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A B S T R A C T 

This project addresses the critical issue of customer churn using an AI-driven prediction system powered by machine learning. Leveraging a telecom dataset 

with features like tenure, monthly charges, contract type, and technical support, we performed thorough preprocessing, analysis, and feature engineering. 

Various models, including Logistic Regression, Decision Tree, Random Forest, and Support Vector Machine (SVM), were trained and evaluated, with SVM 

yielding the best performance. The final model was deployed through a Streamlit web application that enables real-time churn prediction based on user input 

and provides insights to support customer retention strategies. 
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Introduction 

      Customer retention is not just a metric - it's a critical driver of long-term business success. While attracting new customers is important, it is 

often significantly more expensive than keeping the ones you already have. This is especially true in highly competitive and customer-centric 

industries like telecommunications, where users have multiple service providers to choose from and can switch with ease if their expectations are 

not met. 

      Understanding why customers leave — and acting on those signals before they do is the key to reducing churn. Traditional methods like manual 

feedback analysis or basic historical trends fall short in today’s fast-paced, data-rich world. Businesses need smarter, faster, and more proactive 

tools to retain their customers. 

      We’ve designed a data-driven, AI-powered churn prediction system that leverages machine learning algorithms to identify customers who are 

at risk of leaving. By analyzing patterns across important customer features such as tenure, contract type, monthly charges, and support interaction 

frequency, the system uncovers hidden insights that aren’t obvious through manual analysis. 

      More than just predicting churn, our platform helps businesses understand the “why” behind the “what”, this empowers decision-makers to 

craft personalized retention strategies in real time, instead of reacting after the damage is done. Whether it's through targeted offers, improved 

support, or smarter billing options, businesses can now act proactively to strengthen loyalty and minimize revenue loss. In short, our solution 

transforms raw customer data into actionable insights, making customer retention not just easier, but smarter and ultimately driving 

sustainable growth. 

Literature Review 

Customer churn prediction is essential for subscription-based businesses. In [1], Idris et al. apply Logistic Regression, Decision Trees, and Random 

Forests to telecom churn detection, showing that ensemble methods combined with SMOTE significantly improve accuracy. However, the models 

lack real-time adaptability. 
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Amin et al. in [2] use Gradient Boosting (GBM, XGBoost) for churn prediction. Their models excel in structured data performance and feature 

importance analysis. Though highly accurate, their computational cost limits real-time application in large-scale systems. 

In [3], Verbeke et al. focus on banking churn using SVM with PCA for dimensionality reduction. This method enhances precision and efficiency, 

particularly in handling complex, high-dimensional data, though it's less suited for real-time dynamic behavior analysis. 

Deep learning methods are explored in [4] by Zolbanin et al., who use Recurrent Neural Networks (RNNs) to model sequential user activity for 

churn detection. These models yield high accuracy but are resource-intensive and harder to interpret for business stakeholders. 

Despite advancements in churn prediction models, there remains a gap in deploying real-time, user-friendly, and scalable systems tailored for 

proactive customer retention. This project addresses that need by proposing Smart Retention, an AI-driven solution that predicts churn with high 

accuracy and delivers actionable insights through an interactive web interface, empowering businesses to retain customers efficiently and boost 

long-term growth. 

Methodology 

 

Fig. 1. Smart Retention System Methodology 

The proposed system, Smart Retention, utilizes machine learning to proactively predict customer churn and provide personalized retention 

strategies. The methodology comprises two key modules: Churn Prediction and Retention Recommendation, as illustrated in Fig. 1. 
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In the Churn Prediction phase, the user (typically a business stakeholder) inputs customer data such as age, tenure, monthly charges, and gender 

via a web interface built using Streamlit. This data is preprocessed using a scaler to ensure consistency with the training set. The pre-trained Support 

Vector Machine (SVM) model then evaluates the input and predicts whether the customer is likely to churn. The result is displayed in real-time, 

along with a churn probability score. 

If the model predicts a high likelihood of churn, the Retention Recommendation phase is activated. Based on the customer's profile and churn 

drivers, the system suggests targeted strategies such as offering discounts for high charges, loyalty rewards for new users, or improved support 

services. These recommendations are categorized by billing, support, and promotional actions, enabling businesses to implement timely 

interventions. 

This approach ensures a data-driven, scalable, and efficient solution for customer retention, eliminating guesswork and manual churn analysis while 

empowering businesses to act proactively and retain valuable customers. 

3.1 System Architecture 

 

Fig. 2. Smart Retention System Architecture 

Smart Retention has been developed with a user-friendly, modular architecture that enables businesses to predict customer churn and take timely 

retention actions using AI-driven insights. The system consists of five main modules, each handling a specific part of the churn prediction workflow. 

It is lightweight, built using a graphical web interface (Streamlit), and suitable for real-time business decision-making. 

