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Customer churn is a significant concern in the telecommunications industry,
particularly in highly competitive and price-sensitive markets such as
California. Although machine learning methods are widely applied for churn
prediction, their practical adoption is often limited by insufficient
interpretability. This study develops an interpretable and business-oriented
churn analysis framework by comparing multiple machine learning models,
including logistic regression (LR), random forest (RF), support vector
machine (SVM), and extreme gradient boosting (XGBoost), combined with
shapley additive explanations (SHAP)-based explanation techniques. Using
a real-world California telecom customer dataset, the framework identifies
key churn determinants related to contract characteristics, pricing sensitivity,
and customer service behaviors. Experimental results demonstrate that
XGBoost achieves the best predictive performance among the evaluated
models, while SHAP provides transparent explanations of feature
contributions, highlighting the importance of contractual and pricing factors

for customer retention strategies.
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1. INTRODUCTION

Customer churn is a persistent and economically significant issue in the telecommunications
industry, particularly in highly competitive and saturated markets such as California [1]. The cost of
acquiring new customers is substantially higher than that of retaining existing ones, making churn reduction a
critical component of a sustainable business strategy.

Customer churn prediction has become a critical task for telecommunications companies because
inaccurate churn identification can lead to customer loss and reduced business sustainability.
Although machine learning approaches have significantly improved churn prediction performance, many
existing studies still focus primarily on predictive accuracy while providing limited explanations of the
factors influencing customer decisions. This limitation reduces the practical applicability of machine learning
models in real-world telecom management systems. In recent years, increasing competition, service
commoditization, and price sensitivity have further intensified churn behavior, particularly among urban and
cost-sensitive customer segments. These challenges have made churn prediction an important research topic
in both academic and industrial domains [2], [3].

To address this issue, machine learning (ML) and artificial intelligence (Al) techniques have been
widely adopted for predictive modeling of customer churn [4]. These approaches significantly improve
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prediction accuracy compared to traditional statistical methods and enable large-scale data-driven
decision-making in telecom systems [5], [6].

However, despite these advancements, most existing approaches remain limited in terms of
interpretability and operational usability, restricting their application in real-world decision-making
environments. Therefore, this study develops an interpretable machine learning framework for customer
churn analysis by integrating multiple predictive models with explainable artificial intelligence (XAI)
techniques. Shapley additive explanations (SHAP) is used to enhance model transparency by identifying
the contributions of individual features to churn predictions [7]. In this study, customer characteristics,
including contract type, monthly charges, and service-related factors, are analyzed using a California
telecommunications dataset to explore the major determinants of customer churn [8], [9].

Unlike studies that focus solely on model performance comparisons, this research emphasizes the
integration of predictive capability, model reliability, and practical interpretability. Logistic regression (LR),
random forest (RF), support vector machine (SVM), and extreme gradient boosting (XGBoost) are compared
using systematic model evaluation strategies, while SHAP analysis is further applied to explain the
decision-making process of the best-performing model. The objective of this study is therefore to provide an
interpretable analytical framework that connects machine learning prediction with actionable customer
retention strategies.

2. PROPOSED APPROACH AND CONTRIBUTIONS

Customer churn prediction has been widely investigated in the telecommunications industry due to
its significant impact on customer retention and business performance [10]. Previous studies have applied
various statistical and machine learning methods, ranging from traditional models such as LR to advanced
ensemble algorithms such as XGBoost [11]. While traditional statistical models provide better
interpretability, their ability to capture complex nonlinear relationships may be limited. Conversely, machine
learning models generally achieve stronger predictive performance but often suffer from reduced

transparency, making it difficult for decision-makers to understand the reasons behind predictions [12].

Recent studies have introduced XAl techniques, such as SHAP, to improve the interpretability of
machine learning-based churn prediction models [13]-[15]. However, many existing studies primarily
emphasize algorithmic performance or methodological development, while the practical interpretation of churn
drivers and their implications for customer retention remain underexplored. Furthermore, limited attention has
been paid to regional differences in customer churn behavior, particularly in specific markets with unique
economic and competitive characteristics such as California [16], [17]. Therefore, a research gap remains in
developing churn prediction frameworks that simultaneously achieve reliable predictive performance, model
interpretability, and practical applicability. Recent studies have highlighted the importance of integrating
explainable machine learning with business decision support; however, further empirical investigation using

regional telecom datasets and comprehensive evaluation strategies is still needed [18].

