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ABSTRACT Article Info

The telecommunications industry faces significant challenges regarding customer ) )
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methodology employed is the Cross-Industry Standard Process for Data Mining
(CRISP-DM), utilizing a secondary dataset from Kaggle comprising 7,043
customer records. The data imbalance challenge was addressed using the Synthetic
Minority Over-sampling Technique (SMOTE) on training data to enhance minority
class detection. Evaluation results using Stratified 5-Fold Cross Validation
demonstrate highly reliable model performance, achieving an accuracy and a recall
value. This model was subsequently implemented into a web-based information
system using the FastAPI framework and Neon Database. The system is capable of
performing real-time customer risk classification (Low, Medium, High) and
integrates Generative Al technology (Gemini API) to provide personalized and
communicative retention strategy recommendations for customer service agents.

Accepted July 12, 2026

Keyword : Customer Churn; FastAPI; Machine learning; SMOTE; Retention Strategy; XGBoost.

Corresponding Author:

Name: Aida Fadhila

Department: Information Technology Study Program
Institution: Universitas Muhammadiyah Sumatera Utara
Address: Medan

Email : aidafadhila87 @gmail.com

This work is licensed under a Creative Commons Attribution-ShareAlike 4.0 International License. [

1. INTRODUCTION

Based on the annual reports of several global telecommunications operators, the mobile customer churn
rate is in the double-digit range per year, with figures tending to be higher in the prepaid segment than in the
postpaid segment [1]-[3]. Recent research and literature reviews indicate that customer churn is a major
challenge in the telecommunications industry because it has a direct impact on decreasing recurring revenue
and increasing the need to predict and retain customers through retention strategies [3]. Therefore, churn
management is seen as a crucial strategic issue for the business sustainability of telecommunications companies
because it is directly related to the company's long-term profitability and competitiveness.

In practice, telecommunications companies face challenges in early identification of customers who are
likely to churn due to the high volume of data and the complexity of customer behavior [4]-[6]. This complexity
is influenced by heterogeneous data characteristics, class imbalance, and non-linear relationships between
variables, making them difficult to analyze using conventional linear models [7]-[9]. Recent studies have
shown that customer churn patterns are formed from the interaction of various factors such as service usage,
contract type, and consumption behavior, which influence each other. Therefore, a machine learning-based
approach is needed to more accurately capture these complex relationship patterns [10]-[12].

The data used in this study is a global telecommunications customer dataset obtained from the Kaggle
platform, which is also widely used in machine learning-based churn prediction research. Although the dataset
is global in scale, the analyzed churn patterns remain relevant to the Indonesian telecommunications industry
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context because the characteristics of cellular services, prepaid and postpaid models, and data-based systems
are similar to global industry practices [13]. Furthermore, industry reports indicate that increasing data service
penetration and high levels of competition between operators are global phenomena that also occur in various
developing countries, including Indonesia, so churn analysis based on global data remains contextually relevant
[14].

As technology advances and customer data complexity increases, machine learning approaches are
becoming increasingly relevant due to their ability to learn complex and non-linear patterns from historical
data more effectively than conventional analysis methods. However, several previous studies have shown that
conventional classification algorithms such as Support Vector Machine (SVM), Random Forest, and Logistic
Regression still have variable churn prediction performance and are relatively inferior to more sophisticated
boosting approaches. In a study of the application of SVM, Random Forest, and Logistic Regression to a
telecommunications churn dataset, the highest accuracy results only reached around 79% for Logistic
Regression and 76% for Random Forest, while SVM showed even lower accuracy at around 74% [15]-[17]. A
comprehensive review also reported that Random Forest and SVM performed moderately with accuracy below
90% on various churn datasets, while simpler models like Logistic Regression tended to be less stable when
applied to imbalanced data [18]-[20].

Based on these limitations, this study chose the XGBoost algorithm because of its ability to model
complex and non-linear relationships through an iterative gradient boosting approach to minimize prediction
errors [21]-[23]. In addition, XGBoost has a regularization mechanism to reduce the risk of overfitting, supports
handling imbalanced data through class weight settings, and is able to manage missing values automatically,
making it more adaptive to the characteristics of heterogeneous and dynamic churn data [24]-[26]. Based on
these advantages, XGBoost was chosen in this study to handle imbalanced data and capture non-linear
relationships accurately. This study not only builds a prediction model, but also implements it into a web-based
system using FastAPI and Neon Database to provide automatic customer retention strategy recommendations
and integrates through a data and model synchronization mechanism.

2. METHOD
2.1. Customer Churn in the Telecommunications Industry

Customer churn is defined as a condition where a customer decides to stop using a service or switch to
another service provider within a specific time period. In this study, churn is represented as a binary target
variable (Churn): Yes (customer unsubscribes) and No (customer remains subscribed). This variable is a key
indicator of the success of customer retention strategies in the telecommunications industry [23].

In general, churn is divided into two main types: voluntary churn and involuntary churn. Voluntary
churn occurs when customers consciously choose to unsubscribe due to dissatisfaction with price or service
quality. Conversely, involuntary churn occurs due to administrative factors such as service termination due to
unpaid payments. This study focuses on voluntary churn because this type can be predicted and prevented
through accurate analysis of historical customer data [27]-[29].

