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Abstract 

This study presents a machine learning-based framework designed to predict customer 

churn in subscription-based businesses and help organizations understand why customers 

discontinue their services. The research investigates the performance of several 

classification algorithms, including Logistic Regression, Random Forest, and Gradient 

Boosting, using the dataset obtained from the thesis data. Particular attention is given to 

data preprocessing and feature engineering, as these steps are essential for improving data 

quality and developing reliable predictive models. The experimental results demonstrate 

that ensemble learning techniques deliver the strongest overall performance, achieving an 

accuracy of 88.7% and a ROC-AUC score of 0.95. 

These findings suggest that the proposed approach can effectively distinguish between 

customers who are likely to remain subscribed and those who may leave the service. The 

feature importance analysis identifies customer age, active membership status, and the 

number of products held by each customer as the most influential variables associated with 

churn. Understanding these factors can help businesses recognize customer behavior 

patterns and identify potential dissatisfaction at an early stage. 

 Furthermore, the framework provides valuable insights into the characteristics of 

customers who are more likely to discontinue their subscriptions. Instead of relying solely 

on historical reports, organizations can use the model to anticipate possible customer losses 

and take timely action. For example, businesses may offer personalized incentives, improve 

customer support, or introduce targeted engagement campaigns for customers identified as 

being at risk. The integration of predictive analytics into customer relationship 

management can also support more informed decision-making and improve the allocation 

of retention resources. Another important aspect of the proposed framework is its potential 

adaptability to different subscription-based environments, including telecommunications, 

digital platforms, online services, and membership programs. With appropriate retraining 

and validation, the model can be updated to reflect changing customer preferences and 

evolving business conditions. The combination of strong predictive performance and 

interpretable feature insights makes the framework useful not only for forecasting churn 

but also for understanding the factors associated with customer departure.  

However, the effectiveness of the system in real-world applications will depend on data 

quality, customer behavior changes, and validation across different business settings. 

Overall, this research demonstrates how machine learning can transform customer churn 

analysis from a reactive process into a proactive decision-support mechanism. By 

identifying at-risk customers earlier and supporting evidence-based retention strategies, the 

proposed framework can help organizations strengthen customer relationships, improve 

retention efforts, and increase long-term customer lifetime value. 

  Keywords: Customer Churn Prediction,  Predictive Analytics, Machine Learning (ML) 

,Subscription-Based Models, Random Forest SMOTE (Synthetic Minority Oversampling 

Technique),Data Preprocessing , Ensemble Learning, Customer Retention Strategy. 
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1. INTRODUCTION 

In the modern digital era, the exponential growth of online platforms and subscription-based services 

has led to a significant challenge for businesses: information overload and customer attrition[1]. As 

markets become increasingly competitive, the ability to provide personalized user experiences and 

maintain long-term customer relationships has become a strategic priority [2]. This research focuses on 

two critical pillars of digital business intelligence: Predictive Analytics for Customer Churn and the 

Development of Advanced Recommendation Systems [3].  

Research Questions 

1. What are the most effective machine learning models for forecasting customer churn? 

2. How do different customer data features impact the correctness of churn prediction models? 

3. What are the challenges and boundaries of implementing machine learning models for churn 

prediction in subscription-based businesses? 

Research Objectives 

The primary objective of this research is to develop a scalable and adaptive framework that combines 

predictive analytics with intelligent recommendation strategies [4,5]. Evaluate the effectiveness of 

various [6]. models in predicting churn across different subscription-based domains [7,8]. Address the 

limitations of traditional recommendation systems through hybrid modeling and feature engineering. 

Analyze the impact of real-time data processing on model performance and business outcomes like 

revenue retention and marketing optimization [9,8,]. 

Several challenges impede the effectiveness of churn prediction models. These include: 

 Data quality: Incomplete inconsistent or noisy data can reduce model accuracy [11]. 

 Feature selection: Identifying the most relevant features for predicting churn is critical but 

challenging [12,13]. 

 Model interpretability: Many advanced ML models such as deep learning operate as black 

boxes making it difficult to understand how predictions are made [14]. 

 Imbalanced datasets: Churn events are often rare compared to non-churn events leading to 

imbalanced datasets that can bias model performance [15]. 

 The rest of this paper is organized as follows: Section 2 presents the related work and literature review. 

Section 3 describes the methodology and system design. Section 4 discusses the results and analysis. 

Section 5 concludes the study and outlines future work directions. 

 

2. LITERATURE REVIEW 

The literature review provides a comprehensive analysis of existing studies and theoretical frameworks related to 

customer churn prediction using machine learning, particularly in subscription-based industries. 

