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Abstract:   

Customer churn is a serious issue in the telecommunications industry because losing customers reduces 

company revenue and increases the cost of acquiring new customers. The main objective of this project 

is to develop a Customer Churn Prediction System that can identify customers who are likely to leave 

telecom services. The system helps companies take preventive actions by predicting churn in advance and 

categorizing customers into High, Medium, and Low risk groups. 

 

In this project, a telecom customer dataset containing customer details, service usage information, billing 

data, and contract type was used. The data was cleaned and prepared using preprocessing techniques such 

as handling missing values and encoding categorical variables. Machine learning algorithms including 

Logistic Regression, Random Forest, and XGBoost were implemented to predict whether a customer 

will churn or not. The models were evaluated using performance metrics such as accuracy, precision, 

recall, and confusion matrix to select the most suitable model. 

 

The system provides two prediction methods. The first method allows users to manually enter customer 

details and obtain churn probability, model confidence score, and risk classification. The second method 

allows bulk prediction by uploading a CSV file, where users can preview the data and download results 

in table format. The output includes churn probability, confidence level, risk category, and key features 

influencing churn. An interactive dashboard is also provided for graphical analysis of churn trends. 

The results show that machine learning can effectively predict customer churn and support better decision-

making in the telecom sector. 
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1.INTRODUCTION  

The telecommunications industry is highly competitive, with customer retention critical to sustaining 

revenue and reputation. Customer churn, the act of customers leaving a service, directly impacts business 

performance, making churn prediction vital in data analytics and machine learning [1].  

  

Predicting churn allows telecom operators to identify at-risk customers and implement targeted retention 

strategies, such as promotional offers or personalized services. However, the large volume of 

demographic, billing, contract, and usage data makes manual analysis impractical. Traditional statistical 

models often fail to capture complex, nonlinear patterns, highlighting the need for machine learning 

approaches [2].  

  

This study proposes a machine learning-based system for churn prediction using the Telco Customer 

Churn dataset from Kaggle. Models including Logistic Regression, Random Forest, and XGBoost are 

employed to predict churn probability and classify customers into High, Medium, and Low risk categories. 
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The system also identifies key factors contributing to churn through feature importance analysis, 

enhancing interpretability.  

+ model accuracy, interpretability, and practical usability for business decision-making. The overall 

workflow consists of multiple stages including data acquisition, preprocessing, feature engineering, model 

development, evaluation, risk categorization, and visualization through an interactive dashboard. Each 

stage is carefully implemented to transform raw customer data into meaningful predictive insights. 

 

A. Dataset Description 

The study utilizes the widely recognized Telco Customer Churn dataset, sourced from Kaggle [1], which 

contains detailed information about telecom customers. The dataset comprises 7,043 customer records and 

includes 21 attributes, covering a wide range of features such as demographic details, account-related 

information, and service usage patterns. 

The dataset includes features such as: 

• Demographics: Gender, Senior Citizen status, Partner, Dependents  

• Account Information: Tenure, Contract type, Payment method, Monthly charges, Total charges  

• Services: Internet service, Online security, Tech support, Streaming services, etc.  

The target variable, labeled as Churn, indicates whether a customer has discontinued the service (Yes) or 

continues to stay (No). This binary classification problem makes the dataset highly suitable for supervised 

learning approaches. 

The dataset is well-balanced in terms of feature diversity, allowing the model to capture behavioral patterns 

associated with customer retention and churn. It is widely used in research and industry, making it an ideal 

benchmark dataset for evaluating predictive performance. 

 

B. Data Preprocessing 

Data preprocessing plays a crucial role in improving the quality and usability of the dataset. Raw data 

often contains inconsistencies, missing values, and categorical attributes that need to be transformed 

before being fed into machine learning models. The following preprocessing steps were performed: 

 

1. Handling Missing Values 

The dataset contains missing or blank values in the TotalCharges column. These values were converted 

into numeric format using type coercion, and missing entries were handled using median imputation. 

Median imputation was chosen over mean to reduce the impact of outliers and skewed distributions. 

Additionally, rows with completely missing data were removed to ensure data integrity. 

 

2. Data Cleaning and Transformation 

Unnecessary columns such as customerID were removed as they do not contribute to prediction. The 

Churn column was separated as the target variable. 

The TotalCharges feature was converted from string format to numeric values, ensuring proper 

calculations and consistency across the dataset. 

 

3. Encoding Categorical Variables 

Since machine learning models require numerical inputs, categorical variables were transformed using 

appropriate encoding techniques: 

• Label Encoding: Applied to binary categorical variables such as gender.  

• One-Hot Encoding: Applied to multi-class categorical variables such as contract type, payment 

method, and internet service.  

