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Abstract: Customer churn prediction is an important aspect of businesses to ensure
their profitability in the USA. After a customer attrition calculation, which
constitutes the percentage of lost customers compared to the total number of
customers over a given period, companies in the USA need to develop predictive
models that will help them make appropriate moves to retain customers and
maximize profits. The dataset used contained highly elaborate information on
customer demographics, service usage, and several indicators that are essential for
the analysis of customer retention and churn. Data anonymization and protection
were also considered to ensure privacy and protect sensitive company information.
In this research, we develop five main machine learning models to predict customer
churn using customer data from company databases and systems. The four machine
learning models employed in this research include XGBoost, Random Forest,

Churn forecasting MLP(multi-layer perceptron), and Logistic Regression. The study also assesses

model performance using metrics such as mean absolute error (MAE), mean
squared error (MSE), and R? score.

1. Introduction

1.1 Background

Customer retention is a crucial issue for businesses in various industries, especially in the competitive
landscape of the United States. The ability to predict and reduce customer churn can greatly improve a
company's profitability and long-term viability. With the increasing availability of customer data and
advancements in machine learning (ML), predictive analytics has become a powerful tool for understanding
and preventing customer attrition [1-11]. This research explores a cross-industry approach to predicting
customer churn by employing multiple ML models to enhance retention strategies. Previous research has
shown that acquiring a new customer costs five to twenty-five times more than retaining an existing one. Given
this, businesses have turned to predictive analytics to analyze large volumes of customer data, identifying
factors that contribute to churn and implementing proactive strategies to improve customer retention [8].
Customer churn, which refers to the loss of customers over a specific period, has been extensively studied
across various sectors, including telecommunications, banking, and e-commerce. Businesses in the USA
experience high churn rates due to market saturation, fierce competition, and changing consumer preferences
[12-15]. Traditional churn prediction techniques relied on rule-based systems and manual analysis, which often
proved inadequate in capturing complex customer behaviors. However, modern machine learning (ML)
approaches, such as XGBoost, Random Forest, and Multi-Layer Perceptrons (MLP), have shown superior
performance in predicting churn patterns [16]. These models utilize large datasets that include demographic,
behavioral, and transactional information to produce accurate forecasts, enabling businesses to take proactive
measures.

The significance of predictive analytics in customer retention is widely acknowledged. Research has
demonstrated that acquiring new customers is considerably more expensive than retaining existing ones,
making churn prediction a cost-effective strategy for business sustainability [14]. Additionally, predictive
models not only identify customers at risk of leaving but also provide actionable insights into the factors
driving attrition. By integrating ML algorithms into customer relationship management (CRM) systems,
organizations can personalize marketing efforts, optimize pricing strategies, and enhance customer
engagement.
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1.2 Importance Of This Research

The growing dependence on data-driven decision-making has increased the demand for effective churn
prediction models. Companies that successfully utilize machine learning-based analytics can gain a
competitive advantage by reducing customer turnover and enhancing their service offerings. This research is
particularly relevant to the US market, where businesses operate in dynamic environments with changing
customer loyalty [11]. The financial impact of churn is significant, as it directly influences revenue and brand
reputation.

Furthermore, past studies have concentrated on churn prediction models specific to certain industries, which
often limits their applicability to a wider range of business sectors. This research aims to address this gap by
assessing churn prediction techniques across multiple industries, thereby providing a comprehensive
understanding of churn dynamics. By analyzing diverse datasets, the study improves the generalizability of
machine learning models and ensures their adaptability to various business scenarios [15]. Additionally, data
privacy and security continue to be critical considerations in churn analytics. With the increasing
implementation of data protection regulations, such as the California Consumer Privacy Act (CCPA) and the
General Data Protection Regulation (GDPR), it is crucial to develop models that emphasize data
anonymization and ethical Al practices [14].