1. Theoretical Background: 

Customer Churn: This term describes the frequency with which clients discontinue their commercial engagement 

with a service provider. Predictive Analytics It involves using historical data, statistical algorithms, and machine 

learning methods to calculate the probability of future events, such as a customer leaving a service [16,,15]. 
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Machine Learning (ML)  a branch of artificial intelligence, ML enables systems to autonomously learn from 

patterns in customer data (demographics, transactions, and behavior) without being explicitly programmed [17].   

2. Evolution of Churn Prediction Techniques: 

Traditional Methods: Initially, simple statistical analyses like churn rate and retention rate calculations were used. 

Logistic Regression later became a standard for binary outcomes (churn vs. no-churn), though it struggles with 

non-linear data relationships [18].  

3. Advanced Algorithms:  

Decision Trees and Random Forests: These offer transparency in understanding why customers leave but are 

prone to overfitting. Support Vector Machines (SVM) Highly effective in high-dimensional spaces but require 

precise parameter tuning.Neural Networks and Deep Learning Models like Multilayer Perceptron (MLP), CNNs, 

and RNNs are successful in discovering complex trends in massive datasets, although they often operate as "black 

boxes"[19]. 

4. Recent Trends and Research Gaps: 

Data Quality and Imbalance: Many studies face issues with incomplete or noisy data. A major challenge is "class 

imbalance," where the number of non-churners far outweighs churners. Techniques like SMOTE (Synthetic 

Minority Oversampling Technique) are now used to create balanced datasets for better prediction accuracy.  

Temporal Relevance many existing papers rely on outdated databases, which reduces the relevance of their 

findings in today’s rapidly changing market [20,21].  

Table 2.1: Review of Related Work:  

Study Industry Methodology Key Findings 

Smith et al. 

2021 

Telecommunication

s 

Logistic 

Regression 

Service quality impacts churn significantly. 

Johnson & Lee 

2022 

Streaming Neural 

Networks 

Engagement metrics are crucial for retention. 

Tan et al. 2023 SaaS Ensemble 

Methods 

Hybrid models outperform single approaches. 

Smith et al. 

2021 

Telecommunications Logistic 

Regression 

Service quality impacts churn significantly. Addressing 

customer complaints and improving service reliability can 

lower churn rates. 

Johnson & Lee 

2022 

Streaming Neural 

Networks 

Engagement metrics are crucial for retention. 

Recommending personalized content providing incentives 

and improving loading speeds increase user engagement. 

Tan et al. 2023 SaaS Ensemble 

Methods 

Hybrid models outperform single approaches. Combining 

machine learning models such as XGBoost with random 

forests can improve accuracy in SaaS sales forecasting and 

customer churn predictions. 

Reed et al. 2022 Retail Decision Tree Price optimization and personalized product 

recommendations increase sales and average order value. 

Targeted marketing campaigns can also boost sales and 

customer satisfaction. 

Zhang & Miao 

2021 

Social media Random 

Forest 

Sentiment analysis is essential for understanding brand 

recognition and identifying consumer preferences. Social 

media engagement positive brand mentions and higher 
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numbers of brand-relevant posts boost brand recognition. 

Liu et al. 2022 Healthcare Support 

Vector 

Machines 

Predictive models can help identify high-risk patients and 

streamline medical resources. Early detection of chronic 

diseases contributes to better health outcomes and reduced 

healthcare costs. 

Challenges and Limitations: 

The several critical challenges that impact the effectiveness of churn prediction models. A major issue is data 

quality, as incomplete, inconsistent, or noisy data can significantly reduce model accuracy [22]. Additionally, 

model interpretability remains a significant limitation, especially with advanced machine learning techniques like 

deep learning that often operate as "black boxes," making it difficult to understand the logic behind specific 

predictions [23]. The presence of imbalanced datasets, where churn events are much rarer than non-churn 

instances, can also bias model performance. Furthermore, many existing studies rely on outdated databases that 

fail to capture the rapidly changing consumer behaviors and market conditions of a networked world [24]. 

Summary: 

The literature review explores the transformation of customer churn prediction from traditional statistical methods 

to advanced machine learning approaches like Random Forests, Support Vector Machines, and Neural Networks. 

While these modern models offer superior accuracy and the ability to handle multidimensional data, the review 

highlights significant gaps in current research, particularly regarding the integration of real-time data and the 

handling of complex behavioral patterns.. 

