications in the 
telecommunications domain. The findings highlight the consistent superiority of XGBoost paired 
with SMOTE, achieving the highest F1-Score and robust performance across all levels of class 
imbalance, including extreme cases. SMOTE proved to be the most effective upsampling method, 
particularly with XGBoost, enhancing learning from minority class instances. Random Forest, while 
adequate for moderate imbalances, struggled under severe imbalance, regardless of the upsampling 
method. ADASYN showed moderate effectiveness with XGBoost but underperformed with Random 
Forest, whereas GNUS demonstrated inconsistent results, lagging behind SMOTE and ADASYN. The 
study emphasizes the critical influence of data imbalance on model performance, revealing that 
metrics such as MCC, Kappa, and F1-Scores fluctuate significantly with increasing imbalance, while 
ROC AUC and PR AUC remain stable. Ultimately, XGBoost combined with SMOTE emerged as the 
most robust and effective strategy for addressing extreme class imbalance. 

Keywords: customer churn; different imbalance rates; XGBoost; Random Forest; sampling 
techniques 
 

Introduction 

In the dynamic realm of customer-centric industries, predicting and mitigating customer churn 
has become a critical challenge. Customer churn, defined as the discontinuation of a customer's 
association with a product or service, significantly affects a company's revenue and growth potential. 
Given the higher costs associated with acquiring new customers compared to retaining existing ones, 
businesses increasingly rely on machine learning (ML) models to develop robust churn prediction 
systems. These models enable the identification of at-risk customers, facilitating targeted 
interventions to improve retention and loyalty. 

This challenge spans multiple industries, including banking, insurance, and 
telecommunications. Within the telecommunications sector, a cornerstone of global socioeconomic 
development and a significant contributor to revenue generation, the financial scale reaches 
approximately $4.7 trillion annually [1,2]. The sector faces intense competition as companies strive to 
grow their market share by expanding customer bases. Customer retention has become a primary 
goal of customer relationship management (CRM) initiatives, as retaining customers is up to 20 times 
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more cost-effective than acquiring new ones [1]. Consequently, minimizing customer churn is 
essential for optimizing revenue and reducing marketing and advertising expenditures. 

The application of ML models in churn prediction has garnered substantial attention, addressing 
the binary classification task of identifying churn and non-churn customers. Popular models include 
Decision Trees [3,4,5,6,7,8,9,10,11], Artificial Neural Networks [3,4,10,11,12], Random Forests [13,14], 
Support Vector Machines [11], and advanced boosting techniques such as eXtreme Gradient Boosting 
(XGBoost) [15], Light Gradient Boosting Machine (LightGBM) [16], and Categorical Boosting 
(CatBoost) [17]. Each model exhibits distinct strengths and limitations, influenced by factors such as 
dataset characteristics, customer behavior complexity, and specific prediction objectives [18,19]. 

A major challenge in churn prediction arises from class imbalance, where churned customers 
are vastly outnumbered by non-churned customers. This imbalance skews model performance and 
affects predictive accuracy. To address this, various resampling techniques have been applied, 
including Synthetic Minority Over-sampling Technique (SMOTE) [20], Adaptive Synthetic Sampling 
(ADASYN) [21], Gaussian Noise Upsampling (GNUS) [22], and hybrid methods such as SMOTE 
combined with Tomek Links or Edited Nearest Neighbors (ENN) [24]. These techniques aim to 
balance datasets and improve model efficacy [25,26]. Furthermore, hyperparameter optimization 
techniques such as Grid Search, Random Search, and more advanced methods like Bayesian 
Optimization, Genetic Algorithms, and Hyperparameter optimization are critical for enhancing 
model performance [27,28]. 

Ensemble methods, particularly boosting and bagging algorithms, have proven highly effective 
in tackling classification problems [29,30,31,32,33]. While numerous studies have reviewed machine 
learning techniques for imbalanced datasets [25,34,35,36,37,38,39,40], none have examined their 
performance across datasets with varying levels of imbalance, ranging from moderate to extreme. 
This study fills that gap by evaluating the performance of supervised classifiers, specifically Random 
Forest and XGBoost, combined with over-sampling techniques such as SMOTE, ADASYN, and 
GNUS. The analysis spans datasets with churn rates ranging from 15% to 1%. To further improve 
predictive accuracy, Grid Search is employed for hyperparameter optimization in these imbalanced 
scenarios. 

This research provides a significant contribution to the field of customer churn prediction by 
undertaking a comprehensive evaluation of various supervised ML classifiers, specifically Random 
Forests and XGBoost. The study is uniquely focused on integrating these classifiers with advanced 
oversampling techniques such as SMOTE, ADASYN, and GNUS, while simultaneously leveraging 
Grid Search for hyperparameter optimization. This multifaceted analytical approach is designed to 
improve churn prediction accuracy, particularly in scenarios where datasets exhibit high levels of 
class imbalance—a common and critical challenge in real-world applications. 

The research fills an important gap in the existing literature, which, while extensive in its 
exploration of customer churn prediction, lacks a detailed analysis of how specific ML classifiers like 
XGBoost and Random Forest perform under varying degrees of dataset imbalance. Although 
sampling methods such as SMOTE, ADASYN, and GNUS are widely employed, there remains 
limited understanding of their interaction with these classifiers, particularly across datasets with 
different imbalance ratios. Furthermore, most prior studies have not adequately addressed the 
influence of dataset imbalance on predictive accuracy, nor have they thoroughly examined the 
robustness of these classifiers when combined with advanced sampling techniques and optimized 
hyperparameters. 

By systematically investigating these aspects, this study aims to bridge the knowledge gap and 
offer actionable insights into the performance dynamics of these models. The research evaluates the 
behavior of XGBoost and Random Forest in conjunction with sampling methods across a spectrum 
of imbalance scenarios, ranging from moderate to extreme. This detailed examination not only 
underscores the importance of dataset characteristics in determining model efficacy but also 
highlights the critical role of oversampling techniques and hyperparameter tuning in achieving 
accurate and reliable predictions. 
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The contributions of this paper are twofold. First, it provides a nuanced understanding of the 
interaction between ML classifiers, oversampling techniques, and dataset imbalance, which has 
implications for designing more effective churn prediction models. Second, it delivers a practical 
framework for practitioners in the telecommunications industry, enabling them to develop predictive 
systems that are better equipped to handle the challenges posed by highly imbalanced datasets. By 
doing so, this research supports the broader goal of improving customer retention strategies, 
reducing churn rates, and fostering sustainable growth within subscription-based businesses. 

 Background 

 Ensemble Machine Learning Techniques 

Ensemble learning, a cornerstone technique within the ML landscape, operates on the principle 
of synthesizing the predictions from multiple learning algorithms to form a more potent, composite 
model. This methodology leverages the collective strengths of various base learners, often simple or 
weak models, to construct an ensemble that surpasses the performance of any single model in 
isolation [41]. The foundational premise of ensemble learning is rooted in the notion that a diverse 
array of models, when judiciously combined, can compensate for individual weaknesses, leading to 
superior overall predictive capabilities [42, 43]. 

Contemporary research has firmly established ensemble learning as a quintessential approach 
for elevating the precision of predictive models in ML. Among its methodologies, bagging (Bootstrap 
Aggregating) such as Random Forest and boosting such as XGBoost stand out as two principal 
strategies, each designed to bolster model accuracy through distinct mechanisms [29,30]. Bagging 
aims to enhance model stability and accuracy by generating multiple subsets of data from the original 
dataset through bootstrapping. These subsets are then used to train multiple models, whose 
predictions are aggregated to produce a final decision, typically through majority voting for 
classification or averaging for regression tasks [44]. 

Boosting, on the other hand, sequentially trains models, where each subsequent model attempts 
to correct the errors of its predecessor. This technique incrementally builds a strong classifier from a 
series of weak ones, by focusing more heavily on instances that were previously misclassified, thus 
improving the model's accuracy on challenging cases [45]. Notable examples of boosting algorithms 
include AdaBoost (Adaptive Boosting) and Gradient Boosting machines, such as XGBoost which 
have been widely acknowledged for their effectiveness in various predictive tasks across different 
domains [46,47,48].  

The efficacy of ensemble methods extends beyond mere accuracy improvements. These 
techniques have also been shown to significantly reduce overfitting, a common pitfall in ML models, 
by introducing model diversity and focusing on robust generalization [49]. Furthermore, ensemble 
learning is adaptable to both classification and regression problems, making it a versatile tool in the 
ML toolkit. 

The strategic application of ensemble methods, particularly bagging and boosting, has led to 
notable advancements in predictive modelling, with numerous studies corroborating their 
effectiveness across a range of applications from bioinformatics to financial forecasting [50,51]. As 
ML continues to evolve, the exploration of novel ensemble techniques and their integration with 
emerging models and algorithms remains a vibrant area of research, promising further enhancements 
in predictive performance and model robustness. 

 

Random Forest 

The framework of Random Forest, initially conceptualized by Ho in 1995 [13], has undergone 
continual refinement and development, significantly propelled by Leo Breiman's contributions in 
2001 [14]. As a sophisticated ensemble learning methodology, Random Forest leverages an extensive 
collection of Decision Trees for performing classification tasks, with its predictive outcome derived 
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from the consensus across the multitude of trees. Typically, Random Forests are recognized for their 
enhanced performance metrics in comparison to singular Decision Tree models, although the efficacy 
of these forests can be markedly influenced by the specific attributes of the dataset in question. 

