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Abstract 

The attrition of customers is a major problem in the financial services industry that has a significant impact on the 
institutional profitability and long run sustainability. Timely recognition of those customers that have high chances of 
abandoning the services allows the organizations to adopt proactive retention strategies and rational resource 
allocation. The classical statistical and machine learning models like the Logistic Regression and the Support Vector 
Machines have been extensively utilized in churn prediction, but cannot easily characterize non-linear relationships 
between variables in large customer data. The recent developments in the field of deep learning have shown better 
results on the high-dimensional behavioral data modeling owing to their capability to harness the complex interaction 
of features. This paper will suggest an intelligent predictive model which is Deep Neural Networks (DNN) with 
Explainable Artificial Intelligence (XAI) to predict churn in banking settings. The model is conditioned on structured 
customer information such as demographic and transactional behavior, account tenure and financial metrics. To 
improve predictive reliability, preprocessing, like feature normalization and control of the imbalance of classes with 
SMOTE, is included. 
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1. Introduction

Customer churn, also known as customer attrition is one of the most critical issues of financial institutions because it 
has a direct effect on profitability and long-term survival [13], [17]. With competitive financial markets, the cost of 
maintaining the existing customers is much cheaper as compared to acquiring new ones. Any slight change in the 
customer retention rates can positively affect the organizational revenue and efficiency of the operations significantly 
[21]. Therefore, identifying customers who are likely to stop being banked customers early has become a strategic 
concern to data-driven decision-making systems.  

Conventional methods of churn prediction were mainly based on statistical methods and conventional machine learning 
models like the Logistic Regression, Decision Trees and Support Vector Machines [5], [15]. As much as these models 
provide some interpretability and moderate performance of prediction, it is more likely that they do not represent many 
complex non-linear associations and interactions between feature dimensions, as observed in the modern banking data 
sets. Random Forest and Gradient Boosting are ensemble-based models, which enhanced prediction accuracy, but their 
capacity to model complex patterns of behavior are not yet effective in large-scale structured data settings [4], [8].  
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The latest development in deep learning has shown the ability to better predict complicated customer behavior by using 
multi-layer neural networks [7], [18], [23]. DNNs are especially good at extracting latent patterns in the form of 
transactional, demographic and financial attributes. Although neural networks often have high predictive power, it is 
often criticized that neural networks are black box and hinders transparency and interpretability in areas of regulation 
like banking [20]. The lack of explainability can lead to less trust of managers and compliance issues. To overcome this 
shortcoming, the Explainable Artificial Intelligence (XAI) methods have become efficient means of explaining the 
complex predictive models. LIME (Local Interpretable Model-Agnostic Explanations) and SHAP (SHapley Additive 
Explanations) are methods that offer the local and global interpretability of a prediction model by determining the 
contribution of each particular feature to model predictions [9], [10], [25].  

2. Literature Survey 

Customer churn prediction has been extensively studied across multiple domains including banking, 
telecommunications, and e-commerce due to its strong influence on organizational profitability and customer 
relationship management [13], [14]. Early research in churn modeling primarily relied on statistical learning techniques 
such as Logistic Regression because of their simplicity and interpretability [5], [15]. Although these models provided 
reasonable baseline performance, they struggled to capture complex non-linear behavioral patterns present in large 
customer datasets. 

With the advancement of machine learning, researchers began employing tree-based and ensemble techniques such as 
Decision Trees, Random Forest, and Gradient Boosting to enhance predictive performance [4], [17]. Boosting algorithms 
like XGBoost further improved classification accuracy by effectively handling feature interactions and model variance 
[8]. These methods demonstrated better performance compared to traditional statistical approaches, especially in 
structured customer datasets. 

A significant challenge in churn prediction research is class imbalance, where the number of non-churn customers 
typically exceeds churn instances. Several studies addressed this issue using resampling strategies such as SMOTE 
(Synthetic Minority Over-sampling Technique) and cost-sensitive learning methods [3], [26], [28]. Proper imbalance 
handling has been shown to significantly improve recall and F1-score in churn classification tasks. 