3. METHODOLOGY 

3.1 Dataset: 

The dataset utilized in this study serves as the foundation of the predictive modeling process. 

size and structure of dataset consists of 10,000 instances and 14 attributes. Each row (instance) represents a 

unique customer profile and their history of interactions with the service [25,26]. The data is stored in a CSV 

(Comma-Separated Values) format. This format was chosen to ensure seamless integration and processing using 

Python-based machine learning libraries such as Pandas, NumPy, and Scikit-learn [28]. 

Target Variable: The primary variable of interest is "Churn," which is a binary attribute. It signals whether a 

customer has terminated their subscription (represented by 1) or has remained with the service (represented by 0) 

[29]. 

3.2 Dataset Description: 

The dataset serves as the foundation for the predictive modeling process and represents customer 

interactions within a subscription service environment. 

 Demographic Variables: Includes Age, Gender, and Location, which influence consumer 

preferences [30].   

 Subscription & Financial Details: Features like Subscription Tenure, Monthly Charges, Total 

Spend, and Payment Method reveal customer loyalty and spending habits.   

 Behavioral Metrics: Metrics such as Login Frequency, Session Length, and Feature Utilization 

provide insights into the degree of customer engagement  [31].   
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 Service Interactions: Includes the number of support requests and complaint counts to evaluate 

the impact of customer experience on loyalty [32].   

Steps of Methodology;  

3.3 Data Collection and Preprocessing: 

To improve the quality and consistency of the dataset, preprocessing Data preprocessing ensures that the data is 

consistent, clean, formatted, and ready for model training. Indeed, the raw data could be of such poor quality in 

terms of having missing values, duplicate values, inconsistent formats, and outliers, making it impossible for the 

researcher to achieve accurate results [33]. 

 

1. Data Cleaning:  

Removed duplicate entries and handled missing values using mean imputation for ratings and mode 

imputation for categorical attributes. 
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2. Data Transformation: 

After cleaning the data transformation procedures were applied to standardize and encode the dataset. 

 

 

3. Feature Engineering:  

Extracted user-based features (Gender, Age, Tenre ) and item-based features (popularity, content 

attributes) [34] . 
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4. Handling Imbalance Data:  

Since the number of non-churners usually outweighs churners, SMOTE (Synthetic Minority 

Oversampling Technique) is applied to balance the dataset. 

 

 

3.4 Recommendation Algorithms 

The system evaluates five major recommendation strategies: 

1. Logistic Regression: 

Logistic Regression is a fundamental statistical algorithm used for binary classification tasks. It models the 

probability of a discrete outcome (Churn vs. No Churn) by mapping input features to a value between 0 and 1 

using the Sigmoid Function [35,36]. 
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2. Decision Tree: 

A Decision Tree is a non-parametric supervised learning method that splits the dataset into smaller subsets based 

on specific feature values (e.g., Is Age > 40?). It creates a tree-like structure where each leaf node represents a 

final classification [37] 

 

3. Random Forest 

Random Forest is an Ensemble Learning technique that constructs a multitude of Decision Trees during training. 

It combines the predictions of these individual trees (bagging) and outputs the class that receives the majority of 

votes. 

 

 

4. Gradient Boosting (XGBoost/AdaBoost) 

Gradient Boosting is another ensemble method that builds trees sequentially. Unlike Random Forest, each new 

tree focuses on correcting the errors (residuals) made by the previous trees. It optimizes a loss function using a 

gradient descent procedure[38,39]. 



KJMR VOL.03 NO. 01 (2026) AN INTELLIGENT MACHINE LEARNING FRAMEWORK FOR ……. 

  
 

pg. 189 
 

 

3.5 Evaluation Metrics: 

The performance of the recommendation models was measured using standard evaluation metrics: 

 Accuracy: The percentage of total correct predictions. 

 Precision: The ratio of correctly predicted positive observations to the total predicted positives 

(important to minimize false alarms)[ 40]. 

 Recall (Sensitivity): The ratio of correctly predicted positive observations to all actual positives 

(critical for churn, as we don't want to miss actual churners). 

 F1-Score: The weighted average of Precision and Recall. 

 ROC-AUC Score: A performance measurement for classification problems at various threshold 

settings, representing the model's ability to distinguish between classes. 

1. Precision, Recall, and F1 Score Formula: 

Precision, Recall, and F1-Score are employed to measure the performance of the classifier: 

                   

Recall = TP/TP+FN 

                2*
                 

                  
 

3.6 Comparison Techniques 

To validate the effectiveness of the proposed system, results were compared against baseline models: 

 Performance Benchmarking 

 K-Fold Cross-Validation 

 Metric-Based Ranking (Accuracy, Precision, Recall, F1-Score) 

 ROC-AUC Curve Analysis 

 Computational Efficiency Analysis 
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4. RESULTS, FINDINGS AND ANALYSIS 

performance levels were identified by analyzing different machine learning models for churn prediction. The 

Logistic Regression model had a strong predictive capacity with a ROC-AUC score of 0.784 suggesting 71.43% 

accuracy and possible areas for development. However, the Decision Tree model achieved a higher accuracy 

percentage (82.06%) and ROC-AUC (0.821). Given the ability of the Random Forest Classifier to learn through 

an ensemble of models, it was able to capture complex patterns in the data, thereby making it the most efficient 

model with an accuracy of 88.7% and a ROC-AUC of 0.95. 