To address these limitations, this study proposes an interpretable machine learning framework for
telecom customer churn prediction in the California telecommunications market.

— The proposed framework evaluates multiple machine learning algorithms, including LR, RF, SVM, and
XGBoost, to compare their predictive performance and identify the most effective model for churn
classification. LR provides a transparent baseline, while ensemble learning approaches such as XGBoost
are adopted to capture nonlinear relationships and complex feature interactions [19].

— To enhance model interpretability, SHAP is applied to quantify feature contributions and identify the key
factors influencing churn prediction [13]. This approach enables machine learning outputs to be translated
into interpretable insights that support managerial decision-making [14].

— The study further contributes by conducting empirical analysis using a real-world telecom dataset,
focusing on region-specific behavioral patterns in California, where customer churn is influenced by
economic pressure and service heterogeneity [20].

— The proposed framework emphasizes the translation of predictive results into actionable retention
strategies, aligning machine learning outcomes with business decision requirements in telecom
operations [21].

3. RESEARCH METHOD

Customer churn is a core issue for organizations in highly competitive industries such as
telecommunications. Higher churn rates can seriously affect an organization’s profitability, customer
lifecycle value, and operational planning. This study analyzes California telecom customer churn using
machine learning techniques to identify key factors driving churn. The data for the study were obtained from
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a California telecommunications company. By building multiple machine learning models, including LR, RF,
SVM, and XGBoost, a prediction framework was constructed.

3.1. Data source

The dataset for this study was sourced from the California Telecom Customer Churn Dataset
available on Kaggle. The customer churn dataset contains information on all 7,043 customers of a
telecommunications company in California during the second quarter of 2022.

3.2. Descriptive statistics

In this study, descriptive statistical analysis of customer characteristics and churn behavior was
conducted using the California telecom dataset, and the distribution characteristics of the dataset are
summarized in Table 1. The dataset covers 1,129 cities in California, with Los Angeles representing
the largest proportion of customers (4.33%), followed by San Diego (2.13%) and San Jose (1.59%),
as presented in Table 1. The distribution of contract types shows that month-to-month contracts are the
dominant category (55.02%), followed by two-year contracts (24.07%) and one-year contracts (20.91%).
The gender distribution is relatively balanced, with male customers accounting for 50.48% and female
customers accounting for 49.52%.

Regarding customer churn behavior, Table 1 indicates that 73.46% of customers were classified as
non-churned, while 26.54% were classified as churned customers. This indicates a moderate class imbalance
between churn and non-churn categories, which should be considered during model development and
evaluation. In addition, Table 1 summarizes the numerical characteristics of customer expenditure, where
total charges range from 18.80 to 8,684.80 USD, and monthly charges range from 18.25 to 118.75 USD,
demonstrating considerable variation in customer spending patterns and service costs.

Table 1. Descriptive statistics of telecom customer churn

Columns Category/Range Percentage (%)
Los Angeles 4.33
San Diego 2.13
San Jose 159
Sacramento 153
San Francisco 1.48
City Fresno 0.91
Long Beach 0.85
Oakland 0.74
Stockton 0.62
Bakersfield 0.57
Other (1119 cities) 85.25
Month-to-month 55.02
Contract Two years 24.07
One year 20.91
Gender Male 50.48
Female 49.52
No 73.46
Churn label Yes 26.54
Total spend [18.80, 8684.80]

Monthly payment [18.25, 118.75]

3.3. Data preprocessing

Before model training, data preprocessing was performed to improve data quality and ensure
compatibility with machine learning algorithms. Six variables were selected from the California telecom
churn dataset, including contract, city, gender, monthly charges, total charges, and churn label. The total
charges variable was converted into numerical format, and missing values in numerical variables were
replaced using the median value, while categorical missing values were imputed using the mode value.
The churn label was transformed into a binary variable, where 1 represents churned customers and 0
represents non-churned customers. Gender was also encoded into binary values. Since the city variable
contained 1,129 unique categories, the 50 most frequent cities were retained, and the remaining cities were
grouped into an “Other” category to reduce feature complexity. Categorical variables were then transformed
using one-hot encoding, and numerical variables were standardized using z-score normalization.
The processed dataset was subsequently used for machine learning model development and evaluation.
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3.4. Machine learning model
The machine learning models in this study were implemented using the Scikit-learn and XGBoost
Python libraries.