In recent years, deep learning models have gained attention for their ability to learn hierarchical feature representations 
and complex non-linear relationships [7]. Neural network-based churn prediction frameworks have demonstrated 
improved predictive accuracy compared to conventional machine learning methods [18], [23]. Hybrid deep learning 
approaches further enhanced performance by combining neural architectures with advanced optimization strategies 
[30]. Sequential models such as Long Short-Term Memory (LSTM) networks have also been explored for capturing 
temporal dependencies in customer behavioral data [2]. 

Despite their predictive strength, deep learning models are often criticized for lacking interpretability, particularly in 
highly regulated sectors like banking. This limitation led to the emergence of Explainable Artificial Intelligence (XAI) 
methods aimed at improving model transparency [20]. Techniques such as LIME provide local interpretability by 
explaining individual predictions [9], while SHAP offers global feature importance based on cooperative game theory 
principles [10]. Recent studies have applied SHAP and other explainability tools to churn prediction tasks in financial 
services to enhance trust and regulatory compliance [24], [25], [29]. 

3. Existing and Proposed System: 

3.1. Existing System 

The standard statistical techniques and traditional machine learning models that are currently applied in the general 
banking sector are used to address the customer churn prediction. The most popular algorithms to be employed in 
screening out potential customers likely to terminate with banking services include Support Vector Machines, Decision 
Trees, and Logistic Regression [5], [15]. Even though such models provide logical predictive power, they usually do not 
help to capture intricate behavioral patterns within large-scale banking data. Most prevalent systems are oriented 
towards the attainment of high accuracy of prediction but are not transparent and interpretable. The most advanced 
models, especially deep learning-based models are usually viewed as black-box models, which are hard to comprehend 
by the bank managers when they are trying to understand the methods used in churn predictions [7], [20].  
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3.2. Proposed System 

The proposed system introduces a single architecture that integrates Neural Networks including Explainable Artificial 
Intelligence (XAI) to enhance predictive capability and explainability in predicting customer churn [7], [18], [24]. The 
categorical variables processing of the system begins with the general preprocessing of data and data cleaning, 
categorical variables encoding, the normalization of the numerical features, and the class imbalance [26], [28].  

This is followed by the creation of a Deep Neural Network (DNN) model which is to be trained using structured banking 
data such as demographic data, transaction history, account tenure, service utilization patterns and services usage 
indicators [18], [23]. The neural network approximates the non-linear interaction that is very complicated and 
generates churn probability scores that are more predictive [7]. The framework contains explainable AI tools such as 
SHAP and LIME to address the black-box nature of neural networks [9], [10], [25]. These approaches provide both a 
global aspect of feature importance and a local responsibility of particular predictions allowing the bank officers to 
understand why a given customer is forecasted to churn [20]. 

4. Methodology 

The offered methodology suggests a combined process of forecasting customer churn in the banking industry based on 
Deep Neural Networks and Explainable Artificial Intelligence (XAI). The system architecture has been developed as data 
collection, preprocessing, model training, explainability integration and proactive retention strategy generation. The 
data contains organized customer data which consists of demographic data, financial data, transactions patterns, service 
utilization patterns and tenure data [22]. The data quality can be achieved through detection of missing values, 
elimination of inconsistencies and outliers. In preprocessing, categorical variables are coded, numerical ones are 
brought to the range between 0 and 1, and the issue of class imbalance is resolved by applying such methods as SMOTE 
and imbalance-conscious learning algorithms [26], [28].  

Deep Neural Network (DNN) model is constructed after preprocessing to learn any non-linear relationships among data 
that may be complex [7], [18]. The neural network model comprises of a series of hidden layers using ReLU activation 
functions and a binary classification layer using the sigmoid activation function. This model is trained with the loss of 
binary cross-entropy and Adam optimization algorithm [7], [12]. Accuracy, Precision, Recall, F1-score, and ROC-AUC 
metrics are applied to conduct performance evaluation to guarantee a healthy predictive performance [23].  

