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Abstract :  Customer attrition, or churn, is a critical challenge faced by businesses across various industries, leading to significant 

revenue loss and increased customer acquisition costs. Traditional methods for predicting customer churn often struggle with data 

imbalance and fail to capture complex customer behavior patterns. Research proposes a novel approach to customer attrition 

prediction by leveraging Generative Adversarial Networks (GANs) and machine learning (ML) techniques. GANs are employed to 

generate synthetic data, addressing the issue of imbalanced datasets, while robust ML models such as Random Forests and Artificial 

Neural Networks (ANNs) are used to predict churn with high accuracy. The system aims to improve data quality, boost prediction 

accuracy, and offer useful insights for better customer retention strategies. The methodology involves data collection, preprocessing, 

synthetic data generation using GANs, feature selection, model training, and evaluation. The results demonstrate that the integration 

of GANs with ML models significantly improves churn prediction accuracy, offering businesses a scalable and adaptable solution 

to reduce customer attrition. Research contributes to the field by providing a comprehensive framework for predicting customer 

churn, which can be applied across various industries, including telecommunications, banking, and e-commerce. 

 

IndexTerms - Customer Attrition, Churn Prediction, Generative Adversarial Networks (GANs), Machine Learning, 

Random Forest, Artificial Neural Networks (ANN), Data Augmentation, Feature Selection, Imbalanced Data, Customer 

Retention, Predictive Analytics, Synthetic Data Generation. 

 

 

INTRODUCTION 

Customer attrition, often known as customer churn, is a major problem for companies in a number of sectors, such as banking, e-

commerce, telecommunications, and subscription-based services [25]. When consumers leave a business, it's known as attrition, 

and it may result in lost income, a smaller market share, and harm to the company's reputation. For organizations looking to sustain 

profitability and development, churn prediction is a crucial area of study because getting new customers is sometimes far more 

expensive than keeping existing ones. Conventional approaches to customer churn prediction include statistical methods and simple 

machine learning models like support vector machines (SVM), logistic regression, and decision trees [21][27].  

 

Even while these techniques have shown some degree of success, they frequently have trouble with datasets that are unbalanced, 

meaning that the proportion of consumers who churn is significantly lower than that of those who do not. An imbalance may result 

in skewed models that are unable to correctly identify clients who are at danger. Additionally, traditional models may not capture 

the complex, non-linear relationships between customer behavior and churn, resulting in suboptimal prediction accuracy [12]. 

 

To tackle these issues, a new method that combines Generative Adversarial Networks (GANs) with sophisticated machine learning 

models like Artificial Neural Networks (ANNs) and Random Forests. GANs are a type of deep learning model that can generate 

synthetic data, which can be used to augment the original dataset and address the issue of data imbalance. By combining GAN-

generated synthetic data with robust ML models, the proposed system aims to significantly improve the accuracy of churn prediction 

and provide actionable insights for customer retention strategies. 

 

The primary objectives of research are to: 

 Generate synthetic data using GANs to address data imbalance and enhance dataset quality [19]. 

 Train machine learning models, including Random Forests and ANNs, on the augmented dataset to improve churn 

prediction accuracy [11][22]. 

 Use measures like accuracy, precision, recall, and F1 score to assess the models' performance. 

 Give organizations insight into the main causes of client attrition so they can create focused strategies to retain customers. 
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Research contributes to the field of customer churn prediction by offering a scalable and adaptable solution that can be applied 

across various industries. The integration of GANs with ML models not only improves prediction accuracy but also provides a 

deeper understanding of customer behavior, helping businesses proactively retain at-risk customers and reduce churn rates [18]. 

 

LITERATURE SURVEY 

Customer churn prediction has been a widely researched topic in the fields of data science and machine learning. Various studies 

have explored different methodologies and algorithms to improve the accuracy of churn prediction models. The following section 

offers a thorough analysis of the existing research on predicting customer attrition, with an emphasis on machine learning and deep 

learning methods. 