3.4.1. logistic regression method

LR was adopted as a baseline classification model for customer churn prediction. LR estimates
the probability of churn based on the relationship between input features and the binary target variable.
Due to its simplicity and interpretability, LR provides a reliable benchmark for comparing more
complex machine learning algorithms. In this study, the regularization parameter C was tuned with values of
0.01, 0.1, 1, and 10, while L2 regularization was applied to control model complexity and improve
generalization performance.

3.4.2. XGBoost method

XGBoost was selected as the primary predictive model because of its strong capability in handling
structured customer data and modeling complex feature interactions. XGBoost constructs an ensemble
of decision trees through gradient boosting optimization. In this study, several important hyperparameters
were optimized, including the number of estimators (n_estimators: 100, 200, and 300), maximum tree
depth (max_depth: 3, 5, and 7), learning rate (0.01, 0.05, and 0.1), subsample ratio (0.8 and 1),
and column sampling ratio (colsample_bytree: 0.8 and 1). Furthermore, the optimized XGBoost model was
selected for SHAP-based interpretation to analyze the contribution of individual features to customer
churn prediction.

3.4.3. Random forest method

RF was employed as an ensemble learning model to capture nonlinear relationships between
customer characteristics and churn behavior. RF combines multiple decision trees to improve prediction
stability and reduce overfitting. In this study, the number of trees (n_estimators) was evaluated with values of
100 and 200, while the maximum tree depth (max_depth) was tested using values of 5, 8, and 12 to optimize
the balance between model complexity and predictive performance.

3.4.4. SVM method

SVM was applied to identify complex decision boundaries between churned and non-churned
customers. An RBF kernel was adopted to capture nonlinear patterns within customer behavior features.
The regularization parameter C was optimized using values of 0.1, 1, and 10, while the gamma parameter
was set to “scale” for kernel coefficient calculation.

3.5. Cross-validation and model evaluation indicators

To optimize model performance and ensure reliable evaluation, hyperparameter optimization and
model validation were conducted using grid search and stratified 5-fold cross-validation. Grid search was
applied to systematically evaluate predefined combinations of hyperparameters for each machine learning
model, and the optimal parameter configuration was selected based on the highest ROC-AUC score.
During the stratified 5-fold cross-validation process, the dataset was divided into five subsets while
maintaining the original proportion of churned and non-churned customers. Each model was trained on four
folds and validated on the remaining fold, and the final performance was calculated by averaging the results
across five folds.

The performance of the developed models was evaluated using multiple classification indicators,
including accuracy, precision, recall, F1-score, ROC-AUC, and PR-AUC. Accuracy represents the overall
proportion of correctly classified samples, while precision measures the reliability of churn predictions.
Recall indicates the ability of the model to identify actual churn customers, and F1-score provides a balanced
measurement between precision and recall. ROC-AUC was adopted as the primary evaluation metric because
it measures the model’s discrimination ability across different classification thresholds. In addition, PR-AUC
was included because it provides a more informative evaluation for imbalanced churn prediction tasks by
focusing on the minority churn class. Additionally, McNemar’s test was applied to assess whether the
prediction differences between XGBoost and other baseline models were statistically significant based on
paired classification results.

3.6. SHAP visualization

To improve the interpretability of the XGBoost model and identify the key factors influencing
customer churn, SHAP analysis was applied. SHAP is an XAl approach based on cooperative game theory,
which quantifies the contribution of each feature to individual predictions by assigning a SHAP value to each
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feature. A positive SHAP value indicates that a feature increases the probability of customer churn, while a
negative SHAP value indicates a decreasing effect on churn prediction.