Explainable AI methods are incorporated into the framework in order to improve transparency and interpretability. 
SHAP is used to estimate the importance of global features in the dataset [10], and LIME is utilized to give local 
explanations on each prediction of a customer [9]. Such interpretability techniques are used to assist the financial 
decision-makers to learn the variables that affect the churn prediction and enhance confidence in automated systems 
[20], [25]. Lastly, to enable the data-driven business decision-making process, churn probability scores are divided into 
risk segmentation (low, medium, and high risk), and proactive retention strategies are provided 



International Journal of Science and Research Archive, 2026, 18(03), 413-421 

416 

 

Figure 1 Deep Learning–Based Customer Churn Prediction and Retention Workflow Diagram 

5. Experiments & Results: 

5.1. Data Collection 

The experimental study data consisting of 10,000 banking customer records used in the study was collected by 
accessing publicly available banking churn repositories and selected financial datasets [22]. The information include 
demographic information (age, sex, location), financial information (credit score, account balance, estimated salary), 
information on services (number of products, credit card owner, active membership), and tenure information. The 
records are marked to show either exit or active customers. The data set represents realistic banking conditions 
whereby the customer behavior patterns are varied and the data is packaged into standardized numerical and 
categorized fields that can be used in machine learning [21]..  

5.2. Data Preprocessing and Feature Engineering.  

The dataset was subjected to organized preprocessing before the generation of the models. Missing values were 
dropped, duplicates were eliminated and the categorical variables, including geography and gender, were one-hot 
coded. Numerical features were normalized by Min-Max scaling in order to distribute them evenly. Class-weight 
balancing and SMOTE (Synthetic Minority Oversampling Technique) were used to deal with the imbalance in the classes 
between churned and non-churned customers [28], [26]. Correlation and ranking of feature importance were conducted 
to remove the redundant attributes and keep the most influential features, which enhanced the stability of prediction 
and performance of the model [3]..  

5.3. Development of Neural Network Model.  

The architecture of a Deep Neural Network (DNN) was created in terms of TensorFlow and Keras platforms [12]. The 
model comprises an input layer, selected customer features, two fully connected layers of hidden functions using ReLU, 
dropout layers to avoid overfitting, and the output layer using the sigmoid activation of binary classification [7]. This 
model was trained in Adam optimizer and Binary Cross-Entropy loss function [7], [12]. Tuning of the hyperparameters 
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was done experimentally, including the learning rate, the size of the batches, and the number of the epochs. The data 
was divided into 80 percent training and 20 percent testing in order to test the performance of generalization [23]..  

5.4. Explainable AI.  

he problem of the black-box nature of neural networks was addressed with the integration of explainable Artificial 
Intelligence techniques [20]. SHAP (SHapley Additive Explanations) was used to approximate the importance of features 
globally as well as define the most significant factors that influenced the predictions of churn throughout the dataset 
[10]. The local explanations of individual customer predictions were generated with the help of LIME (Local 
Interpretable Model-Agnostic Explanations) [9]. The SHAP with LIME made financial decision-making systems 
interpretable, transparent and regulatory compliant [25].  

5.5. Model Evaluation and Performance Metrics. 

There were several metrics of classification to test model performance, such as Accuracy, Precision, Recall, F1-Score, 
and ROC-AUC Score [23]. These measures offer in depth assessment especially in the case of lopsided classification 
problems [26]. The neural network model proposed above attained the following results: Accuracy: 86.5% Precision: 
82.3% Recall: 78.9% F1-Score: 80.5% ROC-AUC Score: 0.89 The findings prove that the model is efficient in describing 
complicated behavioral patterns associated with customer attrition [18].  

5.6. Comparative Analysis among Baseline Models. 

The efficiency of the framework was proved by carrying out comparative experiments with the use of Logistic 
Regression and Random Forest classifiers as the baseline models [5], [4]. ROC-AUC score and Accuracy Results These 
baseline methods were inferior to the Deep Neural Network in ability to model non-linear customer behavior [18], [23]. 
Also, the combination of explainability methods made the model more practical in comparison with the classical black-
box systems [20]. Better Place Inc.  