Incorporating the bagging (Bootstrap Aggregating) strategy within its algorithmic structure, 
Random Forests execute by generating multiple subsets from the original training set, 𝑇𝑆𝑛 =

{൫𝑥1. 𝑦
1
൯. ⋯ . ൫𝑥𝑛. 𝑦

𝑛
൯}, through bootstrap sampling. This process is iterated B times, each cycle selecting 

a bootstrap sample from 𝑇𝑆𝑛 and employing these samples to train distinct Decision Trees: 
From the training set, n examples, denoted as 𝑋𝑏, 𝑌𝑏, are sampled with replacement. 
A classification tree, pertinent to churn prediction scenarios, fb, is trained utilizing the bootstrap 

samples 𝑋𝑏, 𝑌𝑏. 
For predictions on new instances 𝑥′, Random Forest aggregates the decisions from all trained 

trees, with the final prediction, 𝑓ො, determined by averaging the votes across B trees for classification:  

𝑓መ =
1

𝐵
෍ 𝑓௕(𝑥ᇱ)

஻

௕ୀଵ

 
 

(1) 

Further enhancements and empirical studies have underscored Random Forest's robustness and 
versatility across diverse application domains, ranging from bioinformatics to financial analysis, 
where it has been particularly noted for its ability to handle high-dimensional data effectively while 
maintaining resistance to overfitting [52,53]. Moreover, recent innovations have explored 
modifications in tree construction and feature selection methods within the Random Forest 
algorithm, aiming to optimize performance further and reduce computational complexity [54,55]. 

These advancements affirm the significant role of Random Forest within the ensemble learning 
sphere, presenting it as a powerful tool for complex classification challenges, including but not 
limited to customer churn prediction, disease diagnosis, and financial risk assessment. 

XGBoost 

XGBoost, introduced by Chen and Guestrin [15], signifies a significant advancement in gradient 
boosting techniques, delivering exceptional flexibility, scalability, and computational efficiency. One 
of its key innovations is a novel regularization approach that reduces overfitting and improves the 
model's generalization ability. This approach incorporates an additional term into the loss function, 
effectively managing model complexity and enhancing robustness. Furthermore, the gain function in 
XGBoost optimizes the selection of splitting points within decision trees, thereby enhancing the 
model’s predictive accuracy and overall efficiency. Widely validated across diverse domains, 
XGBoost consistently demonstrates superior performance, representing a major milestone in gradient 
boosting methodologies [56]. Its objective function is defined as: 

ℒ(𝜙)

= ෍ 𝑙(𝑦௜, 𝑦௜
ᇱ)

௡

௜ୀଵ

+ ෍ Ω(𝑓௞)

௞

௞ୀଵ

 

 
(2) 

where 𝑙(𝑦௜ , 𝑦௜
ᇱ) is the loss function measuring the difference between actual (𝑦௜) and predicted 

(𝑦௜
ᇱ) values, and Ω(𝑓௞) = 𝛾𝑇 +

ଵ

ଶ
𝜆 ∑ 𝒲௝

ଶ்
௝ୀଵ  is a regularization term penalizing model complexity (𝑇: 

number of leaves, 𝒲௝ : leaf weights, 𝛾 , 𝜆 : regularization parameters). Predictions are made by 
summing the outputs of all 𝐾 trees: 

𝑦௜
ᇱ = ෍ 𝑓௞(𝑥௜)

௞

௞ୀଵ

 
 

(3) 
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XGBoost employs gradient-based optimization, using the first (𝑔௜) and second (ℎ௜) derivatives 
of the loss function with respect to the predictions: 

𝑔௜ =
𝜕𝑙(𝑦௜,  𝑦௜

ᇱ)

𝜕𝑦௜
ᇱ  

ℎ௜ =
𝜕ଶ𝑙(𝑦௜, 𝑦௜

ᇱ)

𝜕𝑦௜
ᇱଶ  

                       (4) 

To improve robustness and prevent overfitting, XGBoost incorporates regularization, shrinkage, 
and hyperparameter tuning. This framework enables efficient handling of high-dimensional data and 
imbalanced datasets, making it particularly effective for predictive tasks such as churn prediction.   

Imbalanced Data and Sampling Techniques 

Imbalanced datasets represent a widespread challenge within the realm of data mining, 
particularly manifesting in binary classification tasks where a significant disparity exists between the 
number of instances in the majority and minority classes. This discrepancy can lead to an imbalanced 
ratio ranging dramatically, from 1:2 to an extreme of 1:1000. In our study, we analyze datasets with 
varying levels of imbalance, showing a dominant majority class (non-churned) over the minority 
class (churned). The imbalances are 85% non-churned to 15% churned in dataset 1 (DS1), 90% non-
churned to 10% churned in dataset 2 (DS2), 95% non-churned to 5% churned in dataset 3 (DS3), and 
99% non-churned to 1% churned in dataset 4 (DS4). 

Such an imbalance inherently predisposes the development of a classifier that, while 
demonstrating high predictive accuracy for the majority class, unfortunately, yields poor 
performance when predicting the minority class outcomes. To mitigate these imbalances and foster 
a more equitable classifier performance across classes, the field has introduced a variety of sampling 
strategies. These strategies aim to modify the class distribution towards a more balanced state, 
thereby enhancing the fairness and effectiveness of the predictive model. Sampling techniques 
broadly fall into two primary categories: undersampling, which reduces the size of the majority class, 
and oversampling, which increases the size of the minority class, each with the goal of achieving a 
more balanced dataset [57]. 

Further exploration into these techniques reveals advanced methods such as SMOTE, ADASYN, 
and GNUS and the combination of oversampling with under-sampling strategies to not only balance 
the dataset but also to introduce more diversity and representativeness in the sample [20,21]. These 
methods have shown promise in improving model sensitivity towards the minority class without 
compromising the overall accuracy. Moreover, the integration of these sampling methods with 
sophisticated ML algorithms has been a subject of ongoing research, aiming to optimize the balance 
between recall and precision in predictive modeling [58,59]. 

The intricate challenge of handling imbalanced datasets necessitates a nuanced understanding 
of the impact of class distribution on model performance. It underscores the importance of selecting 
appropriate sampling techniques tailored to the specific characteristics of the dataset and the 
predictive task at hand. As such, the ongoing development and evaluation of novel sampling 
methodologies continue to be a crucial area of research, with significant implications for enhancing 
the robustness and fairness of ML models across various domains. 

SMOTE 

SMOTE, introduced by Chawla et al. in 2002 [20], is a prominent technique developed to address 
the issue of imbalanced datasets, a frequent challenge in data mining and machine learning. 
Imbalanced datasets occur when one class significantly outnumbers another, often leading to models 
biased towards the majority class. This imbalance is particularly problematic in applications like 
fraud detection and disease diagnosis, where accurately identifying the minority class is of critical 
importance. 

SMOTE improves dataset balance by generating synthetic instances for the minority class, rather 
than merely duplicating existing ones. Unlike traditional oversampling, SMOTE employs 
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interpolation, creating new samples by selecting a minority class instance and its nearest neighbors 
to generate variations within their feature space. This process increases the count and diversity of 
minority class instances, reducing the risk of overfitting associated with simple replication, as 
illustrated in the pseudocode below. 

The innovation of SMOTE lies in its ability to expand the decision boundary of the minority class 
by synthesizing new instances, thereby broadening the decision area and enhancing the model's 
adaptability to data variations. This improved sensitivity to the minority class is particularly valuable 
in contexts where identifying rare yet critical events is essential. 

Building on the foundational work of SMOTE, subsequent research has introduced numerous 
variants and adaptations to address specific data characteristics and challenges. For instance, 
Borderline-SMOTE focuses on creating synthetic samples near the decision boundary, where 
classification uncertainty is highest. This targeted approach aims to improve the classifier's accuracy 
in regions where minority class instances are most susceptible to misclassification. Similarly, methods 
like Safe-Level-SMOTE and ADASYN adaptively generate synthetic samples based on the 
distribution of the data, ensuring that the new instances are both representative and informative. 

Despite its many advantages, SMOTE is not without its limitations. Its effectiveness can depend 
on the underlying data distribution, and in some instances, it may introduce noise, particularly in 
datasets with scattered minority class instances or significant noise and outliers. To fully leverage 
SMOTE's benefits, careful preprocessing and consideration of the dataset's characteristics are often 
necessary. 

ADASYN 

ADASYN, introduced by He et al. in 2008 [21], represents a significant advancement in 
addressing class imbalance in machine learning and data mining. Building upon the foundation of 
SMOTE [5], ADASYN enhances the generation of synthetic samples for the minority class by 
adaptively focusing on regions where the classifier struggles due to class imbalance. Its primary 
objective is to dynamically adjust the data distribution by generating synthetic samples in areas with 
higher classification difficulty, thus improving the overall learning process. 

The key innovation of ADASYN lies in its weighting mechanism, which determines the number 
of synthetic samples to generate for each minority instance based on its learning difficulty. This 
difficulty is quantified by the density of majority class instances surrounding a minority instance; the 
more a minority instance is encircled by majority class instances, the greater the number of synthetic 
samples generated for it. By concentrating on the more challenging regions, ADASYN ensures that 
the synthetic instances significantly enhance the decision boundary's adaptability to the minority 
class, as illustrated in the pseudocode below. 

This targeted approach introduces a dynamic learning landscape, enabling the classifier to better 
handle class imbalances by emphasizing areas where improvements are most needed. ADASYN's 
adaptivity not only helps achieve a more balanced class distribution but also bolsters the classifier's 
ability to generalize over the minority class, improving predictive accuracy in highly imbalanced 
datasets. 

