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Abstract  

Customer attrition forecasting has become a critical challenge in highly competitive industries such as telecommunications, 

where retaining existing customers is more cost-effective than acquiring new ones. Although machine learning techniques have 

been widely applied to identify customers at risk of churn, many models operate as black boxes, limiting their interpretability 

and usability. To address this issue, this study proposes an integrated framework that combines predictive modeling with 

Explainable Artificial Intelligence (XAI) using the Local Interpretable Model-Agnostic Explanations (LIME) technique. Unlike 

conventional approaches that treat explainability as a post-hoc analysis, the proposed framework embeds LIME directly into 

the modeling pipeline to ensure both accurate and interpretable predictions. The method consists of several stages, including 

data preprocessing, feature selection, model training, performance evaluation, and model interpretation. Experiments were 

conducted using the Telco Customer Churn dataset obtained from Kaggle. Three classification algorithms, namely Logistic 

Regression, Decision Tree, and Random Forest, were evaluated using accuracy, precision, and recall metrics. The results show 

that Logistic Regression achieved the highest accuracy of 0.8211, followed by Random Forest with 0.7928 and Decision Tree 

with 0.7289. Furthermore, LIME-based analysis identifies contract type, internet service, monthly charges, tenure, and 

additional services such as online security and technical support as key factors influencing churn. These results demonstrate 

that integrating machine learning with XAI enhances model transparency and provides actionable insights for more effective 

customer retention strategies. 

Keywords: Customer Churn Prediction, Decision Tree, Explainable Artificial Intelligence (XAI), Logistic Regression, Random 

Forest

1. Introduction  

Customer retention has become an important concern for organizations operating in highly competitive digital 

markets. Across sectors including telecommunications, banking, and e-commerce, keeping current customers 

tends to be significantly less expensive than bringing in new ones. Consequently, many organizations have turned 

to data-driven predictive approaches to proactively detect customers who show signs of leaving their services. 

Customer churn prediction aims to analyze historical customer data and behavioral patterns in order to detect 

potential churn risks and enable companies to implement proactive retention strategies. With the rapid growth of 

digital platforms and subscription-based services, churn prediction has become a key component of data-driven 

decision-making aimed at improving customer loyalty and long-term business sustainability [1], [2]. 
 

A broad range of machine learning methods have been increasingly embraced to enhance the accuracy and 

effectiveness of churn prediction systems. Various algorithms such as gradient boosting, random forest, decision 

trees, logistic regression, and neural networks have each demonstrated strong potential in detecting churn-

associated patterns derived from customer behavioral data [3], [4]. These algorithms allow organizations to analyze 

large volumes of customer data, including transaction histories, service usage patterns, and demographic 

information, to detect complex patterns associated with customer attrition [5]. In addition, ensemble-based 

machine learning approaches that combine multiple predictive models have been shown to improve predictive 

accuracy and model robustness in churn prediction tasks [6]. Despite the strong predictive performance of many 

machine learning models, interpretability remains a significant challenge in predictive analytics systems. Many 

advanced machine learning algorithms operate as black-box models whose internal decision-making processes are 
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difficult to interpret. Although such models may achieve high predictive accuracy, their lack of transparency can 

limit their practical usability in real-world business environments. Decision-makers often require clear 

explanations of why a particular customer is predicted to churn in order to design appropriate retention strategies 

[7], [8]. 
 

In response to these challenges, Explainable Artificial Intelligence (XAI) has developed into a significant area of 

research focused on making machine learning models more transparent and easier to interpret. XAI techniques 

provide explanations that help users understand how input variables influence prediction outcomes, thereby 

increasing trust in predictive analytics systems [9], [10]. In the context of customer churn prediction, explainable 

models enable organizations to identify key behavioral and demographic factors contributing to customer attrition 

and to design more effective customer retention strategies [11]. Of the many available XAI approaches, LIME has 

attracted considerable interest owing to its capability to provide interpretable explanations for predictions produced 

by sophisticated machine learning models. LIME generates localized explanations by fitting simpler, more 

transparent models around individual predictions, enabling analysts to assess how much each feature contributes 

to a given predicted outcome [12]. Previous studies have demonstrated that LIME can effectively highlight feature 

importance in churn prediction models and improve the interpretability of predictive analytics systems [13]. 
 