 

2.1Traditional Machine Learning Approaches 

 Predicting customer attrition is a major problem faced by firms in several kinds of industries. Accurately identifying 

customers at risk of leaving allows for targeted retention strategies, minimizing revenue loss and maximizing customer lifetime 

value. Early research in the area often employed traditional statistical methods, such as logistic regression, to model the relationship 

between customer attributes and churn probability. These methods, while interpretable, often struggle with the complexities and 

non-linear relationships present in modern customer data. 

 Logistic Regression: One of the most popular techniques for churn prediction is logistic regression. The statistical model 

uses a linear combination of input characteristics to estimate the likelihood of churn. Despite being simple to understand, 

logistic regression could not work well on datasets with intricate patterns. [9]. 

 Decision Trees: Decision trees use customer characteristics to describe churn as a sequence of decision-making phases. 

Although they are good at identifying non-linear correlations, they can overfit, particularly when dealing with big datasets 

[11]. 

 Support Vector Machines (SVM): For classification tasks, including churn prediction, SVM is an effective method. 

Finding the hyperplane that best divides churners from non-churners is how it operates [21]. SVM may be computationally 

demanding, nevertheless, especially when dealing with big datasets that have a lot of features [23]. 

 

2.2 Advancements in Machine Learning for Churn Prediction 
 As machine learning techniques advanced, researchers began exploring more sophisticated algorithms for churn prediction. 

Methods like Random Forest, Support Vector Machines (SVM), and XGBoost [31] offered improved predictive performance 

compared to traditional statistical models. Because of its capacity to manage intricate datasets and offer feature relevance rankings, 

XGBoost in particular became well-known. The rise of ensemble methods like XGBoost also led to increased focus on model 

explain ability, with techniques like Shapley values being employed to understand the factors driving churn predictions [18]. 

Random Forest: Several decision trees are constructed using the Random Forest ensemble learning technique, which then aggregates 

the results to provide the final forecast. It is renowned for handling high-dimensional data and for being resilient to overfitting [16]. 

Gradient Boosting Machines (GBM): Another ensemble technique is GBM, which creates decision trees repeatedly, fixing the 

mistakes of the previous tree as it goes. Because of its great accuracy and capacity to manage unbalanced datasets, XGBoost, a 

well-known GBM implementation, has been extensively utilized for churn prediction [11]. 

 

 
2.3 Deep Learning Approaches 

 Churn prediction has also been studied in relation to the use of deep learning, most especially Artificial Neural Networks 

(ANNs) and Convolutional Neural Networks (CNNs) [8]. While these models have shown promise, particularly in domains with 

rich data like retail, their adoption has been somewhat limited. A key challenge lies in the lack of research on integrating these deep 

learning architectures with adversarial networks or hybrid models, which could potentially enhance their performance and 

robustness. Furthermore, comparisons between deep learning and traditional machine learning models often lack a comprehensive 

evaluation of factors beyond simple accuracy. Future research could explore improving ANN-based models further, such as 

experimenting with hybrid models or integrating additional deep learning techniques for even higher accuracy [15]. 

Artificial Neural Networks (ANNs): ANNs are computational simulations that draw inspiration from the composition and operations 

of the human brain. In order to process incoming data and provide predictions, they are made up of several layers of linked neurons 

[26]. ANNs are appropriate for churn prediction tasks because of their exceptional ability to capture non-linear interactions [17]. 

Convolutional Neural Networks (CNNs): Although CNNs are typically used for image data, recent studies have demonstrated their 

effectiveness in handling tabular data for churn prediction. CNNs can learn spatial patterns within the data, leading to improved 

prediction accuracy. 

 

2.4 Generative Adversarial Networks (GANs) 

 Despite these advancements, a significant challenge in churn prediction remains the issue of limited or imbalanced datasets. 