The versatility and efficacy of ADASYN have been demonstrated across various domains, 
highlighting its value in enhancing predictive performance in imbalanced scenarios. Unlike static 
oversampling methods, ADASYN fine-tunes synthetic sample generation based on the local learning 
difficulty, offering a more dynamic and effective approach to dataset balancing. 

However, as with other oversampling techniques, careful implementation of ADASYN is crucial 
to avoid potential drawbacks. Improper parameter tuning or reliance on local neighborhood density 
can sometimes result in synthetic samples being generated in suboptimal regions, particularly in 
datasets with complex distributions or significant class overlap. To maximize its benefits, thoughtful 
preprocessing and parameter adjustment are essential, ensuring that the method effectively 
addresses imbalance without introducing excessive noise into the dataset. 
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GNUS 

GNUS is an advanced method designed to address the pervasive issue of class imbalance in 
machine learning datasets [22]. Class imbalance occurs when certain classes, typically the minority 
classes, are significantly underrepresented, leading to biased predictions favoring the majority class. 
While traditional oversampling methods like SMOTE and ADASYN generate synthetic samples to 
balance the class distribution, these techniques can sometimes result in overfitting and fail to 
introduce sufficient variability in the synthetic data. 

GNUS seeks to overcome these limitations by introducing Gaussian noise to the feature space of 
minority class instances. This process generates synthetic samples that incorporate variability, 
enhancing the diversity of the minority class without merely replicating existing characteristics. 
Gaussian noise, characterized by its normal distribution, adds subtle but meaningful variations to 
minority instances, thereby creating new data points that better capture the complexity of the 
underlying data distribution. By doing so, GNUS helps mitigate overfitting and improves the model's 
ability to generalize to unseen data. 

Research has demonstrated the effectiveness of Gaussian noise in enhancing machine learning 
models across various contexts. For example, Salakhutdinov and Hinton highlighted the utility of 
Gaussian noise in improving the performance of Restricted Boltzmann Machines (RBMs) in their 
groundbreaking work on deep learning. Similarly, in the realm of data augmentation, Shorten and 
Khoshgoftaar emphasized how noise injection techniques, including Gaussian noise, contribute to 
model robustness by diversifying training data. By leveraging Gaussian noise, GNUS offers a 
promising approach for tackling class imbalance while maintaining model robustness and 
generalization, making it a valuable addition to the repertoire of techniques for handling imbalanced 
datasets. 

Hyperparameter Optimization 

Hyperparameter tuning, or hyperparameter optimization, is a critical step in the development 
of ML models, as it involves refining the parameters that govern the learning process and model 
structure. Proper optimization of hyperparameters is essential for maximizing model performance, 
as the choice of these parameters significantly impacts the algorithm's efficiency and effectiveness. 
Among the array of techniques available for hyperparameter optimization, two prominent 
methods—OPTUNA and Random Grid Search—stand out for their ability to explore the 
hyperparameter space and identify configurations that yield optimal performance. 

Random Grid Search is a relatively simple yet highly effective approach to hyperparameter 
tuning. Proposed as a more efficient alternative to exhaustive Grid Search, this method involves 
randomly sampling a subset of hyperparameter combinations from a predefined grid and evaluating 
model performance for each sampled combination [63]. As outlined by Bergstra and Bengio (2012) 
[63], Random Grid Search excels at efficiently covering the parameter space, particularly when 
dealing with a large number of hyperparameters. Unlike Grid Search, which evaluates all possible 
combinations in a grid, Random Grid Search focuses on a random subset, reducing computational 
overhead while retaining a high likelihood of identifying optimal hyperparameters. This simplicity, 
combined with its flexibility and minimal requirements for prior knowledge about the parameter 
space, makes Random Grid Search a versatile and widely applicable tool for hyperparameter tuning. 

OPTUNA, on the other hand, represents a more advanced and dynamic framework for 
hyperparameter optimization. Leveraging techniques such as Bayesian optimization, it adapts its 
search strategy based on past evaluations, allowing for efficient exploration of complex 
hyperparameter spaces [64,65]. OPTUNA’s ability to incorporate domain knowledge and 
dynamically adjust its optimization process makes it particularly well-suited for tasks with large and 
intricate hyperparameter spaces or when computational efficiency is paramount. 

Both methods—OPTUNA and Random Grid Search—offer distinct advantages depending on 
the task's requirements. OPTUNA provides a sophisticated and adaptable framework ideal for 
complex optimization challenges, while Random Grid Search offers a straightforward, accessible, and 
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computationally efficient alternative. The choice between these techniques typically depends on 
factors such as the complexity of the model, available computational resources, and the scope of the 
hyperparameter space. 

In this study, we employ Random Grid Search for hyperparameter tuning. Its simplicity and 
efficiency align well with the study's objectives, enabling effective exploration of the hyperparameter 
space while maintaining computational feasibility. By leveraging this technique, we aim to ensure 
optimal model performance while addressing the challenges of class imbalance and predictive 
accuracy. 

Evaluation Metrics 

In evaluating ML models, particularly classifiers, a comprehensive assessment incorporating 
both threshold and ranking metrics is essential for a thorough performance analysis. Threshold 
metrics focus on minimizing error rates by quantifying the discrepancies between predicted and 
actual class labels. These metrics are crucial for determining how well a classifier makes definitive 
predictions at a specific decision threshold. 

On the other hand, ranking metrics evaluate a classifier's ability to distinguish between classes 
by analyzing the scores or probabilities it assigns to instances. These metrics require the classifier to 
output a continuous score indicating the likelihood of class membership. By examining classifier 
performance across varying decision thresholds, ranking metrics provide insights into the model's 
capacity to prioritize positive instances over negatives consistently. 

A high-performing classifier is expected to demonstrate robustness across a range of thresholds, 
maintaining strong class differentiation. Such consistency not only minimizes classification errors but 
also results in higher rankings in performance evaluations, reflecting the model's overall effectiveness 
in distinguishing between classes and supporting decision-making in practical applications. 

Threshold Metrics 

Accuracy has traditionally been the default metric for evaluating ML models, but its reliability 
diminishes with imbalanced datasets. This is because accuracy primarily reflects the performance of 
the majority class, often neglecting the minority class's predictive success. In applications involving 
rare events, such as fraud detection or disease outbreak prediction, accuracy can present an overly 
optimistic view of performance. To address this, metrics like recall, precision, and the F-measure are 
indispensable for a more balanced evaluation, particularly for the minority class [66]. The confusion 
matrix, detailing true positives (TP), false positives (FP), false negatives (FN), and true negatives 
(TN), provides crucial insights into predictive accuracy across classes, highlighting areas for 
improvement in class-specific performance. 

Table 1. The Confusion Matrix. 

 
Predicted class 

Churners Non-churners 

Actual class 
Churners TP FN 

Non-churners FP TN 
Precision, recall, and accuracy, as derived from Table 1, provide a comprehensive evaluation of 

model performance. Precision measures the quality of positive class predictions, recall assesses their 
completeness, and accuracy reflects the overall correctness of the model's predictions: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

(5) 
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𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

(6) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

=
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
 

(7) 

Nevertheless, precision and recall alone may provide an incomplete picture, potentially leading 
to misleading conclusions. To address this, the F-measure combines precision and recall into a single 
metric, offering a balanced performance indicator that accounts for both aspects: 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

(8) 

The closer the F-measure is to 1, the more effectively the model balances precision and recall, 
reflecting superior overall performance [67]. 

The Matthews Correlation Coefficient (MCC), introduced by Brian W. Matthews in 1975 [68], is 
a robust metric for evaluating binary classification models. Unlike other metrics, MCC considers all 
four components of the confusion matrix—true positives (TP), false positives (FP), true negatives 
(TN), and false negatives (FN)—providing a comprehensive evaluation. It is particularly effective for 
imbalanced datasets, as it offers a balanced assessment regardless of class sizes. MCC is 
mathematically defined as follows: 

𝑀𝐶𝐶

=
(𝑇𝑃 × 𝑇𝑁) − (𝐹𝑃 × 𝐹𝑁)

ඥ(𝑇𝑃 + 𝐹𝑃)(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃)(𝑇𝑀 + 𝐹𝑁)
 

(9) 

The MCC value ranges from -1 to 1, where 1 signifies perfect prediction, 0 indicates performance 
equivalent to random guessing, and -1 represents complete disagreement between predictions and 
actual observations [68]. This characteristic makes MCC especially valuable for evaluating 
imbalanced datasets, where metrics like accuracy often fail to provide reliable insights [68,69]. 

Cohen's Kappa is a statistical measure that evaluates inter-rater agreement for categorical 
variables. Unlike simple percent agreement, Cohen's Kappa accounts for the possibility of agreement 
occurring by chance, making it a more robust metric. Cohen's Kappa is mathematically defined as: 

𝑘 =
𝑝଴ − 𝑝௘

1 − 𝑝௘
 (10) 

Where 𝑝଴ represents the observed agreement between raters and 𝑝௘ denotes the hypothetical 
probability of chance agreement, calculated based on observed data frequencies. The value of Cohen's 
Kappa ranges from -1 to 1, with 1 indicating perfect agreement, 0 signifying no agreement beyond 
chance, and negative values reflecting agreement worse than random chance [70, 71]. 

Cohen's Kappa is extensively applied across fields such as healthcare, psychology, and, more 
recently, machine learning. In the context of ML, it is particularly valuable for evaluating 
classification model performance when class distributions are imbalanced. By accounting for random 
chance, Cohen's Kappa provides deeper insights into model reliability, assessing the agreement 
between predicted and actual classifications beyond what would be expected by chance [72, 73]. 