Several studies have explored the application of machine learning techniques and explainable AI methods in 

customer churn prediction. Research shows that explainable predictive analytics can provide valuable insights into 

customer behavior, support customer segmentation analysis, and help organizations identify high-risk customers 

who require targeted retention strategies [14]. In addition, explainable models have been shown to improve 

strategic decision-making by revealing patterns in customer behavior and predicting future purchasing or 

subscription trends [15]. However, despite the growing interest in machine learning and explainable AI, several 

limitations remain in existing research. Many previous studies focus primarily on improving prediction accuracy 

using a single machine learning model without conducting a comprehensive comparison of multiple algorithms 

[16]. Furthermore, although explainability techniques such as SHAP and LIME have been introduced in some 

studies, these techniques are often applied only as supplementary analytical tools rather than being fully integrated 

into predictive modeling frameworks [17]. Therefore, further research is needed to develop customer churn 

prediction models that not only achieve high predictive performance but also provide interpretable insights into 

model predictions. In this context, comparing multiple machine learning algorithms while integrating explainable 

AI techniques can provide a more comprehensive understanding of churn prediction systems. 
 

Drawing from these challenges, this study proposes a comparative evaluation of multiple machine learning models 

applied to customer churn prediction, integrated with Explainable Artificial Intelligence through the LIME 

method. The primary goal is to assess the predictive capability of various machine learning algorithms while 

examining the key factors driving churn predictions via interpretable explanations produced by LIME. By 

integrating model comparison with explainability analysis, this research is expected to provide deeper insights into 

customer churn behavior and support organizations in developing more effective data-driven customer retention 

strategies [18]. 
 

This study makes several significant contributions to the field of customer churn prediction. First, it proposes an 

integrated evaluation framework that combines predictive performance assessment with local interpretability 

analysis, addressing the common gap between model accuracy and explainability in churn prediction studies. 

Second, this study conducts a systematic comparative analysis of multiple machine learning algorithms under a 

unified experimental setting, providing a fair and comprehensive evaluation of model performance. Third, it 

incorporates the LIME method as an integral component of the modeling pipeline rather than as a post-hoc 

supplementary tool, enabling direct interpretation of individual predictions. Fourth, this study identifies and 

validates key churn-driving factors through local explanation analysis, bridging the gap between technical model 

outputs and actionable business insights. By unifying model comparison and explainability within a single 

framework, this research offers a more practical and decision-oriented approach to customer churn prediction. 

 

2. Research Methods 
 

This study proposes an integrated machine learning framework for customer churn prediction that combines 

predictive performance evaluation with model interpretability using Explainable Artificial Intelligence (XAI). 

Unlike conventional approaches that treat explainability as a post-hoc analysis, this research incorporates the 

LIME method directly into the modeling pipeline to ensure that prediction results are both accurate and 

interpretable. The proposed methodology consists of several stages, including data collection, data preprocessing, 

model development, model evaluation, and interpretation of prediction results. 
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The main contribution of this study lies in the integration of multiple machine learning models with LIME-based 

local interpretability within a unified evaluation framework. This approach enables not only the comparison of 

model performance but also the identification of key factors influencing customer churn, thereby bridging the gap 

between predictive accuracy and model transparency. Through this framework, the study positions itself as a 

decision-oriented approach that supports both technical evaluation and practical business insights. 

2.1 Research Workflow 

Figure 1 illustrates the overall research workflow, which represents the structured pipeline used to develop and 

evaluate the customer churn prediction model. The workflow begins with dataset acquisition, followed by a data 

preprocessing stage to ensure data quality and suitability for machine learning tasks. This stage includes handling 

missing values, encoding categorical variables into numerical formats, and splitting the dataset into training and 

testing subsets. The training dataset is used to build and optimize multiple machine learning models, while the 

testing dataset is utilized to evaluate their generalization performance. In this study, three classification algorithms 

are employed, namely Logistic Regression, Decision Tree, and Random Forest. These models are evaluated using 

standard performance metrics, including accuracy, precision, and recall, to provide a comprehensive assessment 

of predictive capability. 

A key aspect of the proposed workflow is the integration of explainability analysis within the evaluation pipeline. 

Instead of applying explainability as a separate step, the LIME method is embedded directly into the modeling 

process to generate local explanations for individual predictions. This allows for a detailed examination of how 

each feature contributes to churn predictions across different models. By combining model comparison with 

LIME-based interpretability in a single workflow, this research provides a clearer understanding of both model 

performance and decision logic. This integrated approach not only improves the transparency of machine learning 

models but also enhances their practical applicability in supporting data-driven customer retention strategies. 