This transformation ensured that categorical features were represented without introducing ordinal bias. 
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4. Feature Scaling 

To normalize the range of numerical features such as MonthlyCharges and TotalCharges, Min-Max scaling 

was applied. This scaling technique transforms values into a range between 0 and 1, ensuring that no 

feature dominates the learning process due to scale differences. 

 

5. Feature Engineering 

A new feature called tenure group was created by segmenting the tenure variable into intervals (e.g., 1–12 

months, 13–24 months, etc.). This grouping helps in identifying patterns related to customer lifecycle 

stages and improves model interpretability. 

 

6. Data Splitting 

The dataset was divided into: 

• 80% training data  

• 20% testing data  

This split ensures that the model is trained on a large portion of data while maintaining a separate test set 

for unbiased evaluation. 

 

C. Model Development 

To build a robust prediction system, multiple machine learning algorithms were implemented and 

compared. The following models were used: 

 

1. Logistic Regression 

Logistic Regression serves as a baseline model for binary classification tasks. It estimates the probability 

of churn using a logistic function. Although simple and interpretable, it assumes linear relationships 

between features and the target variable, which may limit its performance on complex datasets. 

 

2. Random Forest 

Random Forest is an ensemble learning algorithm that builds multiple decision trees and combines their 

outputs to improve prediction accuracy. It handles nonlinear relationships effectively and reduces 

overfitting through random sampling and feature selection. 

In this study, Random Forest demonstrated strong performance due to: 

• Its ability to handle both categorical and numerical data  

• Built-in feature importance measurement  

• Robustness against noise and overfitting  

 

3. XGBoost 

XGBoost (Extreme Gradient Boosting) is an advanced boosting algorithm that sequentially improves 

model performance by minimizing errors of previous iterations. It is known for its efficiency and high 

accuracy. 

XGBoost was included to explore performance improvements over traditional ensemble methods. 

 

4. Hyperparameter Tuning 

Hyperparameter tuning was performed to optimize model performance. Parameters such as: 

• Number of trees (n_estimators)  

• Maximum tree depth  

• Learning rate (for XGBoost)  

were adjusted using grid search techniques. 

After tuning, Random Forest achieved approximately 85% accuracy, outperforming Logistic Regression 

and providing comparable results to XGBoost with better interpretability. 
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D. Evaluation Metrics 

To evaluate model performance comprehensively, multiple metrics were used: 

• Accuracy: Measures overall correctness of predictions  

• Precision: Measures correctness of positive predictions  

• Recall: Measures the model’s ability to identify churn cases  

• F1-Score: Harmonic mean of precision and recall  

• ROC-AUC: Measures the model’s ability to distinguish between classes  

Among all models, Random Forest achieved the highest ROC-AUC score, indicating strong classification 

capability and reliable probability estimation. 

 

E. Risk Categorization 

To make predictions more actionable for business users, churn probabilities were categorized into risk 

levels: 

• High Risk: Probability > 0.70  

• Medium Risk: Probability between 0.40 and 0.70  

• Low Risk: Probability < 0.40  

This categorization allows organizations to: 

• Prioritize high-risk customers  

• Design targeted retention strategies  

• Optimize marketing efforts  

By translating numerical outputs into intuitive categories, the system improves usability and decision-

making efficiency. 

 

F. Dashboard and Visualization 

To bridge the gap between technical outputs and business understanding, an interactive dashboard was 

developed using Flask. 

The system supports two modes: 

1. Manual Input: Users can enter individual customer details  

2. Bulk Prediction: Users can upload CSV files for large-scale analysis  

Dashboard Features 

• Churn Distribution Visualization: Displays proportion of churn vs non-churn customers  

• Risk Segmentation: Highlights high, medium, and low-risk customers  

• Feature Importance Charts: Identifies key drivers of churn  

• Probability Distribution: Shows churn likelihood across customers  

• Downloadable Reports: Allows users to export prediction results  

The dashboard provides a structured narrative: 

1. Overview of churn trends  

2. Segmentation of customers  

3. Identification of key influencing factors  

This approach enhances interpretability and helps non-technical users understand model outputs 

effectively. 

 

G. Discussion and Critical Analysis 

The experimental results indicate that ensemble models such as Random Forest and XGBoost outperform 

Logistic Regression due to their ability to capture nonlinear relationships and feature interactions. 

Key findings include: 

• Contract type significantly impacts churn, with month-to-month customers showing higher risk  

• Tenure is inversely related to churn probability  

• Monthly charges influence customer retention behavior  
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The integration of risk categorization improves the practical usability of the system by translating 

predictions into actionable insights. 