Ranking Metrics 

The Receiver Operating Characteristic (ROC) Curve and the Area Under the ROC Curve (ROC 
AUC) are pivotal metrics in churn prediction and similar fields. The ROC Curve visualizes the trade-
off between the true positive rate (TPR or recall) and the false positive rate (FPR) across various 
classification thresholds, providing a comprehensive evaluation of a classifier's ability to distinguish 
between classes: 
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𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑅𝑎𝑡𝑒 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

(11) 

 

𝐹𝑎𝑙𝑠𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑅𝑎𝑡𝑒 =
𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 

(12) 

A model with no predictive ability produces a ROC curve that aligns with the diagonal line of 
no-discrimination, while a perfect model's ROC curve reaches the top-left corner, signifying 
maximum TPR and minimal FPR. The ROC AUC metric, which quantifies the area under the ROC 
curve, measures this performance, with values closer to 1 indicating superior model effectiveness, as 
depicted in Figure 1. 

 

Figure 1. The ROC curve. 

 

 

Figure 2. The Precision-Recall curve. 

For highly imbalanced datasets, however, the Precision-Recall (PR) Curve and the Area Under 
the PR Curve (PR AUC) are often more informative. Unlike the ROC Curve, the PR Curve emphasizes 
the minority class by illustrating the trade-off between precision and recall, providing critical insights 
where the ROC curve might present an overly optimistic view [74], as depicted in Figure 2. 

This paper adopts a comprehensive framework for evaluating ML models, synthesizing insights 
from both threshold metrics (e.g., precision, recall, and F1-score) and ranking metrics (e.g., ROC AUC 
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and PR AUC). By integrating these perspectives, the study ensures a holistic understanding of model 
performance, with a particular focus on accurately predicting minority class instances and addressing 
the challenges of imbalanced datasets. 

When evaluating multiple ML models across four datasets with varying levels of class imbalance 
ranging from moderate (15% churned) to extremely high imbalance (1% churned)—it is essential to 
use metrics that accurately reflect the models' ability to handle imbalanced data and predict minority 
class instances. The selected metrics include: 

 F1-Score: Combines precision and recall through their harmonic mean, offering a balanced 
evaluation suited for imbalanced datasets. 

 ROC AUC: Measures a classifier's ability to distinguish between classes across thresholds, 
indicating its capacity to prioritize positive over negative instances. 

 PR AUC: Particularly effective for extreme imbalances, focusing on minority class 
performance and highlighting precision-recall trade-offs. 

 MaĴhews Correlation Coefficient (MCC): Provides a balanced assessment by considering 
all confusion matrix elements, making it effective for datasets with significant class imbalances. 

 Cohen’s Kappa: Adjusts for chance agreement, offering a nuanced evaluation of classifier 
performance. 

Given the highly imbalanced nature of the datasets, accuracy is not included as it can 
misrepresent model performance. Precision and recall are also excluded as standalone metrics since 
their combined effect is adequately captured by the F1-Score. This evaluation framework—
comprising F1-Score, ROC AUC, PR AUC, MCC, and Cohen’s Kappa—ensures a comprehensive 
assessment of both overall model accuracy and the ability to identify rare events, such as customer 
churn, in imbalanced datasets. 

Datasets 

Data Description 

In the scope of this investigation, four datasets from publicly accessible sources were utilized, 
hereinafter referred to as Ds1, DS2, DS3, and DS4. Dataset 1 was sourced from the Kaggle platform 
and encompasses 4,250 records alongside 20 attributes, as depicted in the below table. This dataset is 
characterized by its heterogeneity, comprising both categorical and numerical types of data; 
specifically, it includes 15 numerical attributes and 5 categorical attributes. The content of the dataset 
encompasses a wide range of customer information, such as demographic details, service 
subscriptions (e.g., contract duration), technical support interactions, and financial transactions (e.g., 
total charges incurred by the customer). The distribution of the classes within this dataset reveals a 
churn to non-churn ratio of 1:7, with the churn category constituting approximately 15% of the data. 

Datasets 2, 3, and 4 are produced from dataset 1 to have datasets with different level of imbalance 
rates. We used KMeans algorithm to remove number of instances in the minority class and create a 
dataset  with 90% non-churned and 10% churned as DS2, 95% non-churned and 5% churned as DS3, 
and 99% non-churned and 1% churned as DS4.  

Table 2. The names and types of different variables in the churn dataset. 

Variable Name (Meaning) Type 

state, (the US state of customers) string 

account_length (number of active months) numerical 

area_code, (area code of customers) string 
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Variable Name (Meaning) Type 

international_plan, (whether customers have international plans) yes/no 

voice_mail_plan, (whether customers have voice mail plans) yes/no 

number_vmail_messages, (number of voice-mail messages) numerical 

total_day_minutes, (total minutes of day calls) numerical 

total_day_calls, (total number of day calls) numerical 

total_day_charge, (total charge of day calls) numerical 

total_eve_minutes, (total minutes of evening calls) numerical 

total_eve_calls, (total number of evening calls) numerical 

total_eve_charge, (total charge of evening calls) numerical 

total_night_minutes, (total minutes of night calls) numerical 

total_night_calls, (total number of night calls) numerical 

total_night_charge, (total charge of night calls) numerical 

total_intl_minutes, (total minutes of international calls) numerical 

total_intl_calls, (total number of international calls) numerical 

total_intl_charge, (total charge of international calls) numerical 

number_customer_service_calls, (number of calls to customer 
service) 

numerical 

churn, (customer churn—the target variable) yes/no 

Data Preprocessing 

The data preprocessing journey begins with a rigorous approach to removing outliers, a crucial 
step in ensuring the dataset's robustness and reliability. A custom-designed function, aptly named 
remove_outliers, takes center stage in this process. This function operates systematically, meticulously 
analyzing each specified feature in the dataset to identify and mitigate the impact of extreme values. 

The process starts by calculating the first (Q1) and third quartiles (Q3) for each feature. These 
quartiles, representing the 25th and 75th percentiles, respectively, provide a snapshot of the data's 
central tendency and spread. From these values, the interquartile range (IQR) is determined, 
encapsulating the middle 50% of the data. The IQR serves as the benchmark for identifying outliers, 
as it forms the basis for establishing upper and lower bounds. The upper bound is set as 𝑄3 +

1.5 × 𝐼𝑄𝑅, while the lower bound is defined as 𝑄3 − 1.5 × 𝐼𝑄𝑅. Any data points falling outside these 
bounds are flagged as outliers. Once identified, these outliers are addressed thoughtfully. Instead of 
removing them, the function replaces their values with the feature’s median, a robust measure of 
central tendency that is less influenced by extreme values. This approach neutralizes the outliers' 
impact while preserving the dataset's integrity, ensuring no valuable information is lost. With all 
features processed, the function returns a refined dataset, primed for accurate and reliable analysis. 
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The next phase involves handling categorical variables, transforming them into numerical 
representations suitable for machine learning models. The process begins with specific columns, such 
as area_code, international_plan, voice_mail_plan, and churn, being mapped from their original string 
formats to numerical codes. For instance, area_code values are translated into their corresponding 
numerical identifiers (e.g., 415, 408, 510), while binary attributes like international_plan and churn are 
encoded as 1 for "yes" and 0 for "no." The transformation extends to the state column, which, while 
categorical, lacks an inherent ordinal relationship. Here, an OrdinalEncoder assigns unique integers 
to each state, converting it into a format compatible with machine learning algorithms. This process 
ensures that all categorical features are seamlessly integrated into the dataset. 

The final step focuses on the normalization of numerical variables, ensuring that every feature 
contributes equally to the model’s performance by standardizing their scales. A subset of the dataset 
containing only numerical features is isolated, including the newly encoded categorical variables. To 
normalize these features, the MinMaxScaler from scikit-learn is applied. This scaler transforms each 
value to a range between [0, 1], calculated by subtracting the feature’s minimum value from the 
current value and dividing by the range (i.e., the difference between the maximum and minimum 
values). The transformed values maintain the dataset’s original distribution patterns while ensuring 
that all features are on a comparable scale. Formally, this is represented as: 

𝑢௜
ᇱ =

𝑢௜ − min (𝑢)

max(𝑢) − min (𝑢)
 (13) 

In this formula, min (𝑢) and max(𝑢)  represent the minimum and maximum values of the 
𝑖௧௛  feature, respectively, while 𝑢௜

ᇱ denotes the normalized value of the feature after transformation. 
The normalized features are then reassembled into a new pandas DataFrame, with column names 
preserved for clarity and consistency. This carefully processed data, now rid of outliers, encoded for 
numerical compatibility, and normalized for uniformity, is ready for analysis. With its structural 
integrity intact and its features optimized, the dataset stands as a robust foundation for the 
application of machine learning algorithms, ensuring accurate and meaningful insights in subsequent 
research.  

Methods  

The research methodology was systematically divided into six distinct phases: data 
preprocessing, feature engineering, the creation of imbalanced datasets, model selection and 
application of upsampling techniques, model training and hyperparameter tuning, and model 
evaluation and comparison using unseen test data across four datasets with varying levels of 
imbalance, as illustrated in Figure 3. All analyses and practical implementations were performed 
using the open-source programming language Python, incorporating libraries such as Numpy [76], 
Pandas [77], Matplotlib [78], Imblearn [79], Scikit-learn [80], among others. The work was conducted 
within the Jupyter Notebook environment on an Apple MacBook Air M2 with 16 GB of RAM, 
ensuring a robust computational setup for the study. This computational setup provided a robust 
platform for managing the datasets and executing the complex data analysis and ML model 
development required for the study. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 January 2025 doi:10.20944/preprints202501.2274.v1

https://doi.org/10.20944/preprints202501.2274.v1


 14 of 33 

 

Figure 3 Methodology steps of the study. 