Real-world customer data often suffers from scarcity, particularly for churned customers, leading to biased models and poor 

generalization performance. While some studies have explored the use of Multi-Layer Perceptron (MLP) for churn prediction 
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[13][17], the potential of leveraging advanced techniques like Generative Adversarial Networks (GANs) for synthetic data 

generation to address system data scarcity and imbalance remains relatively unexplored. Specifically, the application of GANs to 

generate synthetic customer data for improved training of Random Forest and ANN models for churn prediction represents a 

significant research gap [19]. In situations when the dataset is unbalanced, GANs have shown to be an effective tool for data 

augmentation. The generator and discriminator neural networks, which make up a GAN, collaborate to produce artificial data that 

closely mimics the original dataset [19].  

 Generator: By understanding the statistical characteristics of the actual dataset, the generator generates fake data samples. 

 Discriminator: The discriminator recognizes the difference between synthetic and actual data and gives the generator input 

to enhance the quality of the latter. 

By generating synthetic data, GANs can address the issue of data imbalance, enabling machine learning models to learn more 

effectively and improve prediction accuracy [11][19]. 

 

2.5 Proposed Research and its Contributions 

Research aims to address system gap by investigating the application of GANs to generate synthetic customer data for enhanced 

training of Random Forest and ANN models. By generating synthetic data that augments the original dataset, we seek to overcome 

the limitations posed by data scarcity and imbalance, leading to more robust and accurate customer attrition prediction [11][19]. 

The following approach will not only improve predictive performance but also enable a comparative analysis of Random Forest 

and ANN models trained on both real and GAN-augmented datasets, providing valuable insights into the effectiveness of synthetic 

data generation for churn prediction [18]. 

Research contributes to the field by exploring a novel application of GANs in the context of churn prediction, specifically for 

enhancing the performance of Random Forest and ANN models, which are widely used in practice. Furthermore, while hybrid 

neural networks have been explored for churn prediction [10], the integration of GANs for data augmentation in such hybrid 

architectures is an area requiring further investigation. 

 

PROBLEM DEFINATION 
Client attrition, or churn, is a significant concern for organizations across sectors, resulting in revenue loss and decreased client 

lifetime value. Traditional churn prediction models, such as logistic regression and decision trees, often struggle with imbalanced 

datasets and fail to capture complex, non-linear relationships in customer behavior. Thus, results in biased models that inaccurately 

classify at-risk customers. Moreover, existing models lack the ability to generate synthetic data to address data scarcity, limiting 

their effectiveness in real-world scenarios. To overcome these challenges, there is a need for an advanced churn prediction 

framework that can enhance model performance, handle data imbalance, and provide actionable insights for customer retention. 

 

PROPOSED METHODOLOGY  

The proposed method for customer attrition prediction involves a multi-step process that integrates Generative Adversarial 

Networks (GANs) with machine learning models to improve prediction accuracy. The approach involves multiple stages like 

gathering data, preprocessing, synthetic data synthesis, selecting features, training of models, and evaluations. 

Module 1 : Data Collection and Pre-processing 

Module 2 : Synthetic Data Generation Using GANs 

Module 3 : Model Training 

Module 4 : Model Evaluation 

 

4.1Data Collection and Pre-processing 

 The initial stage in the suggested strategy is gathering data. The dataset used in research is obtained from Kaggle and 

contains 1000 records of customers with 14 attributes, including demographic details, financial metrics, and customer behaviour. 

To guarantee data consistency and accuracy, the dataset is already processed. 

Data Cleaning: Duplicates, missing values, or unrelated features could be present in the raw dataset. 

Addressing missing entries, eliminating duplicates, and deleting superfluous columns like "RowNumber" and "CustomerId" are all 

part of data cleansing. 

Feature Engineering: To deepen the analysis, new traits are developed based on preexisting ones. For example, age groups and 

balance ranges are created to categorize customers, and interaction features such as credit score and age are derived to enhance the 

model's performance [2][5][7]. 