1.3 Research Objective

This study embarks on an in-depth exploration to develop a robust predictive analytics model aimed at
understanding and mitigating customer churn through the application of multiple sophisticated machine
learning approaches. By harnessing a rich dataset that captures a wide range of variables—including diverse
customer demographics, detailed service usage metrics, and nuanced behavioral indicators—this research
aspires to uncover insights that can significantly enhance customer retention efforts.

The investigation will rigorously evaluate the predictive power of various modeling techniques, namely
XGBoost, Random Forest, Multi-Layer Perceptron (MLP), and Linear Regression, each renowned for their
unique strengths in handling complex datasets. To ensure a comprehensive assessment of model efficacy, key
evaluation metrics such as Mean Absolute Error (MAE), Mean Squared Error (MSE), and R? Score will be
meticulously analyzed. Additionally, the study seeks to illuminate the most influential features driving
customer churn across different industries, providing valuable context for the findings. Ultimately, the insights
garnered from this research will culminate in actionable recommendations tailored for businesses seeking to
implement targeted retention strategies. By understanding the underlying factors that lead to churn,
organizations will be better equipped to foster customer loyalty, optimize service offerings, and enhance
overall business performance.

2. Literature Review

2.1 Related Works

Numerous studies have delved into the efficacy of predictive analytics and machine learning techniques in
anticipating customer churn, which is a critical issue for businesses seeking to retain their clientele. These
modern techniques not only improve accuracy but also provide a more nuanced understanding of the factors
influencing customer behavior. In a specific examination of the telecommunications sector, Tsai and Lu (2009)
explored the capabilities of support vector machines (SVMs) for predicting customer churn. Their findings
indicated that SVMs frequently outperform more conventional statistical models, especially in scenarios where
the data is complex and multidimensional [17]. Verbeke et al. (2014) noted that traditional modeling methods,
such as logistic regression and decision trees, have been staples in the analysis of customer attrition for years
[18]. However, with the rapid advancements in machine learning technologies, particularly ensemble methods,
researchers have observed a significant enhancement in predictive performance. This highlights a shift towards
utilizing more sophisticated machine learning methods for better estimations of customer loyalty and attrition.
Adopting a real-time, adaptive churn prediction model—one that continually learns from an influx of new
customer data—could yield more precise and actionable insights. This forward-thinking approach,
underscored by the work of Wang et al. (2024), may empower businesses to proactively address churn and
foster long-term customer loyalty in an ever-evolving market landscape [19]. Furthermore, the exploration of
deep learning techniques has opened new avenues in churn prediction. Witten and Frank (2016) underscored
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the significance of neural networks, which excel at identifying and modeling nonlinear relationships within
customer behavior data [20]. This is particularly advantageous in today’s data-rich environment, where
understanding the intricacies of customer decisions can lead to more effective retention strategies. Building on
this foundation, Zhang et al. (2019) introduced a hybrid approach that merges deep learning with feature
selection techniques [21]. This convergence not only enhanced the predictive accuracy but also improved the
interpretability and efficiency of the models, making them more actionable for businesses.

Another remarkable evolution in customer churn research is the integration of explainable Al (XAI) principles.
Molnar (2020) emphasized the utility of interpretability methods, such as SHAP (Shapley Additive
Explanations), which empower businesses to comprehend the underlying reasons behind customer departures
[12]. By understanding these motivations, companies can implement targeted retention strategies that are more
likely to resonate with at-risk customers. Additionally, Pratama et al. (2021) pointed out the emerging role of
reinforcement learning in customer retention. Their research illustrated its effectiveness in executing dynamic
and personalized interventions for churn, marking a significant stride in the ongoing battle against customer
attrition [13].