The study addresses two critical questions within the telecommunications domain related to 
customer churn prediction. The first question seeks to identify the machine learning techniques most 
effective for predicting customer churn in highly imbalanced datasets. The second question examines 
the extent to which oversampling techniques—such as SMOTE, ADASYN, and GNUS—enhance the 
predictive accuracy of these models. To ensure credible and generalizable results, a substantial 
volume of data was analyzed. 

To address these questions effectively, several research strategies were considered. The primary 
criterion for the chosen methodology was its ability to yield reliable and accurate answers to the 
research questions. Ultimately, an experimental research strategy was adopted, focusing on 
investigating specific factors influencing customer churn prediction. These factors include various 
machine learning algorithms and oversampling techniques. In this experimental setup, the 
independent variables are the machine learning algorithms and oversampling methods, while the 
dependent variable is the accuracy of churn prediction. 

The experimental research approach was selected for its ability to ensure reproducibility, 
precision, and credibility in the findings, as it systematically examines the impacts of the independent 
variables on the dependent variable [81]. Given the characteristics of the data and the specificity of 
the techniques employed, this approach was determined to be the most suitable for the study's 
objectives. 

Splitting Data 
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The datasets were partitioned into training and testing subsets, with 70% allocated for training 
and 30% for testing. This partitioning was performed using the stratified train-test split functionality 
available in Python's Scikit-learn Model Selection library. The stratified split ensures that the class 
distribution proportions in the original dataset are preserved in both subsets. This approach is critical 
for maintaining class balance, enabling the model to be trained and evaluated on data that accurately 
reflects the overall dataset's distribution. 

Following the partitioning, the training subset underwent a 10-fold cross-validation process. 
This technique divides the training data into 10 equal segments, iteratively using nine folds for 
training and one for validation in each cycle. This comprehensive approach allows for an in-depth 
evaluation of model performance, helping to enhance the robustness and generalizability of the 
predictive models by mitigating overfitting and ensuring the model performs well across various 
data subsets. 

In the final phase, the previously set-aside testing dataset was utilized for a thorough evaluation 
of the predictive capabilities of the final models. This step provided a realistic assessment of the 
models' performance on unseen data, offering valuable insights into their potential applicability and 
effectiveness in real-world scenarios. 

Feature Selection 

Feature engineering is a critical component in the development of machine learning (ML) 
models, involving the transformation and creation of new features from existing ones to optimize the 
feature space. The primary goal is to derive variables that can enhance model performance by 
providing the algorithm with more meaningful or refined inputs. This process offers several 
advantages, including reducing the risk of overfitting, simplifying model complexity, and conserving 
computational resources. While feature engineering may sometimes compromise model 
interpretability, it accelerates the learning process and mitigates redundant covariances among 
features, contributing to more robust models [82]. 

In this study, feature engineering commenced with the classification of features into numerical 
and categorical groups based on their data types. This initial step was crucial for applying 
appropriate transformation and preprocessing techniques suited to each type. An in-depth 
correlation analysis followed, focusing specifically on the numerical features. By examining the 
relationships among these features, the analysis aimed to uncover potential redundancies or 
interdependencies that could negatively impact the models. 

Special attention was given to identifying numerical features with high interdependence. 
Features that exhibited strong correlations with others were flagged as potentially redundant, as they 
might not provide unique or additional value to the models. Furthermore, such redundancies could 
introduce noise or unnecessary complexity, detracting from the model's overall performance. Based 
on this analysis, a strategic subset of features was selected for removal. The decision to eliminate 
these features was driven by the intent to streamline the dataset, ensuring that the remaining features 
contributed distinct and valuable information to the learning process. 

To achieve this, the study employed a correlation matrix of the numerical features, visualized 
through a heatmap. This visual representation facilitated the identification of highly correlated 
variables, making it easier to pinpoint features for removal. By reducing the duplication of 
information and eliminating redundant variables, the dataset was refined to optimize its utility for 
ML models. 

This meticulous feature engineering process resulted in a more concise and meaningful dataset. 
The streamlined feature set reduced complexity and enhanced the efficiency and effectiveness of the 
models, ultimately aiming to improve predictive accuracy. With the refined dataset, the study 
proceeded to the subsequent phases of model training and evaluation, laying a strong foundation for 
robust and high-performing ML models. 

Creating Highly Imbalanced Datasets 
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To thoroughly evaluate the performance of our models and sampling techniques, we 
constructed highly imbalanced datasets derived from the existing data. This involved two distinct 
methodologies: a random sampling approach and KMeans clustering. These approaches were 
designed to create varying levels of imbalance, providing a robust framework for testing the 
effectiveness of the models and sampling strategies under different conditions. 

Random Approach to Reduce Minority Instances 

The random approach creates highly imbalanced datasets by selectively reducing the number of 
minority class instances (churn) while preserving the majority class instances (non-churn). This 
method replicates extreme imbalance scenarios, providing a robust framework for testing model 
performance under challenging conditions. 

Selectively Reduce Minority Instances: A subset of the minority class is randomly selected to 
achieve the desired imbalance ratio. This ensures that the minority class size aligns with the targeted 
level of imbalance. 

Maintain Majority Class: The majority class remains unchanged, ensuring that the overall 
dataset size is not significantly affected. 

Random Sampling: The DataFrame.sample() function is used with a specified random_state to 
ensure reproducibility. The n parameter is adjusted to control the number of minority class instances 
retained. 

Shuffling: After combining the reduced minority class and the unchanged majority class, the 
dataset is shuffled to eliminate any order-based biases that could influence the training phase. 

This approach, though simple and efficient, may result in the loss of valuable information 
contained in the minority class. Therefore, validating the generalizability of models trained on such 
imbalanced datasets is crucial to ensure their applicability to real-world scenarios. This step is 
essential to assess whether the models can maintain their predictive performance despite the loss of 
some minority class information. 

KMeans Clustering for Minority Class Reduction 

The KMeans clustering approach offers a more sophisticated method for addressing class 
imbalance by grouping minority class instances into clusters and retaining only the centroids of these 
clusters. This technique aims to preserve the representative characteristics of the minority class while 
reducing the dataset size. 

Clustering and Centroid Selection: Minority class instances are grouped into clusters using 
KMeans clustering, with each cluster containing a predefined number of instances (e.g., ten per 
cluster). The centroid of each cluster is then retained as a representative of that group. 

Preservation of Information: By focusing on centroids, this method attempts to maintain the 
central characteristics of the minority class, potentially preserving more informative features 
compared to random removal. 

Risk of Over-Simplification: The effectiveness of this approach depends on the assumption that 
centroids can adequately represent the minority class. This assumption may not hold for datasets 
where the minority class is highly variable or poorly clustered. 

The clustering-based approach provides a more strategic alternative to random sampling by 
retaining the shape of the minority class in the feature space, potentially leading to better model 
training. However, it demands additional computational resources and careful selection of the 
number of clusters to balance informativeness and complexity. 

A comprehensive evaluation was conducted to compare the effectiveness of the random 
approach and the KMeans clustering method for creating highly imbalanced datasets. Experimental 
results demonstrated that the KMeans clustering approach consistently outperformed random 
selection. Models trained on datasets created using KMeans clustering exhibited superior 
performance, indicating that this method is better suited for handling imbalanced datasets in churn 
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prediction. As a result, the study adopts the KMeans clustering approach as the primary method for 
addressing class imbalance. 

Class Imbalance 

In churn prediction, datasets often exhibit significant class imbalances, stemming from the 
relatively lower incidence of customer churn compared to those who continue using services. This 
imbalance creates a critical challenge for ML models, which tend to favor the majority class, thereby 
neglecting the minority class. Such bias undermines predictive accuracy, particularly in detecting 
churn, which is typically the primary focus. In this study, the datasets revealed notable class 
imbalances, with churn rates of approximately 15% in dataset 1, 10% in dataset 2, 5% in dataset 3, 
and as low as 1% in dataset 4. 

To address this issue, the study employed a strategic approach utilizing three advanced 
oversampling techniques: SMOTE, ADASYN, and GNUS. These methods are designed to augment 
the representation of the minority class, thereby creating a more balanced dataset for training. By 
increasing the presence of churn instances, these techniques enhance the model's ability to learn 
patterns associated with customer churn, mitigating the adverse effects of class imbalance. 

A pivotal element in implementing these oversampling techniques was their restriction to the 
training dataset within the context of 10-fold cross-validation. This strategy involved applying 
oversampling exclusively to nine of the folds while reserving the tenth fold for evaluation. This 
careful segmentation ensures that the evaluation data remains unaltered, avoiding inflated 
performance estimates that could arise from oversampling being applied indiscriminately across the 
entire dataset. By confining oversampling to the training phase, the study minimized the risk of 
overfitting and ensured a more realistic and generalizable assessment of model performance. 

This deliberate and methodical approach underscores the importance of addressing class 
imbalance in churn prediction datasets. By integrating oversampling techniques into the cross-
validation framework, the study aimed to develop ML models that are both robust and sensitive to 
the intricacies of churn behavior, ultimately contributing to more accurate and reliable predictive 
performance. 

Results and Discussion 

Results on DS1 with 15% Churn Ratio 

The evaluation shows that the tuned XGBoost model consistently outperforms Random Forest, 
particularly when paired with the SMOTE upsampling technique. Under SMOTE, XGBoost achieves 
the highest scores across all key metrics, including a 4% higher F1-Score, a 6% higher PR-AUC, and 
notable improvements in Kappa and MCC (5% and 4%, respectively). This demonstrates the strong 
synergy between XGBoost's advanced learning capabilities and SMOTE's synthetic sample 
generation. 