Data Transformation: Categorical variables such as 'Geography' and 'Gender' are converted into numerical formats using 

techniques like one-hot encoding. Continuous variables such as 'CreditScore' and 'EstimatedSalary' are normalized to ensure that 

all features contribute equally during the training process. 

 

4.2 Data and Sources of Data 
 To address the issue of data imbalance, a Generative Adversarial Network (GAN) is employed to generate synthetic data. 

The discriminator and generator in GANs neural networks, which make up GANs, cooperate to produce lifelike data that is synthetic 

[19]. 

Generator: The generator learns the distribution of the actual dataset to produce fake data examples. It converts input of 

unpredictability into data that is similar to the primary dataset. 

Discriminator: By differentiating between actual and synthetic data, the discriminator gives the generator suggestions to enhance 

the level of accuracy of the data generated. 

Training Process: an iterative training is used to train the discriminator and generator. The generator originally generates data of 

low quality, but it progressively improves what it produces after getting input through the discriminator.  

Learning keeps up until the discriminator can no more consistently tell the generator's data apart from actual information [19]. 

The original dataset and the synthetic data produced by the GAN are merged to create an enhanced dataset, which is then utilized 

to train the models using machine learning. 
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4.3 Feature Selection 

 Selection of Features is a  crucial phase in the suggested approach is feature selection, which lowers the dataset's 

complexity and enhances the effectiveness of the model. The most pertinent traits that have a major impact on churn prediction are 

found via Recursive Feature Elimination (RFE).  [21][23]. 

 Recursive Feature Elimination (RFE): RFE is a continuous process that entails training a model, prioritizing characteristics, 

and eliminating the least significant ones until the ideal feature set is achieved.  The process helps reduce model complexity 

and improve computational efficiency [21][23]. 

 Feature Analysis: Additional analysis, such as correlation matrices, is performed to understand the relationships between 

features and identify any multicollinearity. It will ensures that the models are trained on diverse and informative features. 

 

4.4 Model Training 

 Both machine learning models—Random Forest and Artificial Neural Network—are trained using the enhanced 

information. 

Random Forest: Random an method of ensemble learning called Random Forest creates several decision trees and aggregates their 

results to get the most accurate forecast. It is selected due to its resilience to overfitting and capacity to manage data with multiple 

dimensions [11][16]. 

Artificial Neural Network (ANN): An artificial neural network (ANN) is a deep learning model made up of numerous layers of 

linked neurons. It is appropriate for churn prediction jobs because it is very good at identifying complicated patterns and 

unpredictable correlations in customer data [17][22][26]. 

 

 
 

 

4.5 Model Evaluation 

 Numerous measures, including accuracy, precision, recall, F1 score, and AUC-ROC, are used to assess the effectiveness 

of the models that have been trained [27][28][29]. These metrics ensure that the models not only predict churn accurately but also 

minimize false positives and false negatives. 

 Accuracy: Calculates the percentage of churn versus non-churn cases that were accurately forecasted. 

 Precision: calculates the percentage of churn instances that were accurately predicted out of all those that were forecasted.  

 F1 Score: A balanced indicator of model performance is the harmonic mean of accuracy and recall. 

 AUC-ROC: evaluates how well the model can differentiate between churners versus non-churners. 
 

Based on these assessment measures, the top-performing model is chosen and applied to forecast customer attrition in actual 

situations. 

PROPOSED ALGORITHM 

The proposed algorithm for customer attrition prediction involves the integration of Generative Adversarial Networks (GANs) with 

machine learning models such as Random Forest and Artificial Neural Networks (ANN). The algorithm is divided into several 

steps, including data preprocessing, synthetic data generation, feature selection, model training, and evaluation. 

 

Key Steps: 

1. Data Augmentation : A GAN will be trained to generate synthetic customer data to address data imbalance[19]. 

2. Data Preprocessing : To get the data ready for modeling purposes, feature construction and data cleansing will be done. 