 
Figure 1. Research Workflow 

2.2 Dataset 

The data employed in this research originates from the Telco Customer Churn dataset, which is freely accessible 

on the Kaggle platform at: https://www.kaggle.com/datasets/blastchar/telco-customer-churn. This dataset captures 

information belonging to subscribers of a telecommunications company and has been broadly utilized across 

numerous churn-related research efforts. It encompasses a total of 7,043 customer records distributed across 21 

distinct attributes, covering aspects such as customer demographics, subscribed service details, and billing account 

information. Among the attributes featured in the dataset are gender, tenure, contract type, internet service type, 

monthly charges, and total charges. 
 

The target variable in the dataset is Churn, which indicates whether a customer has discontinued the service. This 

dataset provides various customer behavioral features that can be used to analyze churn patterns and develop 

predictive models. Previous studies have also utilized machine learning techniques to analyze customer churn 

behavior using telecommunication datasets [19], [20]. Before applying machine learning algorithms, several 

preprocessing steps are performed, including encoding categorical variables into numerical values and preparing 

the dataset for training and testing processes. 

2.3 Model 

This study employs three machine learning algorithms, namely Logistic Regression, Decision Tree, and Random 

Forest, to predict customer churn. In addition, the Local Interpretable Model-Agnostic Explanations (LIME) 

approach within the Explainable Artificial Intelligence (XAI) framework is integrated to shed light on the 

reasoning behind the predictions yielded by each of the implemented machine learning models. 

2.3.1 Logistic Regression 

Logistic Regression is a statistical-based classification technique frequently applied to binary classification tasks. 

It works by estimating the likelihood that a given data instance belongs to a specific class through the use of a 

https://www.kaggle.com/datasets/blastchar/telco-customer-churn
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logistic or sigmoid function. This sigmoid function transforms the result of a linear equation into a probability 

score ranging from 0 to 1. Equation 1 illustrates the mathematical expression underlying the logistic regression 

model. 

𝑃(𝑦 = 1|𝑥) =  
1

1 + 𝑒−(𝛽0+ 𝛽1𝑥1+𝛽2𝑥2+ ⋯ +𝛽𝑛𝑥𝑛)
 (1) 

where 𝑥1, 𝑥2, . . . , 𝑥𝑛 represent the input features and 𝛽0, 𝛽1, . . . , 𝛽𝑛 represent the model coefficients. The output of 

the model represents the probability that a customer will churn. If the predicted probability exceeds a predefined 

threshold, the instance is classified as churn. Logistic Regression is widely used in churn prediction because of its 

efficiency and interpretability. This model enables researchers to examine the relationship between customer 

characteristics and the likelihood of churn, making it well-suited for classification tasks involving structured 

datasets [20]. The sigmoid function employed within logistic regression is visually represented in Figure 2. 

 
Figure 2. Sigmoid Function 

2.3.2 Decision Tree 

As a supervised learning approach, Decision Tree conducts classification by systematically breaking down the 

dataset into increasingly smaller partitions guided by conditions applied to selected features. The resulting 

structure resembles a tree, in which each internal node embodies a specific decision rule, each branch signifies the 

possible outcome of that rule, and each leaf node denotes the ultimate class label assigned to a given instance. 

During the training process, the algorithm selects the most informative features to split the dataset using impurity 

measures such as the Gini Index or Entropy. The objective is to partition the dataset into subsets that contain 

observations belonging to the same class. The Gini Index and Entropy used in decision tree algorithm can be seen 

in Equation 2 and 3. 

𝐺𝑖𝑛𝑖 = 1 −  ∑ 𝑝𝑖
2

𝑘

𝑖=1

 (2) 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 (𝑆) = − ∑ 𝑝𝑖 log2(𝑝𝑖)

𝑛

𝑖=1

 (3) 

where 𝑝𝑖  represents the probability of a class within a node. Decision Tree models are widely used in classification 

tasks because the resulting decision rules can be easily visualized and interpreted. This interpretability allows 

analysts to understand how different customer attributes influence churn predictions. In churn prediction studies, 

decision trees are often used to identify the key variables that affect customer retention and service usage behavior 

[2q]. As shown in Figure 3, the Decision Tree model consists of several decision nodes that split the data based on 

specific feature conditions until reaching the final prediction at the leaf nodes. 
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Figure 3. Structure of the Decision Tree Model 

2.3.3 Random Forest 

Random Forest belongs to the ensemble learning family, whereby a multitude of decision trees are built and 

aggregated together to yield more accurate predictions while effectively curbing the potential for overfitting to 

occur during model training. Rather than depending on a solitary decision tree, Random Forest constructs multiple 

trees during the training process by randomly sampling subsets of both the dataset and its features. The algorithm 

applies a technique called bootstrap aggregation (bagging), where multiple training samples are generated from 

the original dataset with replacement. Every sampled subset is employed to construct an individual decision tree, 

and the ultimate prediction is determined by aggregating the outputs of all trees through a majority voting process. 