2.2 Gaps and Challenges

Despite the significant progress made in the field of customer churn prediction, a number of formidable
challenges continue to hinder advancements. One of the most pressing issues is the persistent data imbalance
that plagues many real-world datasets. Typically, these datasets reveal a stark contrast between the numbers
of churned and non-churned customers, which can distort the performance of predictive models [6]. Various
strategies, such as SMOTE (Synthetic Minority Over-sampling Technique), have been introduced to counteract
this imbalance; however, their effectiveness often varies greatly across different industries, leading to
inconsistent results depending on the sector. Moreover, customer behavior is inherently dynamic and complex.
Customer preferences and usage patterns in service consumption evolve continuously, rendering static churn
prediction models increasingly inadequate. This underscores the urgent need for the development of adaptive
and real-time predictive models capable of reflecting these shifting customer behaviors and preferences. In
addition to these technical challenges, ethical concerns surrounding customer data privacy and security have
emerged as critical obstacles in the realm of churn prediction. Binns (2018) points out that predictive analytics
models need to adhere to stringent data protection regulations, such as the General Data Protection Regulation
(GDPR) and the California Consumer Privacy Act (CCPA) [2]. Ensuring compliance is vital to safeguarding
customer information and maintaining trust; failure to address these ethical dilemmas can expose businesses
to legal repercussions and significant reputational damage. Lastly, there exists a notable gap in the application
of churn prediction models across various industries. While a considerable amount of research is concentrated
in specific sectors, such as telecommunications and banking, there remains a scarcity of studies exploring the
adaptability and efficacy of these predictive models in other contexts. This limitation hampers the broader
utility of churn prediction techniques, highlighting the need for further investigation into their generalizability
across diverse industries.

3. Methodology

3.1 Data Collection and Preprocessing

Data Sources

The dataset utilized in this research was meticulously gathered from a variety of company databases,
representing diverse sectors such as telecommunications, banking, and e-commerce. This comprehensive
dataset encompasses an extensive array of customer attributes, including detailed demographic information,
service usage metrics, financial transaction records, and a historical log of customer interactions. To bolster
the depth and reliability of the analysis, we also integrated external resources, which included publicly
accessible customer churn datasets and relevant market research reports. The meticulously collected data was
thoughtfully organized and securely stored within a relational database, ensuring efficient querying and
retrieval capabilities for insightful analysis.

Data Preprocessing
Before embarking on the development of predictive models, a series of essential preprocessing steps were
meticulously executed to guarantee the integrity and consistency of the data. This critical phase encompassed
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data cleaning, transformation, feature selection, and the thoughtful handling of missing values. To address
the missing values, a detailed analysis was conducted, employing imputation techniques tailored to the nature
of the data. For numerical attributes, we utilized the median value as a robust measure to fill in gaps, while
categorical variables were populated with the most frequently occurring category, ensuring that the imputed
values represented the dataset accurately. To further enhance our understanding of the missing data, we created
a heatmap (Figure. 1) that vividly visualized the distribution of missing values. This visual representation
helped uncover underlying patterns and potential biases associated with the absence of data, offering valuable
insights that informed the subsequent modeling process.

Heatmap of Missing Values
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Figure 1. Heatmap of missing values
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Figure 2. Correlation matrix of dataset variables

A correlation matrix was generated to understand relationships between numerical variables and remove
redundant features. (Figure 2). The analysis of churn correlation reveals several weak relationships between
customer attributes and churn rates. Specifically, the correlation between churn and monthly charges is -0.03,
indicating a weak negative correlation that suggests higher monthly charges might slightly decrease the
likelihood of churn. Conversely, the correlation between churn and total charges is 0.04, which indicates a
weak positive correlation, implying that higher total charges could slightly increase the likelihood of churn.
Additionally, there is a very weak positive correlation of 0.03 between churn and support calls, suggesting that
an increase in support calls might be marginally associated with higher churn rates. Regarding payment
methods, the correlation with churn is -0.06, pointing to a weak negative relationship, which suggests that
certain payment methods may be linked to slightly lower churn rates. Age also shows a weak negative
correlation with churn at -0.07, indicating that older customers may be less likely to churn. Similarly, a weak
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negative correlation of -0.08 between churn and income suggests that customers with higher incomes might
have a marginally lower likelihood of churning. Moreover, the analysis highlights a weak positive correlation
of 0.02 between monthly charges and total charges, suggesting that while there is some relationship, other
factors likely influence total charges. In addition, the correlation of 0.13 between support calls and age reveals
that older customers tend to make slightly more support calls. It is noteworthy that most other feature pairs
demonstrate weak or no significant correlations, indicating that these features are relatively independent of one
another.

