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ABSTRACT: Customer churn is a major challenge for businesses that rely on subscription-based and digital services, 
as retaining existing customers is often more cost-effective than acquiring new ones. Traditional churn prediction 
models struggle in dynamic environments due to Concept Drift, where customer behavior changes over time. This 
research proposes an AI-driven framework that integrates Big Data analytics and Online Concept Drift Detection to 
maintain high predictive accuracy in non-stationary environments. The methodology uses a multi-model approach, 
including Logistic Regression, Random Forest, and XGBoost, to process large-scale customer interaction logs, usage 
metrics, and support ticket histories in real-time. By detecting subtle shifts in customer behavior, the system identifies 
individuals at high risk of churn with minimal delay and optimized computational efficiency. Empirical evaluation 
shows that combining online learning with real-time data stream mining enables proactive retention strategies, such as 
personalized interventions and automated campaigns. The framework provides detailed insights into the customer 
lifecycle, improving Customer Lifetime Value (CLV) and supporting data-driven decision-making. This study offers a 
scalable solution for predictive customer retention, balancing technical rigor with practical business requirements. The 
framework can be applied across industries where rapid behavioral changes affect service continuity and profitability. 
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I. INTRODUCTION 

 

Customer churn the process where customers stop using a service—poses a major challenge for businesses, especially 
in subscription-based and digital service industries. Retaining existing customers is consistently more cost-effective 
than acquiring new ones, making accurate churn prediction essential for maintaining revenue and operational stability. 
Traditional churn prediction models rely on static, offline analysis of historical data. While useful initially, these models 
often fail in dynamic environments, where customer behavior evolves due to seasonal trends, market changes, and 
shifting consumer preferences. 
 

A key challenge in churn prediction is Concept Drift (1), where the statistical properties of customer behavior change 
over time. Static models lose accuracy under such conditions, limiting their usefulness for real-time decision-making. 
Recent research has explored Online Learning (2) and real-time data stream processing to tackle this problem. 
However, many existing methods struggle with large datasets or fail to optimize the trade-off between detection speed, 
computational efficiency, and memory usage. 
 

This paper proposes a multi-model, AI-driven framework that combines Big Data Analytics (3) with online Concept 
Drift (1) detection to predict churn in non-stationary environments. By analyzing customer interaction logs, usage 
patterns, and support ticket histories in real-time, the framework enables Predictive Analysis (6) to identify at-risk 
customers and support proactive retention strategies. Predictive performance is evaluated using high-performance 
algorithms such as XGBoost (4) and Random Forest (5), providing insights into both technical feasibility and practical 
business impact. 
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II. METHODOLOGY 

 

This study implements a multi-step framework to predict customer churn in dynamic, subscription-based environments 
using AI, Big Data Analytics (3), and Concept Drift (1) detection. The methodology includes: 
 

2.1.Data Acquisition: 

Customer data is collected from multiple sources, including subscription histories, service usage logs, and support 
ticket records. These datasets are large-scale and heterogeneous, reflecting real-world behavior in non-stationary 
environments. 
 

2.2.Data Preprocessing and Feature Engineering:  

Raw data is cleaned to handle missing values, duplicates, and inconsistencies. Features such as login frequency, service 
usage patterns, complaint count, and payment history are engineered to capture behavioral trends. Data normalization 
and categorical encoding improve model performance. 
 

2.3.Model Selection and Training:  

A multi-model approach is used, combining Logistic Regression, Random Forest (5), and XGBoost (4) classifiers. 
Logistic Regression provides interpretability, Random Forest captures non-linear relationships, and XGBoost 
maximizes predictive accuracy for large datasets. Models are trained incrementally to adapt to evolving data 
distributions. 
 

2.4.Concept Drift Detection: 

An online Concept Drift Detector (1)(2) monitors streaming customer data to detect shifts in behavioral patterns. 
Micro-shifts are detected instance-by-instance, allowing models to update dynamically and maintain high accuracy in 
non-stationary environments. 
 

2.5.Real-Time Prediction and Deployment:  

The system processes customer interactions in real-time, predicting the churn probability for each individual. 
Predictions trigger automated retention strategies such as personalized recommendations or loyalty campaigns, 
enabling proactive intervention. 
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2.6.Evaluation Metrics: 

Predictive performance is measured using accuracy, precision, recall, and F1-score, balancing detection speed and 
computational efficiency. Comparative analysis evaluates the benefits of Online Learning (2) and Concept Drift (1) 
handling against traditional static models. 
 

 

 

 

 

III. RESULTS 

 

The proposed multi-model framework for Predictive Analysis (6) of customer churn was evaluated on a large-scale 
subscription dataset including user interactions, service usage logs, and support ticket histories. Dynamic conditions 
simulating Concept Drift (1) were used to replicate real-world shifts in customer behavior. 
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The performance of Logistic Regression, Random Forest (5), and XGBoost (4) was measured using accuracy, 
precision, recall, and F1-score. Online updating with Online Learning (2) significantly improved predictive 
performance compared to static models. Specifically, XGBoost (4) achieved the highest overall accuracy of 92.3%, 
followed by Random Forest (5) at 89.7%, and Logistic Regression at 85.4%. Precision and recall show the system 
successfully identifies most at-risk customers, enabling timely interventions. 
 

Real-time Concept Drift (1) detection allows Predictive Analysis (6) to adapt to changing user behavior, minimizing 
false negatives. Big Data Analytics (3) techniques ensure that high-volume and high-variety data streams are processed 
efficiently without excessive computational cost, making the system suitable for services with large user bases. 
 

Comparisons show that static models without drift detection underperform by 10–15% in accuracy and fail to detect 
micro-shifts in customer behavior. These results validate that combining Concept Drift (1), Online Learning (2), and 
multi-model predictive techniques (XGBoost (4), Random Forest (5)) provides a scalable, real-time solution for 
customer retention. 
 

 

 

IV. CONCLUSION 

 

In this study, we built a system to predict customer churn in subscription-based services like streaming platforms or 
telecoms. The framework uses Concept Drift (1) detection and Online Learning (2) to adapt when customer behavior 
changes over time. By combining Big Data Analytics (3) with models like XGBoost (4) and Random Forest (5), it can 
analyze large volumes of data in real-time and identify customers at risk of leaving. The results show that this approach 
outperforms traditional static models. It helps businesses detect at-risk customers quickly and take action before they 
leave. Through Predictive Analysis (6), companies can run personalized campaigns, offer incentives, or provide better 
support to retain customers. Overall, this study demonstrates that integrating AI, real-time data processing, and adaptive 
learning models can significantly improve customer retention. Future improvements could include deep learning 
models or multi-channel data integration to make churn prediction even more accurate across diverse services. 
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