Random Forest is widely used in classification problems because it is capable of handling large datasets and 

complex feature interactions. Compared to single decision tree models, Random Forest typically produces more 

stable and accurate predictions. The algorithm has become one of the most commonly used ensemble learning 

methods in predictive analytics and churn prediction research [22]. The architecture of the Random Forest model, 

as depicted in Figure 4, comprises several decision trees that collectively collaborate to generate the final prediction 

outcome. 

 
Figure 4. Random Forest Ensemble Architecture 

2.3.4 Explainable Artificial Intelligence using LIME 

Despite their ability to deliver high predictive accuracy, many machine learning algorithms operate as black-box 

systems whose internal decision-making mechanisms remain difficult to understand. Such lack of transparency 

may impede the practical application of machine learning models in real-world environments where decision-

makers demand a clear and justifiable rationale underlying every prediction generated by the system. To overcome 

this challenge, the present study incorporates Explainable Artificial Intelligence (XAI) through the Local 
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Interpretable Model-Agnostic Explanations (LIME) method. LIME works by explaining the predictions of 

complex machine learning models through the construction of simpler and more interpretable models within the 

local neighborhood surrounding a particular data instance [23]. 
 

The LIME algorithm generates synthetic samples around the instance being analyzed and observes how the 

machine learning model behaves for those samples. Based on this local approximation, LIME identifies the most 

influential features contributing to the prediction result. These explanations allow researchers to understand how 

different customer attributes influence the churn prediction produced by the model [24]. By applying LIME in this 

research, the predictions generated by Logistic Regression, Decision Tree, and Random Forest models can be 

interpreted to identify the most important features influencing customer churn. This interpretability is important 

for improving transparency in machine learning models and supporting data-driven decision-making in customer 

retention strategies. Figure 5 illustrates the mechanism of the LIME method used to interpret the predictions of the 

machine learning model. 

 
Figure 5. LIME Explanation Mechanism 

2.4 Metric Evaluation 

To assess how well the models of machine learning developed in this study perform, three measurement 

benchmarks are applied, consisting of accuracy, precision, and recall. These metrics are broadly recognized as 

standard tools for assessing the performance of classification models and have been widely adopted across 

numerous machine learning studies [25]. The evaluation framework is grounded in the confusion matrix, which 

systematically compares predicted classification outputs against actual class labels. Four essential elements make 

up a confusion matrix, namely True Negative (TN), True Positive (TP), False Negative (FN), and False Positive 

(FP). True Positive captures the number of genuine churn cases that the model correctly flagged as churn, whereas 

True Negative reflects the number of non-churn instances that were appropriately categorized as non-churn. False 

Positive represents cases where non-churn customers were incorrectly labeled as churn, while False Negative 

refers to instances where actual churn customers were mistakenly predicted as non-churn. 

2.4.1 Accuracy 

Accuracy represents the proportion of instances that were correctly categorized relative to the entire set of 

predictions generated by the model. This metric functions as a broad measure of how well the model performs 

across all classification outcomes. A notably higher accuracy score signifies that the model possesses a stronger 

capacity to differentiate between customers who churn and those who do not. The mathematical formula used to 

derive accuracy is outlined in Equation 4. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑁 + 𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
 (4) 
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2.4.2 Precision 

Precision computes the fraction of true positive instances among all cases that were labeled as positive by the 

model. In customer churn prediction, this metric conveys how reliably the model's churn predictions correspond 

to customers who have actually discontinued their services. A high precision value means that the model produces 

fewer false positive predictions. The equation of precision metric can be seen in Equation 5. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 +  𝐹𝑃
 (5) 

2.4.3 Recall 

Recall, commonly referred to as sensitivity, measures the fraction of actual positive instances that the model 

successfully identifies. In the context of churn prediction, recall reflects how well the model is able to correctly 

recognize customers who genuinely discontinue their services. A higher recall value suggests that the model is 

more capable of capturing true churn cases. The formula for calculating recall is provided in Equation 6. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 +  𝐹𝑁
 (6) 