2.2. XGBoost (Extreme Gradient Boosting) Algorithm

Gradient boosting is an ensemble learning technique that gradually builds a predictive model by
combining several simple models (weak learners), typically decision trees, into a single, more robust model.
The learning process is iterative, with each new model trained to correct the residual error generated by the
previous model [30]. This approach uses gradient-based optimization principles, where the model gradually
minimizes a loss function by adjusting predictions to the direction of the error gradient. In this way, gradient
boosting is able to capture non-linear patterns and complex interactions between features that frequently appear
in telecommunications customer data [31].

In the context of customer churn prediction, gradient boosting is considered effective because it can
improve prediction accuracy on complex and heterogeneous data. Several studies have shown that gradient
boosting-based algorithms, including XGBoost, consistently outperform single classification models in
identifying customers at risk of churn [32].

2.3. Decision Threshold Optimization

When classifying churn risk, using a single threshold, such as 0.5, is often suboptimal for business
needs. This research ensures that each threshold used (e.g., 0.7 for high-risk segmentation) has a quantitative
basis and is not arbitrary. Threshold determination is based on a Receiver Operating Characteristic (ROC)
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Curve analysis using the Youden Index approach (J = Sensitivity + Specificity - 1) to maximize the model's
discrimination ability, or based on a Precision-Recall Curve analysis to optimize the F1-Score. This threshold
selection considers the trade-off between precision and recall to align with the business objective of customer
retention; where failure to detect potential churners (False Negatives) has a greater financial impact than
misdetecting loyal customers (False Positives).

3. RESULTS AND DISCUSSION
3.1. Dashboard View

Analisis Pela nggan Prediksi Custumer Churn menggunakan XGBaost
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Figure 1. Dashboard View

The system's primary interface serves as a centralized hub for managing and analyzing customer data
for churn prediction. It features a structured navigation panel (Dashboard, Model Analysis, Deep Dive
SMOTE, and History) and a database connection status indicator. The main section contains a customer
analysis form designed around XGBoost model variables to streamline data input and support data-driven
retention strategies.
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Figure 2 Churn Prediction Results

Utilizing the XGBoost algorithm, the system calculates and displays the churn probability for individual
customers. This probability is derived from processed input variables that have undergone preprocessing and
modeling based on training data, providing a foundational metric for making informed customer retention
decisions.
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Figure 3 Model Analysis Interface

This page evaluates the performance of the XGBoost algorithm after training and testing phases. It

displays key evaluation metrics- alongside a confusion matrix to analyze classification errors and a feature
importance chart identifying the most influential predictors
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Figure 4 Imbalance Detection & Preprocessing

This figure illustrates the initial stage of addressing data imbalance by showing class distribution before
applying SMOTE. The preprocessing workflow includes feature-target separation, One-Hot Encoding for

categorical variables, and numerical feature standardization to prepare the data for the model and prevent
scaling bias.
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Figure 5 SMOTE Mechanism

The diagram explains the Synthetic Minority Over-sampling Technique (SMOTE), which generates
synthetic data for the minority class rather than simple duplication. Based on the k-Nearest Neighbors (k-NN)
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approach K=5, the process selects a minority sample and creates new data points between it and its neighbors
to enrich data variety and improve the model's ability to learn churn patterns.
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Figure 6 Pipeline Implementation

The system implements SMOTE within an imblearn.pipeline to prevent data leakage. The pipeline
integrates three distinct stages: data preprocessing, SMOTE oversampling (applied only to training data), and
XGBoost model training, ensuring a structured and consistent workflow.
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Figure 7 Performance Evaluation & Reporting

Post-SMOTE evaluation demonstrates a significant increase in the Recall metric, which is critical for
identifying at-risk customers. Although a slight trade-off in Precision may occur, the enhanced ability to detect
churn is considered more valuable for business retention strategies.
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Figure 8 Prediction History Interface

The History page provides comprehensive documentation of all previous predictions, including
timestamps, customer IDs, classification results, probability values, and risk levels. This feature ensures
transparency and enables long-term tracking and evaluation of data-driven retention efforts.
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4. CONCLUSION

Several conclusions were drawn from the discussion on customer churn prediction in the
telecommunications industry to support customer retention strategies using the XGBoost algorithm: An
optimal customer churn prediction model was successfully built using the XGBoost algorithm, integrating the
Synthetic Minority Oversampling Technique (SMOTE) method into the training data to address data
imbalance. This approach has proven capable of enabling the model to recognize customer churn patterns
without bias toward the majority class. The XGBoost model's performance demonstrated highly reliable
results, with an accuracy value and a Recall. These evaluation results demonstrate that the model is not only
accurate overall but also effective in minimizing false negatives in detecting customers at risk of churning. A
web-based information system was successfully implemented using the FastAPI framework, capable of
synchronously presenting prediction results and analyzing churn factors. The use of Neon Database as cloud
storage enables automatic synchronization of customer data and model versions, ensuring that the predictions
provided are relevant and consistent with the latest data entered into the system. 4. The prediction results and
analysis of influencing factors (such as contract type and subscription period) have been successfully utilized
as the basis for formulating retention strategies. Integration with Generative Al (Gemini API) in this system
can provide specific follow-up strategy recommendations for each customer profile to increase their loyalty.
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