3. Feature Selection : Select the most significant features for predicting churn, improving model performance and reducing 

computational complexity[23]. 

4. Model Building and Evaluation : Random Forest and Artificial Neural Network models will be trained and evaluated using 

metrics like accuracy, precision, recall, F1-score, and ROC-AUC[27][28]. 

By combining GANs and ML, system aims to improve the accuracy and robustness of customer churn prediction models. 
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ADVANTAGES 

1.Better Handling of Imbalanced Data: 

 GANs generate synthetic samples to balance the dataset, ensuring the model learns from both churned and non-churned 

customers effectively. 

 ANNs, on the other hand, can struggle with class imbalance, often favouring the majority class unless additional techniques 

like SMOTE or weighted loss functions are applied [11]. 

2.Robustness Against Overfitting:  

 Random Forest (RF), as an ensemble method, mitigates overfitting by averaging multiple decision trees, providing better 

generalization [16]. 

 ANNs are highly flexible but prone to overfitting, especially with small datasets or noisy data, requiring careful 

regularization (dropout, L2 penalty) [22].  

3.Lower Computational Complexity: 

Random Forest is computationally efficient compared to deep ANNs, which require extensive training time and hyperparameter 

tuning. Training a deep ANN, especially with multiple hidden layers, demands more processing power and time compared to 

training an RF model [11]. 

 

EXISTING SYSTEM DISADVATAGES 

1. Poor Performance on Imbalanced Data: Traditional models struggle with class imbalance, often failing to accurately 

predict churned customers due to bias toward the majority class.  

2. Limited Ability to Capture Complex Patterns: Simple models like logistic regression or decision trees fail to capture 

nonlinear relationships in customer behavior [9][11][12], leading to lower prediction accuracy. 

3. Lack of Data Augmentation and Generalization: Simple models like logistic regression or decision trees fail to capture 

nonlinear relationships [9][11][12], in customer behavior, leading to lower prediction accuracy. 

 

APPLICATION 

The proposed system has wide-ranging applications across various industries, including telecommunications, banking, e-commerce, 

and subscription-based services [25][30]. In the telecommunications industry, the system can be used to predict churn based on 

factors such as network quality, billing rates, and customer service interactions [25][30]. In the banking sector, the system can help 

identify customers at risk of churning due to better offers from competitors or dissatisfaction with services. E-commerce platforms 

can use the system to predict churn based on customer purchase behavior, product reviews, and engagement metrics [8]. The system 

can also be applied to subscription-based services, such as streaming platforms, to predict churn based on usage patterns and 

customer feedback [8]. Overall, the proposed system provides a comprehensive solution for predicting customer churn and 

developing targeted retention strategies, helping businesses maintain profitability and growth. 

 

 

 

 

CONCLUSION 

The proposed research presents a novel approach to customer attrition prediction by integrating Generative Adversarial Networks 

(GANs) with machine learning models such as Random Forests and Artificial Neural Networks (ANNs). The methodology 

addresses the challenges of data imbalance and complex customer behavior patterns, leading to improved prediction accuracy. The 

quality of the dataset is improved by using GANs to generate synthetic data, which helps machine learning models train more 

efficiently. By offering useful information for client retention tactics, the suggested approach assists companies in lowering attrition 

rates and improving their profitability. By providing a flexible and scalable approach that can be used in a variety of sectors, the 

research advances the area. 

 

FUTURE SCOPE 

The future scope of the research includes exploring the application of the proposed methodology to other industries, such as 

healthcare and retail, where customer churn is a significant concern. Additionally, further research can be conducted to improve the 

interpretability of the models using explainable AI techniques. It is also possible to investigate the combination of sophisticated 

deep learning models, such as Long Short-Term is Memory (LSTM) networks and Recurrent Neural Networks (RNNs), to identify 
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trends in how customers behave over time. Lastly, real-time churn prediction may be added to the suggested system, allowing 

companies to take preventative action to keep at-risk clients. 
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