1. User (Business Analyst or Admin) 

The user interacts with the system through a web-based dashboard. Depending on the role (Admin or User), they can either upload a model and 

scaler or input customer data to receive churn predictions and retention strategies. 

2. Customer Data Input Module 

The user provides key customer information such as age, gender, tenure, and monthly charges through simple input fields. This data forms the basis 

for the prediction and is processed to ensure it matches the format used during model training. 
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3. Churn Prediction Module 

This module applies the pre-trained Support Vector Machine (SVM) model to the user’s input. The input is scaled and encoded before prediction. 

If the model detects a high probability of churn, the system moves on to generate recommendations; otherwise, it confirms the customer is likely 

to stay. 

4. Retention Strategy Module 

If churn is predicted, this module generates actionable, rule-based suggestions such as offering discounts, sending loyalty incentives, or improving 

customer support. These recommendations are grouped by billing, support, or engagement, enabling quick action by the business. 

5. Model Management and Logging Module 

Admin users can upload or replace the trained model and scaler files directly through the dashboard. Additionally, the system logs each prediction 

session (optionally to a backend or file), maintaining a record of customer insights and decisions for future analysis. 

This setup allows for intelligent, proactive customer engagement by automating churn detection and strategy recommendation. Each module works 

independently yet cohesively to provide a seamless and insightful user experience for business stakeholders. 

Output Screens 

 

Fig 3. Login Screen 

 

Fig 4. Login credentials given by admin 
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Fig 5. Admin Dashboard 

 

Fig 6. Login credentials of user 

 

Fig 7. User enters customer details 
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Fig 8. Churn Prediction result – Yes with strategies 

 

Fig 9. Churn prediction result - No 

Work Flow: 

The Smart Retention system uses a streamlined process that integrates machine learning with a graphical interface to deliver real-time customer 

churn prediction and retention suggestions. The full workflow is outlined below: 

Step 1: Launch the Application 

The user opens the Smart Retention web application, developed using the Streamlit framework. A login screen appears for authentication. 

Step 2: User Login 

The user enters their credentials. Admins can upload new machine learning models and scalers and regular users can access the prediction dashboard 

to input customer data. 

 

Step 3: Customer Data Input 
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The user enters key details such as age, gender, tenure, and monthly charges through the interface. These inputs serve as features for churn 

prediction. 

Step 4: Data Preprocessing and Prediction 

The system scales and encodes the input data using a preloaded scaler. The pre-trained Support Vector Machine (SVM) model then predicts whether 

the customer is likely to churn. 

       If the result is "No Churn," the customer is considered stable. 

       If the result is "Churn," the system triggers the next module. 

Step 5: Retention Strategy Generation 

For predicted churn cases, the system displays targeted, rule-based retention strategies. These may include loyalty discounts, billing adjustments, 

or support enhancements, tailored to the customer’s profile. 

Step 6: Model and Session Management 

Admin users can upload updated.pkl model and scaler files through the interface. The system also logs sessions for potential analysis, ensuring 

version control and usability tracking. 

Step 7: End of Process 

The user receives immediate feedback—either reassurance of customer retention or actionable strategies for intervention. The process concludes 

with an option to log out securely. 

Conclusion and Future scope: 

The Smart Retention project introduces an AI-driven churn prediction system designed to help businesses retain customers more effectively by 

analysing key behavioural and demographic features. It addresses the limitations of traditional churn management approaches by offering: 

* Real-time churn prediction using a pre-trained Support Vector Machine (SVM) model. 

* Automated retention strategy recommendations based on user-specific attributes. 

* A role-based, interactive web interface built with Streamlit for both technical and non-technical users. 

* Scalable architecture that can handle growing datasets and customer bases. 

* Improved customer engagement, operational decision-making, and reduced attrition. 

* Seamless integration of modules, including data pre-processing, model evaluation, prediction, and strategy generation in a cohesive, 

modular pipeline.  

Future Scope: 

1. Advanced Modelling Techniques: 

Introduce deep learning models such as Artificial Neural Networks (ANNs) or LSTM to capture non-linear patterns and temporal trends in customer 

behaviour. 

2. Real-Time Data Pipelines: 

Integrate with real-time data streams (e.g., CRM platforms, live usage data) for dynamic, continuous churn monitoring and faster decision-making. 

3. Cloud Deployment: 

Host the application on platforms like AWS or Azure to improve scalability, availability, and collaboration across distributed teams. 

4. Personalized Recommendation Engine: 

Evolve from rule-based strategies to machine learning-based personalized retention offers using customer segmentation and behavioral profiling. 

5. Admin Analytics Dashboard: 
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Equip administrators with dashboards to view: 

* Churn trends 

* Model performance reports 

* Customer engagement summaries 

* Retention success metrics. 
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