In this study, TreeSHAP was employed because XGBoost is a tree-based ensemble model.
The trained XGBoost model was used to calculate SHAP values for all input features. The global importance
of each feature was measured using the mean absolute SHAP value, where larger values indicate greater
overall contribution to the model prediction. The top five most influential features were selected and
visualized using SHAP summary plots and SHAP importance ranking to provide a comprehensive
interpretation of the factors associated with telecom customer churn.

4. RESULTS AND DISCUSSION
4.1. Model performance

Table 2 presents the performance comparison of four machine learning models for telecom customer
churn prediction. XGBoost achieved the best overall performance, with the highest accuracy (0.79) and
Fl-score (0.55), indicating its stronger ability to balance overall classification performance and churn
identification capability.

RF achieved the highest precision (0.69), but its lower recall (0.35) led to a lower F1-score (0.47).
LR achieved comparable performance with an accuracy of 0.78 and an F1-score of 0.51, demonstrating that
linear models can still provide reasonable prediction capability. SVM showed the lowest overall
performance, with an accuracy of 0.77 and F1-score of 0.48.

In addition to the performance metrics, McNemar’s test was conducted to examine whether the
prediction outcomes of XGBoost were statistically different from those of other classifiers. As shown in
Table 3, significant differences were observed between XGBoost and LR (p = 0.0057) as well as SVM
(p < 0.001). However, no significant difference was found between XGBoost and RF (p = 0.0684),
suggesting that both tree-based ensemble models achieved comparable classification behaviors.

Table 2. Performance comparison of machine learning models
Model Accuracy  Precision  Recall  Fl-score

XGBoost 0.79 0.65 0.47 0.55
RF 0.78 0.69 0.35 0.47
LR 0.78 0.64 0.42 0.51

SVM 0.77 0.62 0.39 0.48

Table 3. Statistical comparison between XGBoost and other models using McNemar’s test
Model A Model B Chi-square  p-value  Significant

LR XGBoost 7.654 0.0057 Yes
RF XGBoost 3.321 0.0684 No
SVM XGBoost 20.679 <0.001 Yes

4.2. ROC curve

Figure 1 compares the receiver operating characteristic (ROC) curves of the four machine learning
models, including LR, RF, SVM, and XGBoost. ROC analysis evaluates the capability of classifiers to
distinguish churn customers from non-churn customers across different decision thresholds.

Among all evaluated models, XGBoost achieved the highest area under the curve (AUC = 0.831),
followed by RF, LR, and SVM. The superior ROC performance of XGBoost indicates its stronger ability to
capture nonlinear relationships among customer characteristics, enabling more accurate discrimination
between churn and non-churn customers.

Although the remaining three models also demonstrate acceptable predictive capability,
their ROC curves consistently remain below that of XGBoost. These findings suggest that ensemble
learning methods provide better generalization performance than traditional linear or kernel-based
classifiers for customer churn prediction. Overall, the ROC analysis confirms that XGBoost offers the
best classification performance and therefore was selected as the final prediction model for subsequent
XAl analysis.

4.3. Precision—recall curve
Since customer churn prediction involves an imbalanced classification problem, Precision—Recall
(PR) analysis was additionally conducted to evaluate model performance on the minority churn class. Unlike
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ROC analysis, PR curves focus specifically on the trade-off between precision and recall, making them
particularly suitable for evaluating churn prediction models.

As illustrated in Figure 2, XGBoost consistently achieves the highest Precision—Recall curve among
the four evaluated classifiers. The corresponding PR-AUC value of XGBoost was (0.642), which was higher
than RF (0.632), LR (0.589), and SVM (0.584). This result indicates that XGBoost maintains relatively high
precision while simultaneously identifying a larger proportion of actual churn customers. RF also
demonstrates competitive performance, whereas LR and SVM experience a more rapid decline in precision
as recall increases. The consistency between the ROC and PR analyses further verifies the robustness of
XGBoost. These findings suggest that the proposed model is capable of effectively identifying potential
churn customers while minimizing unnecessary retention efforts.
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Figure 2. The comparison of the precision—recall curve

4.4. XGBoost confusion matrix

In previous evaluation metrics, XGBoost has demonstrated excellent performance. Figure 3 presents
the confusion matrix of the optimized XGBoost classifier on the testing dataset. The model correctly
classified 844 non-churn customers (true negatives) and 177 churn customers (true positives), while 49
non-churn customers were incorrectly predicted as churn (false positives) and 107 churn customers were
misclassified as non-churn (false negatives).