Using ADASYN, XGBoost shows moderate improvements over Random Forest, with a 1% 
higher F1-Score and a significant 7% advantage in PR-AUC, though both models exhibit similar 
Kappa statistics. GNUS is the least effective upsampling method, with both models performing 
equally in F1-Score and Kappa, but XGBoost still maintains modest gains in ROC-AUC (4%) and PR-
AUC (3%). 

Overall, SMOTE-enhanced XGBoost delivers the best performance, significantly surpassing 
ADASYN and GNUS in addressing class imbalance. These findings, detailed in Table 3 and Figure 4, 
affirm SMOTE as the most effective technique and XGBoost as the most robust model for this dataset. 

Table 3. Evaluation metrics of the models for DS1 with a 15% churn ratio. 

Models/Metrics 
F1-

Score% 
ROC-

AUC% 
PR-

AUC% 
Kappa% MCC%
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Tuned_RF_ADASYN 62 84 65 56 57 
Tuned_XGB_ADASYN 63 86* 72 56 56 
Tuned_RF_SMOTE 64 85 67 58 59 
Tuned_XGB_SMOTE 68* 86* 73* 63* 63* 
Tuned_RF_GNUS 61 81 65 56 57 
Tuned_XGB_GNUS 61 85 68 56 58 

  

Figure 4. The ROC and PR Curves for different combinations of models and upsampling methods with a 15% of 
churn ratio. 

Results on DS2 with 10% Churn Ratio 

The analysis reveals that the tuned XGBoost model paired with SMOTE consistently achieves 
the highest performance across all metrics, including F1-Score, PR-AUC, Kappa, and MCC. SMOTE 
proves to be the most effective upsampling method, enabling XGBoost to significantly outperform 
Random Forest, particularly with a 7% higher F1-Score and 8% higher Kappa statistic. 

With ADASYN, XGBoost maintains an advantage, achieving a 3% higher F1-Score and a slight 
improvement in PR-AUC over Random Forest. However, both models show equal ROC-AUC 
performance under this technique. GNUS, by contrast, favors Random Forest, which outperforms 
XGBoost in most metrics, highlighting GNUS's limited compatibility with XGBoost. 

Overall, SMOTE-enhanced XGBoost emerges as the optimal approach for addressing class 
imbalance, consistently delivering the best results, as summarized in Table 4 and illustrated in Figure 
5. 

Table 4. Evaluation metrics of the models for second dataset with 10% churn ratio. 

Models/Metrics 
F1-

Score% 
ROC-

AUC% 
PR-

AUC% 
Kappa% MCC%

Tuned_RF_ADASYN 68 88 71 65 67 
Tuned_XGB_ADASYN 71 88 73 68 69 
Tuned_RF_SMOTE 67 88 74 64 66 
Tuned_XGB_SMOTE 74* 89* 77* 72* 73* 
Tuned_RF_GNUS 60 86 64 55 55 
Tuned_XGB_GNUS 56 84 65 50 51 
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Figure 5. The ROC and PR Curves for different combinations of models and upsampling methods with 10% of 
churn ratio. 

Results on DS3 with 5% Churn Ratio 

The analysis highlights the consistent superiority of the 
tuned XGBoost model over Random Forest across all 
upsampling techniques, particularly with SMOTE. Under 
SMOTE, XGBoost achieves the highest overall 
performance, including a 5% higher F1-Score (75%), a 7% 
higher PR-AUC (79%), and significant gains in Kappa and 
MCC (6% and 5%, respectively). This combination 
demonstrates the strong synergy between XGBoost's 
advanced learning capabilities and SMOTE's ability to 
generate effective synthetic samples. 

With ADASYN, XGBoost outperforms Random Forest 
by 5% in F1-Score and PR-AUC, while both models achieve 
an equal ROC-AUC of 90%. Additionally, XGBoost shows 
notable improvements of 6% in Kappa and MCC, reflecting 
its stronger predictive reliability. GNUS reveals the largest 
performance gap, where XGBoost outshines Random 
Forest with an 11% higher F1-Score, a 15% improvement in 
PR-AUC, and double-digit gains in Kappa and MCC. 

Overall, SMOTE emerges as the most effective 
upsampling technique, delivering the best results for both 
models, especially XGBoost. While ADASYN provides 
moderate benefits, GNUS proves less effective overall, 
though XGBoost demonstrates remarkable resilience under 
this technique. The combination of tuned XGBoost with 
SMOTE achieves the highest scores across all metrics, 
affirming its robustness and suitability for handling 
extreme class imbalance. Results are detailed in Table 5 and 
illustrated in Figure 6. 

Table 5. Evaluation metrics of the models for third dataset with 5% churn ratio. 
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Models/Metrics 
F1-

Score% 
ROC-

AUC% 
PR-

AUC% 
Kappa% MCC%

Tuned_RF_ADASYN 65 90 71 63 63 
Tuned_XGB_ADASYN 70 90 76 69 69 
Tuned_RF_SMOTE 70 92 72 68 69 
Tuned_XGB_SMOTE 75* 93* 79* 74* 74* 
Tuned_RF_GNUS 57 90 62 54 55 
Tuned_XGB_GNUS 68 93* 77 66 66 

Figure 6. The ROC and PR Curves for different combinations of models and upsampling methods with 5% of 
churn ratio. 

Results on DS4 with 1% Churn Ratio 

The evaluation highlights the tuned XGBoost model's remarkable superiority over Random 
Forest across all upsampling techniques, particularly in scenarios of extreme class imbalance. With 
ADASYN, XGBoost achieves significantly higher F1-Score and Kappa (80% vs. 47%) and a substantial 
25-point advantage in MCC (80% vs. 55%), despite both models achieving a perfect ROC AUC of 
100%. XGBoost also demonstrates a slight edge in PR AUC, scoring 95% compared to Random 
Forest's 94%. 

SMOTE further amplifies the performance gap, with XGBoost reaching an F1-Score and Kappa 
of 92%, outperforming Random Forest by 36%. XGBoost also surpasses Random Forest in PR AUC 
by 4% (97% vs. 93%) and MCC by 30 points (92% vs. 62%), while maintaining a perfect ROC AUC of 
100%. These results confirm the effectiveness of combining SMOTE with XGBoost in handling 
extreme class imbalance. 

The largest performance differences emerge with GNUS. XGBoost achieves an F1-Score of 74%, 
47% higher than Random Forest, and a PR AUC of 86%, vastly outperforming Random Forest's 20%. 
XGBoost also achieves a 41-point lead in MCC (74% vs. 33%) and a 7% higher ROC AUC (99% vs. 
92%). These findings highlight XGBoost’s robustness, even under less effective upsampling methods 
like GNUS. 

Overall, SMOTE-enhanced XGBoost delivers the highest performance across all metrics, 
establishing itself as the most effective strategy for this dataset with a 1% churn rate. While ADASYN 
provides moderate improvements for XGBoost, it yields far lower results for Random Forest. GNUS 
is the least effective for Random Forest, but XGBoost consistently demonstrates resilience. The results, 
presented in Table 6 and Figure 7, emphasize the critical importance of pairing advanced models like 
XGBoost with effective upsampling techniques to address extreme class imbalance. 

Table 6. Evaluation metrics of the models for forth dataset with 1% churn ratio. 

Models/Metrics 
F1-

Score% 
ROC-

AUC% 
PR-

AUC% 
Kappa% MCC% 
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Tuned_RF_ADASYN 47 100* 94 47 55 
Tuned_XGB_ADASYN 80 100* 95 80 80 
Tuned_RF_SMOTE 56 100* 93 55 62 
Tuned_XGB_SMOTE 92* 100* 97* 92* 92* 
Tuned_RF_GNUS 27 92 20 25 33 
Tuned_XGB_GNUS 74 99 86 74 74 

  

Figure 7. The ROC Curve for different combinations of models and upsampling methods with 1% churn ratio. 

Analysis of Average Performance and Variability 

Tables 7 and 8 provide a comprehensive analysis of the effectiveness and consistency of various 
machine learning models and upsampling techniques applied to datasets with differing churn ratios. 
These results reveal distinct patterns in both performance and variability, facilitating the 
identification of the most robust strategies for managing imbalanced datasets. 

The data in Table 7 highlights significant differences in model performance across various 
evaluation metrics. Tuned_XGB_SMOTE consistently achieves the highest average scores among all 
models, indicating superior effectiveness in handling imbalanced datasets with different churn ratios. 
Specifically, it attains the highest average F1-Score (77.25%), ROC-AUC (92.0%), PR-AUC (81.5%), 
Kappa (75.25%), and MCC (75.5%). This suggests that combining the XGBoost classifier with the 
SMOTE upsampling technique yields the most robust predictive performance. 

In contrast, Tuned_RF_GNUS exhibits the lowest average performance across all metrics, with 
an average F1-Score of 51.25% and PR-AUC of 52.75%, indicating limited effectiveness in addressing 
class imbalance when using the Random Forest model with the GNUS upsampling method. 

The other models, such as Tuned_XGB_ADASYN and Tuned_RF_SMOTE, show moderate 
performance, with Tuned_XGB_ADASYN being the second-best performer. This model achieves an 
average F1-Score of 71.0% and an average Kappa of 68.25%, suggesting that the XGBoost model 
combined with the ADASYN technique is also effective but less so than when paired with SMOTE. 