 

3.  Results and Discussions 

This section presents the results obtained from implementing three machine learning approaches for the purpose 

of customer churn prediction, encompassing Logistic Regression, Decision Tree, and Random Forest. The 

capability of each model is gauged through accuracy, precision, and recall as broadly recognized benchmarks for 

evaluating classification performance. Selecting appropriate evaluation metrics is essential to determining which 

model is best suited for addressing a given problem [26]. Beyond measuring predictive capability, the LIME 

technique is further employed to shed light on how each model arrives at its predictions and to pinpoint the most 

significant features that drive churn prediction outcomes. 

3.1 Model Performance Evaluation 

The predictive effectiveness of each machine learning model is assessed through accuracy, precision, and recall 

as evaluation benchmarks. Together, these metrics offer a thorough measurement of classification performance, 

particularly in terms of the model's capacity to correctly identify customers who are at risk of churning. The 

comparison of the model performance is presented in Table 1. 

Table 1. Performance Comparison of Machine Learning Models 

Model Accuracy Precision Recall 

Logistic Regression 0.8211 0.6885 0.5925 

Decision Tree 0.7289 0.4912 0.5228 
Random Forest 0.7928 0.6417 0.4826 

 

Based on the evaluation results, Logistic Regression achieved the highest accuracy value of 0.8211, indicating that 

it provides the most reliable overall performance among the evaluated models. Random Forest achieved the second 

highest accuracy value of 0.7928, while Decision Tree produced the lowest accuracy value of 0.7289. The 

precision metric measures how many customers predicted as churn actually belong to the churn class. Logistic 

Regression obtained the highest precision value of 0.6885, indicating that this model performs better in minimizing 

false positive predictions compared with the other models. Random Forest also produced relatively good precision 

with a value of 0.6417, while Decision Tree achieved the lowest precision value of 0.4912. 
 

Regarding recall, which reflects how effectively each model captures genuine churn cases, Logistic Regression 

once again recorded the highest score of 0.5925, with Decision Tree following at 0.5228 and Random Forest 

posting the lowest figure of 0.4826. A relatively higher recall score signifies that the model demonstrates a greater 

capacity to successfully detect customers who genuinely discontinue their services. Overall, the results indicate 

that Logistic Regression provides the most balanced performance across the evaluated metrics. This suggests that 

the Logistic Regression model is the most effective model for tthis study. The relatively strong performance of 

Logistic Regression may be attributed to the nature of the dataset, which contains structured tabular data that can 

be effectively modeled using linear decision boundaries. 

3.2 Model Interpretability Using LIME 

While performance metrics offer valuable insight into model accuracy, understanding the reasoning behind each 

prediction is equally essential. Many machine learning models function as black-box systems, making their internal 
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decision-making processes difficult to interpret. To tackle this concern, the present study employs the LIME 

method to generate explanations for the predictions produced by each model. LIME constructs localized 

explanations by fitting a simpler and more transparent model in the vicinity of a specific data instance. This 

approach enables researchers to determine which features carry the greatest influence over a given prediction 

outcome. 

3.2.1 Logistic Regression Explanation 

The LIME explanation for the Logistic Regression model indicates that the analyzed customer is predicted to churn 

with a probability of 0.70, while the probability of not churning is 0.30. This prediction suggests that the model 

identifies several risk factors associated with customer churn. The most influential feature contributing to churn 

prediction is the month-to-month contract type. Customers with month-to-month contracts generally have greater 

flexibility to discontinue the service compared with customers who have long-term contracts. This characteristic 

often makes them more likely to churn. 
 

Another significant feature is the fiber optic internet service, which may indicate that customers using high-speed 

internet services have higher expectations for service quality. If these expectations are not met, customers may 

decide to switch to other service providers. Additionally, the absence of online security and technical support 

services also increases the probability of churn, suggesting that customers who do not receive additional support 

services may feel less satisfied with the service. Other contributing features include paperless billing, lack of 

dependents, and streaming movie services, which also contribute to increasing the likelihood of churn. On the 

other hand, attributes such as total charges and phone service availability slightly reduce the probability of churn, 

indicating that these features have a smaller influence on the prediction. The LIME explanation for the Logistic 

Regression model is illustrated in Figure 6. 