The relatively small number of false positives indicates that the model effectively avoids
unnecessary retention interventions for loyal customers. Meanwhile, although some churn customers remain
undetected, the classifier achieves a reasonable balance between sensitivity and specificity. This balance is
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particularly important in telecommunications because excessive false alarms may increase operational costs,
whereas missed churn customers directly contribute to revenue loss.

True label
8
a

1 197 77 300

Predicted label

Figure 3. The XGBoost confusion matrix

4.5. SHAP visualization

Figure 4 illustrates the global feature importance derived from SHAP values. Features are ranked
according to their mean absolute SHAP values, representing their average contribution to the prediction
outcomes across all customers.

Monthly charges is identified as the most influential feature affecting customer churn, indicating
that pricing plays a dominant role in customer retention decisions. Contract_two year ranks second,
suggesting that long-term contractual commitments substantially reduce churn probability by increasing
switching costs. Total charges is the third most important feature, reflecting customers’ historical investment
in the service. Contract_One Year also contributes to churn prediction, although its influence is weaker than
that of two-year contracts. Finally, City_San Diego appears among the top five variables, implying that
regional market characteristics exert a modest influence on customer behavior. The SHAP feature importance
analysis demonstrates that financial and contractual variables dominate churn prediction, whereas
geographical factors contribute relatively less to the model’s overall performance.

Top 5 SHAP Feature Importance

Monthly Charges

Contract_Twao year

Total Charges

Features

Contract_One year

City_San Diego

0.0 0.1 02 0.3 0.4 0.5 0.6 0.7
Mean(|SHAP value|)

Figure 4. SHAP feature importance

Figure 5 presents the SHAP summary plot, which simultaneously illustrates both the magnitude
and direction of feature contributions to customer churn predictions. Each point represents one customer,
and the color gradient indicates the corresponding feature value, with red indicating higher values and blue
indicating lower values.

Monthly charges exhibit the largest impact on model predictions. Higher monthly charges generally
yield positive SHAP values, indicating a higher probability of customer churn. Conversely, customers with
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relatively lower monthly fees tend to exhibit negative SHAP values, suggesting a stronger likelihood of
remaining with the service provider.

The effect of Contract Two Year is predominantly negative, demonstrating that customers enrolled
in long-term contracts are substantially less likely to churn. Similarly, Contract_One Year also reduces churn
probability, although its influence is less pronounced than that of two-year contracts. Total charges display a
moderate contribution, indicating that accumulated spending reflects customer loyalty to some extent but is
less influential than current pricing policies. In contrast, City_San Diego exhibits comparatively limited SHAP
variation, suggesting that geographical location plays only a secondary role in predicting customer churn.

The SHAP summary plot therefore confirms that customer churn is primarily driven by contractual
commitment and pricing-related factors rather than demographic or regional characteristics. This finding
provides valuable business insights for telecommunications companies seeking to improve customer
retention through pricing optimization and contract management strategies.
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Figure 5. SHAP summary plot

4.6. Discussion and recommendations

This study developed and evaluated four machine learning models, including LR, RF, SVM, and
XGBoost, for telecom customer churn prediction in California. The experimental results demonstrate that
XGBoost achieved the best predictive performance, while SHAP analysis further provided interpretable
insights into the major factors influencing customer churn. The findings highlight the importance of
contractual and financial characteristics in churn behavior and demonstrate the potential of combining
machine learning and XAl for telecom customer retention management.

4.6.1. Key findings and interpretation

The model comparison results indicate that XGBoost achieved the strongest predictive capability
among all evaluated models, obtaining the highest accuracy, ROC-AUC, and PR-AUC values. This superior
performance suggests that customer churn behavior involves complex nonlinear relationships that can be
effectively captured by gradient boosting algorithms. Although RF also demonstrated competitive
performance, XGBoost achieved a better balance between precision and recall, indicating a stronger
capability in identifying potential churn customers.