However, the system has certain limitations: 

• It relies on historical data and does not incorporate real-time updates  

• External factors such as customer satisfaction or market competition are not included  

Future improvements may include: 

• Real-time data integration  

• Deep learning models for improved accuracy  

• Integration with CRM systems for automated decision-making  

 

2. RESULT/OUTPUT: 

   
 

 

 

Fig 1: Home Page 

 

Fig 2 : Manual Customer Prediction Interface 
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Overview 

1.Home Page 

The Home page serves as the entry point of the Customer Churn Prediction System and ensures that only 

authorized users can access the application. 

 

2.Manual Customer Prediction Interface 

This interface allows users to manually input customer information to predict the likelihood of churn. 

 

3.Prediction Result and Risk Analysis 

This screen displays the prediction results after the customer data is processed by the machine learning 

model. 

 

3. RESEARCH GAP:  

Existing churn prediction studies mainly emphasize accuracy using models like Decision Trees, SVMs, 

and Neural Networks [1][3], but they lack interpretability and real-world applicability. Most models 

act as black boxes, offering predictions without explaining churn reasons or providing interactive analysis. 

This research bridges these gaps by introducing an interpretable, dashboard-based churn prediction 

system that offers probability-based risk segmentation (High, Medium, Low) and visual churn-cause 

insights, enhancing both usability and decision support for telecom industries.  

  

4.  CONCLUSION:  

This research presents a comprehensive and effective framework for predicting customer churn in the 

telecom industry using advanced machine learning techniques. The study successfully integrates multiple 

stages of the machine learning pipeline, including data preprocessing, feature engineering, model 

Fig 3: Prediction Result and Risk Analysis 
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development, evaluation, and deployment, to create a robust and practical churn prediction system. By 

leveraging algorithms such as Random Forest and Logistic Regression, the proposed system is capable of 

accurately identifying customers who are likely to discontinue services, thereby enabling proactive 

business strategies. 

 

One of the key strengths of this research lies in its ability to move beyond simple classification and provide 

probability-based risk segmentation. Instead of merely predicting whether a customer will churn or not, 

the model assigns a churn probability score, which is further categorized into High, Medium, and Low 

risk levels. This structured categorization allows telecom companies to prioritize customer retention 

efforts more effectively. High-risk customers can be targeted with personalized offers and interventions, 

while medium-risk customers can be monitored and engaged strategically. Low-risk customers, on the 

other hand, can be maintained with minimal resource allocation. This tiered approach enhances operational 

efficiency and supports data-driven decision-making. 

 

Another significant contribution of this study is its focus on interpretability and usability. Machine learning 

models are often criticized for being “black boxes,” making it difficult for non-technical stakeholders to 

understand their predictions. To address this challenge, the system incorporates feature importance 

analysis, which highlights the most influential factors contributing to churn. The results indicate that 

variables such as contract type, tenure, and monthly charges play a crucial role in determining customer 

behavior. By presenting these insights in a clear and visual manner, the system bridges the gap between 

technical outputs and business understanding, enabling stakeholders to make informed decisions. 

 

Furthermore, the development of an interactive dashboard enhances the practical applicability of the 

proposed solution. The dashboard allows users to perform both individual and bulk predictions through 

manual input and CSV file uploads. It provides visualizations such as churn distribution charts, risk 

segmentation graphs, and feature importance rankings, which collectively offer a comprehensive view of 

customer behavior. This user-friendly interface ensures that the system can be easily adopted by business 

users without requiring extensive technical expertise. The integration of visualization tools not only 

improves interpretability but also facilitates better communication of insights across different 

organizational levels. 

 

Despite its strengths, the study acknowledges certain limitations. The model is trained on a static dataset, 

which may not fully capture real-time customer behavior and evolving market dynamics. Additionally, 

while the selected features provide strong predictive power, there may be other external factors, such as 

customer satisfaction scores or competitor influence, that are not included in the dataset. Addressing these 

limitations presents opportunities for future research. 

 

Future enhancements could include the integration of real-time data streams to enable dynamic churn 

prediction, as well as the incorporation of more advanced algorithms such as deep learning models for 

improved accuracy. Additionally, expanding the system to include automated recommendation engines for 

retention strategies could further increase its business value. The use of explainable AI (XAI) techniques 

can also be explored to enhance transparency and trust in model predictions. 

 

In conclusion, this research demonstrates that machine learning can serve as a powerful tool for customer 

churn prediction in the telecom sector. By combining predictive accuracy, interpretability, and user-

friendly design, the proposed system provides a practical solution for addressing one of the most critical 

challenges faced by telecom companies. The findings of this study not only contribute to academic 

research but also offer valuable insights for industry practitioners aiming to improve customer retention 

and business performance. 
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5. FUTURE SCOPE:  

For future research, deep learning-based architectures, ensemble optimization, and real-time data 

streaming can be explored to further enhance model accuracy and scalability. Integration with CRM 

systems and deployment on cloud platforms would make the solution more adaptive for large-scale 

telecom operations.  
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