Algorithmic Performance Comparison 

The performance of Logistic Regration, , Decision tree , Random Forest, and Neural Networks  and Gradient 

boost was compared. 

4.1 Logistic Regration: 

logistic regression algorithm was trained using a labeled dataset in this study to predict customer churn. Following 

the validation process of this model on a test dataset, the accuracy of the model reached 0.71.43%. 

4.1.1 Accuracy table : 

Model Accuracy 

Logistic Regression 0.7143 

 

4.1.2 Precision, Recall, and F1-score Analysis 

Perfomance matrix of recommendation quality was evaluated using Precision, Recall, and F1-score. 

Table 4.1:  Performance Matrix Table 

Metric Class 0 Class 1 

Precision 0.72 0.71 

Recall 0.72 0.71 

F1-Score 0.72 0.71 

Support 2426 2352 
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The results show that the proposed system achieved the highest F1-score (0.80), demonstrating balanced precision 

and recall. 

4.1.3 Visual Representation of Results 

 Figure 4.1: Confusion Matrix of Logistic Regration  

 Figure 4.1.1 : Learning Curve of logistic Regration 

 

 

 

4.2 Decision Tree:  

The provided dataset was used to train the Decision Tree model which forecasts consumer behavior. The model 

obtained an accuracy of 82.06% on the test set after fitting the training data. 

 

4.2.1 Precision, Recall, and F1-score Analysis 

Perfomance matrix of recommendation quality was evaluated using Precision, Recall, and F1-score. 
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Table 4.2:  Performance Matrix Table  

Metric Class 0 Class 1 

Accuracy 82.06% 0.80 

Precision 0.84 0,85 

Recall  0.80 0.82 

F1-score  0.82 0.821 

 

4.2.2 Visual Representation of Results 

 Figure 4.2: Confusion Matrix of  Decision Tree  

 Figure 4.2.1 : Learning Curve of Decision Tree 
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4.3 Random Forest:  

A Random Forest Classifier was used as the third model in this study to forecast client attrition. With an accuracy 

of 88.7% the model proved to be able to accurately classify most of the cases. 

 

4.3.1 Visual Representation of Results 

 Figure 4.3: Confusion Matrix of Random Forest 

 Figure 4.3.1 : Learning Curve of  Random Forest 
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4.4  Gradient Boosting 

In this study the second model used to forecast customer attrition was the Gradient Boosting Classifier 

GBC. A potent ensemble technique called gradient boosting generates a sequence of weak learners 

usually decision trees in which each new tree tries to fix the mistakes of the preceding one. 

 

4.4.1 Visual Representation of Results 

 Figure 4.3: Confusion Matrix of  Gradient Boosting 

 Figure 4.3.1 : Learning Curve of  Gradient Boosting 
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4.5 Comparison Table: 

Model Accuracy ROC-AUC 

Logistic Regression 0.7143 0.7839 

Decision Tree 0.8206 0.8210 

Random Forest 0.8870 0.9542 

Gradient Boosting 0.8485 0.9268 

4.5.1 ROC Curve for Each Model 
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4.5.2 Feature Importance  
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4.5.3 Accuracy and ROC-AUC Comparison 

 

 

 

5. CONCLUSION AND FUTHURE WORK 

5.1 CONCLUSION: 

This research successfully demonstrates the efficacy of machine learning frameworks in addressing the critical 

challenge of customer churn within subscription-based industries. Through the implementation of advanced 

algorithms, specifically ensemble methods like Random Forest and Gradient Boosting, the study achieved a high 

predictive accuracy of 88.7%. The analysis identifies that key features such as account balance, customer age, and 

active membership status are the most significant indicators of potential churn. 

5.2 Future Work: 

Future research can focus on the following directions: 

 Integration of Unstructured Data: Incorporating customer feedback and social media 

sentiment using NLP for better insights. 

 Advanced Deep Learning: Using LSTM and neural networks to capture complex customer 

behavior patterns over time. 

 Real-time Prediction Systems: Developing automated systems that integrate with CRM to 

provide instant churn risk scores..
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