Overall, the analysis underscores the importance of selecting appropriate combinations of 
machine learning algorithms and upsampling techniques. The superior performance of 
Tuned_XGB_SMOTE highlights its suitability as a robust strategy for managing imbalanced datasets, 
particularly in scenarios where predictive accuracy and reliability are critical. 

Table 7. Average Performance Metrics of Models Across All Datasets. 

Models/Metrics 
Avg F1-

Score% 
Avg ROC-
AUC% 

Avg PR-
AUC% 

Avg 
Kappa% 

Avg 
MCC% 

Tuned_RF_ADASYN 60.5 90.5 75.25 57.75 60.5 
Tuned_XGB_ADASYN 71.0 91.0 79.0 68.25 68.5 
Tuned_RF_SMOTE 64.25 91.25 76.5 61.25 64.0 
Tuned_XGB_SMOTE 77.25* 92.0* 81.5* 75.25* 75.5* 
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Tuned_RF_GNUS 51.25 87.25 52.75 47.5 50.0 
Tuned_XGB_GNUS 64.75 90.25 74.0 61.5 62.25 

The standard deviation is a key statistical measure that quantifies the extent of variation or 
dispersion within a numerical dataset. It reflects the average distance of individual data points from 
the dataset's mean, offering valuable insight into the overall variability of the data. 

The calculation of standard deviation serves several important purposes in the context of 
machine learning model evaluation: 
1. Assessing Consistency: Standard deviation helps gauge how consistently a 
model performs across different datasets by measuring the variability in its 
performance metrics. 
2. Comparing Stability: Models with lower standard deviations exhibit more 
stable performance, indicating their reliability across varying datasets. 
3. Identifying Variability: A high standard deviation reveals significant 
variability in model performance, which could be attributed to dataset 
characteristics or the sensitivity of the model to specific features or configurations. 
This metric plays a critical role in understanding and comparing the robustness of 
machine learning models in diverse scenarios. The Standard Deviation is as follows: 

𝑠 = ඨ
∑ (𝑥௜ − 𝑥ି)ଶ௡

௜ୀଵ

𝑛 − 1
 

 
(14) 

Where: 

𝑥ି =
1

𝑛
෍ 𝑥௜

௡

௜ୀଵ

 
 

(15) 

 
 𝑠: Sample standard deviation. 
 𝑥௜: Each individual data point in your dataset. 
 𝑥ି: The sample mean (average of your data points). 
 𝑛: The total number of data points in your sample. 
 𝑛 − 1 : Degrees of freedom. Subtracting 1 accounts for the fact that we're 
estimating the population standard deviation from a sample. 

Using the same methodology, we computed the standard deviations for all models and 
performance metrics. The results are summarized in the table below, providing a comprehensive 
view of the variability in model performance across different datasets. This table highlights the 
consistency and stability of each model, offering insights into their robustness and reliability. 

Table 8. Standard Deviation of Performance Metrics for Each Model Across Datasets. 

Models/Metrics 
SD F1-

Score% 
SD ROC-
AUC% 

SD PR-
AUC% 

SD 
Kappa% 

SD 
MCC% 

Tuned_RF_ADASYN 9.33 6.81 12.82 8.14 5.51 
Tuned_XGB_ADASYN 7.35 6.83 9.80 10.98 10.74 
Tuned_RF_SMOTE 6.25 6.75 7.50 5.68 4.97 
Tuned_XGB_SMOTE 10.30 6.06 10.63 12.15 12.07 
Tuned_RF_GNUS 14.87 4.57 19.84 12.45 11.66 
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Tuned_XGB_GNUS 7.50 6.34 6.24 10.33 10.45 
Note: All standard deviations are calculated using the sample variance formula (dividing by 𝑛 − 1). 

XGBoost emerges as the most effective model overall, consistently outperforming Random 
Forest in both average metrics and adaptability. Among the configurations, XGBoost combined with 
SMOTE demonstrated the highest average performance across all datasets, achieving exceptional 
scores such as an F1-Score of 77.25% and a PR-AUC of 81.5%. This combination excelled at balancing 
precision and recall while maintaining strong reliability in predictions, as reflected in its high Kappa 
and MCC values. The slightly higher average ROC-AUC of 92.0% further reinforced its superior 
ability to distinguish between churners and non-churners. However, this strong performance came 
with notable variability, particularly in metrics like F1-Score and Kappa, indicating sensitivity to the 
degree of class imbalance. 

When paired with ADASYN, XGBoost also delivered impressive results, with an average F1-
Score of 71.0% and PR-AUC of 79.0%. Although slightly less effective than SMOTE, ADASYN 
provided more consistent outcomes, as evidenced by its lower standard deviations. This stability 
suggests that ADASYN's approach to generating synthetic samples creates reliable improvements 
across datasets with varying churn rates. 

In contrast, the GNUS upsampling technique proved to be less effective for both models, though 
XGBoost managed to perform reasonably well, with an average F1-Score of 64.75% and PR-AUC of 
74.0%. Random Forest struggled the most with GNUS, achieving an average F1-Score of only 51.25% 
and a PR-AUC of 52.75%. These results indicate that GNUS was insufficient in generating the 
diversity and representativeness needed to enhance learning from the minority class, particularly for 
Random Forest. Furthermore, GNUS exhibited the highest variability in performance metrics, such 
as PR-AUC and F1-Score, underscoring its inconsistency across datasets. 

Random Forest's performance was comparatively more stable when combined with SMOTE or 
ADASYN. SMOTE helped Random Forest achieve better average metrics, such as an F1-Score of 
64.25% and a PR-AUC of 76.5%. However, even in this configuration, it fell short of XGBoost’s 
performance, highlighting the limitations of Random Forest in handling complex class imbalance 
scenarios. The relatively low variability in Random Forest’s results with SMOTE indicates that it 
benefited from the upsampling technique’s ability to generate more representative minority class 
samples, albeit with less overall effectiveness than XGBoost. 

The standard deviations further illuminate these trends, revealing that XGBoost with SMOTE, 
while achieving the best average performance, exhibited greater variability, particularly under 
extreme imbalance conditions. This variability suggests that the model’s performance is highly 
dynamic, with significant gains in challenging scenarios. By contrast, XGBoost with ADASYN 
delivered more consistent but slightly lower performance, making it a reliable alternative for cases 
where stability is prioritized. 

The contrast between the models is particularly striking in their ability to handle GNUS. 
Random Forest showed significant declines in performance and higher variability, reflecting its 
inability to generalize effectively from GNUS-generated samples. On the other hand, XGBoost 
demonstrated adaptability, leveraging even the limited benefits of GNUS to achieve better 
predictions, though not at the levels seen with SMOTE or ADASYN. 

In summary, the analysis highlights the clear advantage of XGBoost in handling imbalanced 
datasets, especially when paired with SMOTE. While SMOTE provided the highest overall 
performance, ADASYN emerged as a more stable alternative. GNUS, on the other hand, proved less 
effective and highly variable, particularly for Random Forest. These findings emphasize the 
importance of selecting the right combination of model and upsampling technique to address class 
imbalance effectively. The consistent superiority of XGBoost, combined with its adaptability to 
challenging conditions, underscores its value as a robust solution for predictive modeling in 
imbalanced scenarios. 
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Overall Comparison and Analysis  

The results presented in the below Table and Figure provide valuable insights into the 
performance and reliability of different machine learning models and upsampling techniques across 
datasets with churn ratios ranging from 15% to 1%.  

Table 9. The summary of all models' performance on four datasets. 
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 DS 1 (15% churn) DS 2 (10% churn) 
Tuned_RF_AD
ASYN 

62 84 65 56 
57 68 88 71 65 67 

Tuned_XGB_A
DASYN 

63 86 72 56 
56 71 88 73 68 69 

Tuned_RF_SM
OTE 

64 85 67 58 
59 67 88 74 64 66 

Tuned_XGB_S
MOTE 

68 86 73 63 63 74 89 77 72 73 

Tuned_RF_GN
US 

61 81 65 56 57 60 86 64 55 55 

Tuned_XGB_G
NUS 

61 85 68 56 58 56 84 65 50 51 

 DS 3 (5% churn) DS 4 (1% churn) 
Tuned_RF_AD
ASYN 

65 90 71 63 63 47 100 94 47 55 

Tuned_XGB_A
DASYN 

70 90 76 69 69 80 100 95 80 80 

Tuned_RF_SM
OTE 

70 92 72 68 69 56 100 93 55 62 

Tuned_XGB_S
MOTE 

75 93 79 74 74 92 100 97 92 92 

Tuned_RF_GN
US 

57 90 62 54 55 27 92 20 25 33 

Tuned_XGB_G
NUS 

68 93 77 66 66 74 99 86 74 74 
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Figure 8. The performance of the models with upsampling techniques on datasets with different levels of 
imbalance. 

The evaluation of machine learning models and upsampling techniques across datasets with 
varying churn rates provides valuable insights into addressing class imbalance. By analyzing 
Random Forest and XGBoost models paired with SMOTE, ADASYN, and GNUS across datasets with 
churn rates of 15%, 10%, 5%, and 1%, this study sheds light on how model performance evolves under 
increasing imbalance. Key performance metrics such as F1-Score, ROC-AUC, PR-AUC, Kappa, and 
MCC were examined to reveal critical patterns. 