Numerical variables were scaled using Min-Max Scaling to ensure consistency across features. A box plot
was generated before and after scaling (Figure 3). The analysis of the various features reveals interesting
insights. For Age, the distribution is relatively symmetrical, with the median situated near the center of the
box, indicating a balanced spread of values. Similarly, the range is moderate. In contrast, Income displays a
slight right skew, as the median is positioned just below the center, while also exhibiting a moderate range.
This slight skew is also observed in Subscription Length, Monthly Charges, and Total Charges, where the
medians are slightly below the center and the ranges remain moderate, akin to Age and Income. Customer
Satisfaction, however, differs with a symmetrical distribution, where the median is close to the center and the
range is wider compared to other features. Lastly, Support Calls show a slight left skew, with the median
slightly above the center and maintaining a moderate range similar to the other attributes. Overall, these
patterns highlight varying degrees of skewness and range across the analyzed features. Since churn data was
imbalanced, the Synthetic Minority Over-sampling Technique (SMOTE) was applied. A bar chart was
generated before and after applying SMOTE (Figure 4). The class distribution before applying SMOTE is

characterized by a significant imbalance in the dataset, as illustrated in the left chart.
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Figure 3. Boxplot of scaled dataset features

~

Class Distribution Before SMOTE Class Distribution After SMOTE
160 1
140 4
129 4
100 4
€
§ 80
w R
.o R
204
0
0 1 0 1
Chum (0 = Retained, 1 = Churned) Churn (0 = Netained, 1 = Churned]

Figure 4. Class distribution before and after SMOTE.
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The majority class, represented by "0" for retained customers, shows a notably higher count of around 155, in
stark contrast to the minority class, "1" for churned customers, which only has about 45. This imbalance poses
serious implications for training machine learning models, as such a skewed dataset can lead to biased
predictions; the model may perform well on the majority class while failing to accurately predict the minority
class. In the right chart, the class distribution after applying SMOTE depicts a balanced dataset. Following the
application of SMOTE, the counts for both classes are now approximately equal, with each class containing
around 155 samples. This indicates that SMOTE has effectively increased the number of samples in the
minority class by generating synthetic samples. The resulting balanced dataset enhances the potential for
developing a machine learning model that performs well across both classes, thereby improving the ability to
predict customer churn.

3.2 Model Development

The predictive modeling phase focused on selecting and implementing various machine learning algorithms
to analyze customer churn patterns effectively. The selection of models was driven by their capacity to manage
large datasets, capture complex relationships, and deliver high predictive accuracy. Among the chosen models
was XGBoost (Extreme Gradient Boosting), a powerful ensemble learning algorithm known for enhancing
predictions by sequentially correcting errors from previous models. Its efficiency in handling structured data
makes it particularly well-suited for churn prediction due to its ability to capture intricate patterns. Another
model employed was Random Forest, which is a decision tree-based ensemble method that mitigates
overfitting by averaging predictions from multiple trees. This approach is particularly effective at capturing
nonlinear relationships between features and customer churn.