The SHAP analysis reveals that monthly charges and contract-related variables are the most
influential factors affecting churn prediction. Higher monthly charges increase the likelihood of churn,
suggesting that perceived pricing and service affordability play critical roles in customer retention decisions.
In contrast, long-term contracts, particularly two-year contracts, reduce the probability of churn by increasing
customer commitment and switching costs. These findings indicate that customers with flexible contracts and
higher recurring costs represent higher-risk segments.

Additionally, total charges contributed significantly to churn prediction, indicating that accumulated
customer spending provides useful information regarding customer relationship status. However,
geographical factors such as City_San Diego showed relatively limited influence compared with contractual
and financial variables. This suggests that customer churn is primarily driven by service-related and
economic factors rather than demographic or regional characteristics.

4.6.2. Comparison with previous studies

The findings are consistent with previous studies on telecom customer churn prediction [1].
Consistent with prior research, this study confirms that pricing factors and customer commitment
mechanisms are important determinants of churn behavior in competitive telecommunications markets.
Previous studies have also emphasized that increasing competition and market liberalization intensify
customer switching behavior [22], [23].
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Previous research has demonstrated the effectiveness of machine learning approaches, including LR
and ensemble learning methods, for churn prediction tasks [24]. The current study further supports these
findings by demonstrating that XGBoost achieves better predictive performance than traditional models by
capturing nonlinear feature interactions. Meanwhile, LR remains valuable as an interpretable baseline model,
reflecting the trade-off between prediction accuracy and model transparency discussed in previous studies [18].

Although XAI methods, such as SHAP, have been increasingly applied in predictive modeling
research [13], [14], many existing studies focus mainly on algorithm development. By integrating SHAP with
XGBoost in a telecom churn prediction framework, this study provides interpretable evidence linking
machine learning predictions with practical customer retention strategies.

4.6.3. ICT and managerial implications

From an ICT perspective, this study demonstrates the value of integrating machine learning and
explainable Al techniques into telecom decision-support systems [9]. The proposed framework combines
predictive capability with model interpretability, enabling telecom operators to identify high-risk customers
and understand the reasons behind churn predictions. Such an approach can support automated churn
monitoring, customer risk assessment, and intelligent retention management systems [25], [26].

From a managerial perspective, the results suggest that retention strategies should prioritize
customers with month-to-month contracts and relatively high monthly charges. Telecom providers can
reduce churn risk by introducing contract upgrade incentives, personalized pricing plans, and targeted
retention campaigns. Furthermore, since SHAP results indicate that contractual and financial variables
contribute more significantly than demographic features, customer segmentation strategies should focus on
behavioral and service characteristics rather than demographic information [6], [27].

4.6.4. Limitations and future research

This study has several limitations. First, the dataset was obtained from a single telecom market in
California, which may limit the generalizability of the findings to other regions with different market structures.
Second, the dataset mainly contains demographic, contractual, and billing information, while behavioral factors
such as customer interactions, service complaints, and sentiment information are not included.

Future research could incorporate dynamic customer behavior data, sentiment analysis, and
advanced deep learning approaches to capture more complex churn patterns. Furthermore, cross-regional and
cross-country studies could be conducted to investigate how different market environments influence
customer churn behavior and retention strategies.

5. CONCLUSION

This study investigated telecom customer churn prediction in California by integrating machine
learning models and XAl techniques. Four classification models, including LR, RF, SVM, and XGBoost,
were developed and evaluated using multiple performance indicators. The results demonstrated that XGBoost
achieved the best predictive performance, indicating its effectiveness in capturing complex relationships
among customer characteristics. The SHAP-based analysis further revealed that customer churn was mainly
influenced by contractual and financial factors. Monthly charges, contract type, and total charges were
identified as the most important predictors, whereas demographic and regional factors contributed relatively
little. These findings suggest that telecom operators should prioritize pricing strategies, contract management,
and targeted retention programs for high-risk customer segments.

From an ICT perspective, integrating machine learning and explainable Al offers a practical
framework for developing transparent, data-driven customer retention systems. By combining accurate
prediction with interpretable insights, the proposed approach can support more effective decision-making in
telecom customer management.

This study is limited by the use of a single-region dataset and the absence of dynamic behavioral
information. Future research could incorporate customer interaction data, sentiment analysis, and
cross-regional datasets to further improve the generalizability and predictive capability of churn models.
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