 
Figure 6. LIME Explanation for Logistic Regression 

3.2.2 Random Forest Explanation 

The LIME explanation for the Random Forest model shows that the customer is predicted to churn with a 

probability of 0.67, while the probability of not churning is 0.33. The results indicate that several features strongly 

influence the prediction outcome. Similar to the Logistic Regression model, the month-to-month contract type is 

the most influential feature contributing to churn prediction. This finding highlights the importance of contract 

type as a key factor affecting customer retention. 
 

In addition, the fiber optic internet service and high monthly charges exceeding 89.90 significantly increase the 

likelihood of churn. Customers who pay higher monthly charges may have higher expectations for service quality 

and value. If the perceived value of the service does not match the cost, customers may consider switching to other 

providers. Other factors such as lack of online security, absence of technical support, streaming services, and 

paperless billing also contribute to increasing the probability of churn. Such outcomes indicate that the presence 

of supplementary service features and accessible customer support contributes significantly to overall customer 

satisfaction and their likelihood of staying. The LIME-based interpretation for the Random Forest model is visually 

depicted in Figure 7. 
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Figure 7. LIME Explanation for Random Forest 

 

3.2.3 Decision Tree Explanation 

Unlike the previous models, the Decision Tree model predicts that the analyzed customer will not churn, with a 

probability of 1.00. This difference in prediction illustrates how different machine learning algorithms may 

interpret the same input features in different ways.The LIME explanation indicates that several features contribute 

to the prediction of no churn. One of the important features is monthly charges greater than 89.90, which in this 

case appears to support the prediction that the customer will remain with the service provider. Additionally, the 

model also considers the fact that the customer is not a senior citizen, which may indicate lower churn risk for this 

specific instance. Other features influencing the prediction include tenure between 9 and 29 months, having a 

partner, and the availability of phone services and streaming services. These factors may indicate that the customer 

has an established usage pattern with the service provider, which reduces the likelihood of churn. Figure 8 

illustrates the LIME-based interpretation generated for the Decision Tree model. 

 
Figure 8. LIME Explanation for Decision Tree 

3.3 Discussion 

The results of the LIME explanations reveal that several customer attributes consistently influence churn 

predictions across different machine learning models. Features such as contract type, internet service type, monthly 

charges, tenure, and additional services such as online security and technical support play a significant role in 

determining whether a customer is likely to churn. Interestingly, both Logistic Regression and Random Forest 

predict that the analyzed customer will churn, while the Decision Tree model predicts that the customer will not 

churn. This difference highlights how different machine learning algorithms capture patterns and relationships 

within the dataset differently. In general, the integration of machine learning models with explainable AI 

techniques such as LIME offers a more comprehensive understanding of customer behavior and the underlying 

factors that drive churn predictions. Such insights can empower organizations to gain a clearer picture of customer 

needs and formulate more targeted strategies aimed at strengthening customer retention and enhancing overall 

service quality. 
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4. Conclusion 
 

This study proposes an integrated framework for customer churn prediction that combines machine learning model 

comparison with explainable artificial intelligence to address the gap between predictive performance and model 

interpretability. The proposed approach incorporates multiple machine learning algorithms, namely Logistic 

Regression, Decision Tree, and Random Forest, within a unified evaluation pipeline, while embedding the LIME 

method as a core component for interpreting prediction outcomes. The experimental results demonstrate that 

Logistic Regression achieved the best performance with an accuracy of 0.8211, followed by Random Forest with 

0.7928 and Decision Tree with 0.7289. In addition, Logistic Regression also obtained the highest precision and 

recall values, indicating its ability to provide more balanced and reliable predictions in identifying customers at 

risk of churn. These findings highlight that simpler and more interpretable models can outperform more complex 

models when evaluated under a consistent framework. Furthermore, the integration of LIME within the modeling 

pipeline enables detailed local interpretability of prediction results. The analysis reveals that contract type, internet 

service category, monthly charges, tenure, and additional services such as online security and technical support 

are the most influential factors affecting customer churn. This integrated approach not only enhances transparency 

but also bridges the gap between technical model outputs and actionable business insights. Overall, this study 

demonstrates that combining predictive modeling with explainable AI within a unified framework provides a more 

comprehensive and decision-oriented approach to customer churn prediction. The proposed framework supports 

both accurate prediction and meaningful interpretation, enabling organizations to design more effective, data-

driven customer retention strategies. Future research may extend this work by incorporating more advanced 

models, larger and more diverse datasets, or alternative explainability techniques to further improve both predictive 

performance and interpretability. 
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