In addition, a Multi-Layer Perceptron (MLP), a deep learning-based artificial neural network model, was
utilized to learn complex decision boundaries, making it suitable for recognizing high-dimensional feature
interactions in customer behavior. Logistic Regression was also included as a baseline statistical model, widely
recognized for its applicability in binary classification tasks and its interpretive power regarding how different
features influence the probability of churn. Lastly, the Support Vector Machine (SVM) was employed to
classify churn versus non-churn customers using an optimal decision boundary, proving useful in scenarios
where the dataset is not linearly separable. Each model underwent fine-tuning through hyperparameter
optimization to maximize predictive performance, and feature selection techniques such as Recursive Feature
Elimination (RFE) and Principal Component Analysis (PCA) were implemented to identify the most
influential variables in predicting churn.

3.3 Model Training and Validation Procedures

To ensure the reliability and generalization of the predictive models, a structured training and validation
approach was implemented. The dataset was split into 80% training data and 20% testing data, allowing the
models to learn from a significant amount of data while evaluating their performance on unseen samples. A
stratified sampling technique was used to maintain the original distribution of churned and non-churned
customers in both subsets, preventing bias in model learning. To enhance the predictive capabilities of each
model, hyperparameter optimization was performed using two primary techniques: Grid Search, which
systematically evaluates predefined combinations of hyperparameters, and Randomized Search, which selects
a random subset of values to explore a wider range of possibilities within a limited timeframe. Additionally,
K-Fold Cross-Validation (with K=5) was employed to ensure robustness; this method splits the dataset into
five different subsets, training the model on four subsets while validating on the remaining one, thereby
reducing the risk of overfitting and providing a more reliable performance estimate.

3.4 Performance Evaluation Metrics

The performance of the models was assessed using various evaluation metrics, including accuracy, precision,
recall (sensitivity), F1-Score, and ROC-AUC Score, providing a comprehensive analysis of their predictive
capabilities. Each model went through the cross-validation process, with the average performance across all
validation folds recorded to ensure consistency. The best-performing model was selected based on its ability
to balance high predictive accuracy with generalization across different datasets. Following these structured
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training and validation procedures, the models were prepared for performance evaluation and eventual
deployment in real-world scenarios.

4. Results and Discussion

4.1 Model Performances

To assess the effectiveness of the churn prediction models, several performance metrics were analyzed,
including Accuracy, Precision, Recall, Fl-score, and ROC-AUC Score. The trained models—XGBoost,
Random Forest, MLP (Multi-Layer Perceptron), Logistic Regression, and Support Vector Machine (SVM)—
were evaluated on an unseen dataset (consisting of 20% of the data as the test set) to determine their
generalization ability. The accuracy of each model was measured to determine the percentage of correctly
classified customers. The results are visualized in a bar chart (Figure 5). XGBoost achieved the highest
accuracy in churn prediction at 92%, showcasing its capability to capture complex relationships effectively.
Following closely behind, Random Forest recorded an accuracy of 89%, benefiting from its ensemble learning
approach. The MLP model performed well, with an accuracy of 87%, leveraging its deep learning capabilities.
In contrast, Logistic Regression had the lowest accuracy at 80%, primarily due to its assumption of linear
separability, which may not be suitable for all datasets.

Model Accuracy Comparison
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Figure 5. Accuracy evaluation for the machine learning models
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Figure 6. Precision, Recall, and F1-Score of the machine learning models

Precision measures how many predicted churn customers were actual churners, thus minimizing false
positives, while Recall assesses how well the model captures actual churned customers, aiming to reduce false
negatives (Figure 6). The F1-Score serves as a harmonic mean of Precision and Recall, offering a balanced
evaluation of performance. In this analysis, XGBoost achieved the highest Recall at 93%, indicating its
effectiveness in correctly identifying most churned customers. Random Forest demonstrated balanced
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Precision and Recall, ranging from 88% to 89%, positioning it as a strong alternative to XGBoost. The Multi-
Layer Perceptron (MLP) performed reasonably well with an F1-Score of 86%, showcasing its ability to
effectively handle non-linear data patterns. In contrast, Logistic Regression showed the lowest Precision at
75%, suggesting that it incorrectly classified some retained customers as churners.