When ADASYN was applied, XGBoost demonstrated a remarkable ability to maintain and even 
enhance its performance as churn rates decreased. For example, in the dataset with a 1% churn rate, 
XGBoost achieved an F1-Score and Kappa of 80%, alongside a perfect ROC-AUC of 100%. This 
improvement suggests that ADASYN’s synthetic samples effectively enhanced XGBoost’s capacity 
to learn meaningful patterns from the minority class. In contrast, Random Forest struggled under 
extreme imbalance. While it also achieved a perfect ROC-AUC at 1% churn, its F1-Score dropped to 
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47%, indicating that the model’s predictions were skewed toward the majority class. This discrepancy 
highlights the limitations of relying solely on ROC-AUC in highly imbalanced datasets, as it can 
obscure deficiencies in minority class prediction. 

SMOTE emerged as a particularly powerful technique, especially when paired with XGBoost. 
As the churn rate decreased, XGBoost consistently improved its performance, reaching an F1-Score 
and Kappa of 92% in the 1% churn dataset. These results underline the strong synergy between 
SMOTE's synthetic data generation and XGBoost's advanced learning algorithms. The model 
effectively leveraged the enriched training data to improve precision, recall, and overall reliability, 
even under extreme imbalance. Random Forest, while more robust with SMOTE than ADASYN, 
showed limitations in handling severe imbalance. At a 1% churn rate, its F1-Score fell to 56%, 
reflecting difficulties in balancing precision and recall under such conditions. 

GNUS presented a mixed picture. For Random Forest, performance metrics such as F1-Score 
and PR-AUC plummeted as imbalance intensified. At a 1% churn rate, the F1-Score dropped to 27%, 
and the PR-AUC to just 20%, indicating that the model struggled to effectively use GNUS-generated 
synthetic samples. In contrast, XGBoost showed notable adaptability, improving its metrics as churn 
rates decreased. At 1% churn, XGBoost achieved an F1-Score of 74% and a PR-AUC of 86%. This 
divergence suggests that GNUS, while less effective than SMOTE or ADASYN, still provided some 
benefit when combined with XGBoost's advanced algorithms. 

Overall, XGBoost consistently outperformed Random Forest across all upsampling techniques 
and churn rates. Its ability to generalize and adapt to extreme imbalance set it apart, particularly 
when paired with SMOTE. While Random Forest demonstrated resilience in moderately imbalanced 
datasets, its performance declined significantly under extreme imbalance, especially with GNUS. 

These findings emphasize the importance of selecting appropriate metrics and techniques for 
evaluating imbalanced datasets. Metrics like F1-Score, PR-AUC, Kappa, and MCC offered a more 
nuanced view of model performance than ROC-AUC alone, which often overstated a model’s ability 
to predict minority class instances. Moreover, the results highlight the critical role of upsampling 
techniques in mitigating imbalance. SMOTE proved the most effective, providing consistently strong 
results, particularly for XGBoost. ADASYN delivered moderate improvements but struggled under 
extreme imbalance, while GNUS was the least effective overall, though it showed some promise 
when paired with XGBoost. 

In conclusion, the combination of tuned XGBoost with SMOTE emerged as the most effective 
strategy for imbalanced datasets, achieving the highest scores across all evaluation metrics. This 
approach’s success underscores the importance of leveraging advanced algorithms and effective 
upsampling methods to address the challenges posed by class imbalance. These findings provide 
valuable guidance for practitioners in churn prediction and similar classification tasks, 
demonstrating the potential to achieve reliable and accurate predictions even under challenging 
conditions of extreme imbalance. 

Results Summary 

The analysis reveals that Tuned XGBoost models, when paired with SMOTE or ADASYN 
upsampling techniques, consistently deliver the best predictive performance for customer churn 
across datasets with varying levels of imbalance (churn rates ranging from 15% to 1%), as depicted 
in figure 9. These combinations achieve high scores across key metrics, including F1-Score, ROC-
AUC, PR-AUC, Cohen's Kappa, and MCC, demonstrating exceptional robustness and adaptability 
even in scenarios of extreme imbalance. 

In contrast, Tuned Random Forest models exhibit satisfactory performance under moderate 
imbalance conditions but show a marked decline in effectiveness as the level of imbalance intensifies, 
irrespective of the upsampling technique employed. Among the upsampling methods, SMOTE and 
ADASYN outperform GNUS, with their effectiveness being particularly pronounced when 
integrated with XGBoost. 
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Figure 9. The radar chart of all the results in one view. 

For achieving accurate and reliable customer churn predictions across datasets with different 
degrees of imbalance, the combination of Tuned XGBoost with SMOTE is strongly recommended. 
This pairing demonstrates superior performance and resilience, making it an ideal choice for churn 
prediction tasks. 

Conclusions 

This study explored the interplay between supervised machine learning models—Random 
Forest and XGBoost—and various upsampling techniques, including SMOTE, ADASYN, and GNUS, 
to assess their combined impact on predictive performance across datasets with varying degrees of 
imbalance in customer churn rates, ranging from 15% to 1%. The central aim was to determine which 
model and upsampling technique combinations deliver the most accurate predictions in moderately 
imbalanced datasets and how their effectiveness is influenced by extreme imbalance conditions. 

The research was conducted on a robust IT infrastructure, supported by both efficient hardware 
and versatile software. The computational backbone of the study was an Apple MacBook Air 
equipped with an M2 chip, which facilitated seamless execution of data-intensive tasks. 
Complementing this hardware were open-source Python libraries, such as Numpy, Pandas, 
Matplotlib, Seaborn, Imbalanced-learn, and Scikit-learn. These tools played an integral role at every 
stage of the research process, from data preprocessing and visualization to model evaluation. 
Additionally, ChatGPT contributed to refining the language and ensuring clarity in the written 
content, while data analysis and interpretation remained entirely independent of its assistance. 
Together, these resources laid the foundation for a rigorous and effective investigation. 

The study highlights the importance of selecting appropriate combinations of machine learning 
models and upsampling techniques to address the challenges posed by imbalanced datasets in 
customer churn prediction. The findings reveal that for moderately imbalanced datasets, where 
churn rates range between 15% and 5%, XGBoost combined with SMOTE emerges as the most 
effective solution. This combination achieves remarkable predictive accuracy, as demonstrated by its 
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F1-Scores reaching up to 73%, along with excellent ROC AUC and PR AUC values, and strong 
performance in metrics such as Matthews Correlation Coefficient and Cohen’s Kappa. These results 
underscore its reliability and robustness in handling imbalanced data. 

In scenarios of extreme imbalance, with churn rates as low as 1%, XGBoost paired with SMOTE 
or ADASYN continues to exhibit exceptional performance. It achieves F1-Scores as high as 92% and 
perfect ROC AUC values, demonstrating its ability to maintain predictive strength even under 
challenging conditions. In contrast, Random Forest models, while adequate for moderately 
imbalanced datasets, show significant declines in key metrics such as F1-Score, MCC, and Kappa 
when applied to extremely imbalanced datasets. This decline is particularly pronounced when 
Random Forest is combined with GNUS, highlighting the superior robustness and adaptability of 
XGBoost in extreme class imbalance scenarios. 

Among the upsampling techniques, SMOTE proves to be the most effective, particularly when 
paired with XGBoost. By generating synthetic minority class instances, SMOTE enables the model to 
better capture underlying patterns, enhancing overall predictive performance. While ADASYN also 
performs well with XGBoost across different imbalance levels, GNUS delivers inconsistent results 
and is less effective, particularly in combination with Random Forest. 

In summary, the combination of Tuned XGBoost with SMOTE consistently delivers outstanding 
predictive performance across datasets with both moderate and extreme imbalance levels. This 
pairing effectively addresses the challenges of class imbalance by leveraging XGBoost's advanced 
learning capabilities and SMOTE's ability to create representative synthetic samples. As a result, it 
emerges as the optimal choice for accurate and reliable customer churn prediction in imbalanced 
datasets. 

Future Work 

Building upon the findings of this study, several promising directions for future research 
emerge, aiming to deepen the understanding and application of machine learning techniques for 
imbalanced datasets. One potential avenue is the exploration of advanced machine learning models. 
Investigating the capabilities of deep learning architectures, such as Convolutional Neural Networks 
(CNNs) and Recurrent Neural Networks (RNNs), alongside ensemble methods beyond XGBoost, 
could provide valuable insights into their efficacy in addressing extreme class imbalance. These 
advanced models may offer innovative solutions for improving predictive accuracy and robustness 
in challenging scenarios. 

Another intriguing direction involves the development and evaluation of hybrid sampling 
techniques. By combining the strengths of existing methods, such as SMOTE, ADASYN, and GNUS, 
with strategies like undersampling or cost-sensitive learning, researchers could create more balanced 
and informative synthetic samples. Such hybrid approaches have the potential to mitigate the 
limitations of individual methods and enhance model performance across various levels of 
imbalance. 

Applying the insights from this study to real-world datasets from domains such as healthcare, 
finance, and e-commerce represents an important step in validating the generalizability of the 
findings. Real-world applications would not only confirm the robustness of the proposed techniques 
but also illuminate domain-specific challenges and provide tailored solutions for addressing class 
imbalance in diverse contexts. 

Additionally, the impact of advanced feature engineering and selection techniques on model 
performance warrants further investigation. Methods like Recursive Feature Elimination (RFE) and 
mutual information analysis could refine feature selection processes, enhancing both the 
interpretability and effectiveness of machine learning models. By focusing on the most relevant 
features, these techniques could reduce noise and complexity, enabling more precise and actionable 
predictions. 

Pursuing these research directions promises to advance the field of churn prediction and the 
broader domain of machine learning for imbalanced datasets. By fostering the development of more 
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robust, reliable, and context-aware models, these efforts will contribute to overcoming the persistent 
challenges posed by class imbalance in various applications. 
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