The Receiver Operating Characteristic (ROC) curve and its Area Under the Curve (AUC) score measure how
well a model distinguishes between churned and non-churned customers (Figure 7). Higher AUC scores
indicate better model performance. In the analysis of model performance, XGBoost achieved the highest AUC
score of 0.96, demonstrating its superior ability to distinguish between churners and non-churners. Following
closely was Random Forest, with an AUC of 0.92, which reinforces its reputation for strong predictive power.
The Multi-Layer Perceptron (MLP) also performed admirably, securing an AUC of 0.89, making it a
competitive option among the models tested. However, Logistic Regression lagged with the lowest AUC of
0.80, indicating a poorer capacity for differentiating between the two classes.

ROC Curve Comparisan for Churn Prediction Models

False Pesitive Rat

Figure 7. ROC curve of the machine learning prediction models.

In the analysis of churn prediction models, XGBoost emerged as the standout performer, surpassing all other
models across various metrics and confirming its status as the best choice for this task. Close behind was
Random Forest, which provided a commendable balance of interpretability and performance, making it a
strong alternative. The Multi-Layer Perceptron (MLP) model demonstrated its strength in capturing complex
churn patterns through effective non-linear feature learning, showcasing its utility in intricate scenarios.
However, both Support Vector Machine (SVM) and Logistic Regression showed lower performance levels,
highlighting their limitations when dealing with customer churn data. Table 1 is overall performance of the
machine learning models.

Table 1. Overall performance of the machine learning models

Model Accuracy | Precision Recall F1-Score AUC Score
XGBoost 92% 90% 93% 91% 0.96
Random Forest 89% 88% 89% 88% 0.92
MLP 87% 85% 87% 86% 0.89
SVM 83% 79% 82% 80% 0.85
Logistic Regression 80% 75% 78% 76% 0.80

4.2 Discussion and Future Work

The findings of this comprehensive study shed light on the remarkable effectiveness of machine learning
models in predicting customer churn across a diverse array of industries. In particular, the XGBoost model has
emerged as the frontrunner, outperforming all competing models with its superior accuracy, recall, and ROC-
AUC score. This performance positions XGBoost as the most suitable choice for churn prediction, effectively
capturing the intricacies of customer behavior and providing businesses with a powerful tool for retention
strategies.

Following closely in performance is the Random Forest model, which stands out not only for its robust
predictive capabilities but also for its enhanced interpretability. This dual advantage allows businesses to
harness the model's insights without the black-box concerns often associated with more complex algorithms.
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The Multi-Layer Perceptron (MLP), while exhibiting commendable performance levels, requires substantial
computational resources due to its deep learning architecture, which can be a barrier for smaller organizations
or those with limited infrastructure. In contrast, traditional models such as Logistic Regression and Support
Vector Machines (SVM) demonstrated relatively lower predictive accuracy. This reinforces the understanding
that conventional statistical methods may fall short when grappling with the complexities and high-
dimensional nature of customer churn data in today’s competitive landscape.

The study's results resonate with findings from recent research, which underscores the superiority of ensemble-
based learning methods for customer churn prediction. For instance, research conducted by Zhang et al. (2023)
illustrates how boosting algorithms like XGBoost consistently surpass traditional statistical methodologies by
adeptly capturing complex feature interactions and minimizing bias [22]. Additionally, Lee and Park (2024)
emphasize that the Random Forest model remains a formidable candidate for churn prediction due to its
resilience against overfitting and the interpretability advantages it holds over deep learning models [10].
Despite these significant advancements, the study also surfaces several challenges inherent in churn prediction.
One notable challenge is class imbalance, where the number of customers who churn is significantly
outnumbered by those who remain loyal. Though the researchers implemented SMOTE (Synthetic Minority
Over-sampling Technique) to address this issue, the generation of synthetic data still carries the inherent risk
of overfitting. To mitigate this concern further, future research could delve into cost-sensitive learning
approaches, as suggested by Chen et al. (2024), which may provide a more nuanced way to handle imbalanced
datasets [4].

Another critical challenge highlighted is the aspect of feature selection and interpretability. Although the
XGBoost model delivers high accuracy, its decision-making process tends to be less interpretable compared
to traditional models. In business applications, where understanding the rationale behind predictions is
essential, integrating methods such as SHAP (Shapley Additive Explanations) or LIME (Local Interpretable
Model-agnostic Explanations) could greatly enhance the transparency of the model’s outputs. Such integration
would empower businesses to dissect which factors most significantly influence churn, thereby refining their
strategic responses [7]. Lastly, the dynamic nature of customer behavior poses a challenge for static models,
potentially rendering them ineffective for long-term predictions.

While this research has compellingly illustrated the effectiveness of machine learning models in predicting
customer churn, a myriad of intriguing avenues remains ripe for further exploration. One promising direction
involves the integration of advanced deep learning models, such as Recurrent Neural Networks (RNNs) and
Transformers. These sophisticated architectures excel at capturing temporal dependencies within sequential
customer interactions, thereby providing a richer understanding of customer behavior over time [5].
Additionally, the implementation of a real-time machine learning system that continuously updates its
predictions based on fluctuating customer behavior could empower businesses to take swift, informed actions
in response to churn risks, enabling them to proactively retain valuable customers [9]. Moreover, future
research should place a strong emphasis on integrating explainable Al (XAIl) techniques. Incorporating
methods such as SHAP, LIME, or attention mechanisms would not only make Al-driven churn predictions
more interpretable but also transform them into actionable insights that can be readily understood by business
stakeholders [7]. Expanding the scope of the study to conduct a comparative analysis of churn prediction
across diverse industries—such as telecommunications, banking, and retail—would yield essential insights
into whether particular models exhibit varying performance levels in different business contexts, thus
highlighting the need for tailored approaches. Furthermore, exploring hybrid Al methodologies that synergize
traditional machine learning techniques with cutting-edge deep learning approaches could significantly
enhance predictive accuracy. For instance, hybrid models that incorporate graph neural networks (GNNs) for
in-depth social network analysis could prove particularly effective in uncovering complex churn patterns
within subscription-based businesses [4]. Lastly, it is imperative to prioritize ethical Al practices and ensure
robust compliance with data protection regulations such as the General Data Protection Regulation (GDPR)
and the California Consumer Privacy Act (CCPA). This will not only safeguard customer data but also foster
a foundation of trust between businesses and their customers, crucial for the long-term success of churn
prediction initiatives [19]. Besides these works there are a number of works done and reported about Machine
learning [23-33].

5. Conclusion

This study demonstrates the significant role of machine learning (ML) and predictive analytics in enhancing
customer retention and reducing churn across various industries in the United States. By utilizing advanced
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Al-driven predictive models, businesses can identify potential customer churners, take proactive retention
measures, and optimize their customer engagement strategies. The research evaluated multiple machine
learning models, including XGBoost, Random Forest, Multi-Layer Perceptron (MLP), Support Vector
Machine (SVM), and Logistic Regression, to predict customer attrition based on historical data. Among these
models, XGBoost delivered the best performance, achieving the highest accuracy, recall, and AUC score,
making it the most effective approach for predicting churn. Through feature engineering, data preprocessing,
and hyperparameter tuning, the study ensured that the models were optimized for real-world applications. Key
performance metrics such as Precision, Recall, F1-score, and ROC-AUC Score were used to evaluate model
effectiveness. The results indicated that ensemble methods like XGBoost and Random Forest provided
superior predictive accuracy compared to traditional classifiers. Overall, the findings reaffirm that machine
learning-based churn prediction empowers businesses to make data-driven decisions, reduce customer
attrition, and enhance long-term profitability.
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