5.7. Business-Oriented Retention Analysis.  

According to the outputs of the churn probability, customers were divided into a low risk, medium-risk, and high-risk 
categories. High-risk customers were suggested to receive proactive retention programs like loyalty programs, service 
engagement programs, and personalized offers [21]. An explainability analysis based on SHAP showed that low account 
balance, lower frequency of transactions and less tenure were significant churning factors [10], [25]. These insights 
facilitated the use of intervention strategies which were targeted and not generalized retention campaigns.  

5.8. Performance Reporting and Effective Impact. 

The system was assessed on three large scales; predictive accuracy, interpretability, and business applicability. 
Combining deep learning with explainable AI enhanced the performance of predictions considerably in keeping the 
decision making transparent [7], [20]. The suggested model proves to be a solution with scalability, reliability and 
business oriented approach to proactive customer retention in the banking industry. The explainability mechanisms 
added very little computation and could be applied into practice [24]. 

Table 1 Performance Comparison Of System Modules 

Model Accuracy Precision Recall F1 ROC-AUC 

Logistic Regression 82% 79% 75% 77% 0.84 

Random Forest 84% 81% 77% 79% 0.86 

Proposed DNN 86.5% 82.3% 78.9% 80.5% 0.89 

 



International Journal of Science and Research Archive, 2026, 18(03), 413-421 

418 

 

Figure 2 Confusion Matrix of Baseline 

 

 

Figure 3 Heatmap Of System Latency Metrics 
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Figure 4 Relative Performance of Proposed Model 

6. Comparison with Existing Churn Prediction Frameworks 

The specified framework is also unique among the current customer churn prediction frameworks since it integrates 
deep neural networks and Explainable Artificial Intelligence (XAI) [7], [18], [24]. The classical machine learning 
methods such as the Logistic Regression, Decision Trees and Random Forest are largely effective in predictive 
performance yet tend to be poor at modelling the complex non-linear behaviour patterns [5], [4]. Despite the fact that 
the deep learning models increase predictive accuracy, they have been referred to as black-box systems due to their low 
interpretability [7], [20]. Loss of this transparency may reduce trust in management and is an issue in a regulatory 
market such as banking industry [20]. The proposed Neural Network + XAI model helps to overcome these limitations 
as the model is both highly predictive and can be interpreted through SHAP and LIME approaches [9], [10], [25]. This 
enables the determination of the significance of global features and individual local explanation of predictions. 
Furthermore, the system transforms scores of churn probability into viable retention plans, risk segmentation and 
tailored intervention plans [21]. 

Table 2 Comparative Analysis of Churn Prediction Approaches 

Feature Traditional ML 
Models 

Deep Learning 
(Without XAI) 

Proposed NN + XAI 
Framework 

Predictive Accuracy Moderate High Very High 

Model Interpretability High 

(Rule-based) 

Low High 

Real-Time Risk Detection Limited Moderate High 

Proactive Retention Strategy 
Support 

Limited Moderate High 

Personalized Customer Insights Limited Moderate High 

Scalability for Large Banking 
Data 

Moderate High Very High 

7. Future Scope 

The selected customer churn prediction system that relies on the Neural Networks and Explainable Artificial 
Intelligence (XAI) is a good basis of proactive retention strategy in the banking industry [7], [24]. Nevertheless, 
predictive performance, scalability and real-time business impact can be enhanced further. 

The possible extension is the incorporation of the real-time streaming analytics to track the real-time transactional 
information and dynamically identify the churn risks as opposed to relying on the periodic batch processing only [21]. 
This would help financial institutions react on the changes in behavior in real time. Also, further sophisticated deep 
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learning frameworks like Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) models may be 
considered to learn sequential and temporal patterns in customer behaviors in a better way [2], [7]. Hybrid and 
ensemble deep learning methods can also be used to enhance predictive robustness [30]. 

In terms of explainability, it may be useful to include more complex interpretability tools like counterfactual 
explanations and causal inference models to bring more transparency to decisions compared to feature attribution tools 
like SHAP and LIME [10], [20], [25]. Moreover, including multimodal data sources including customer feedback and 
sentiment analysis with the help of Natural Language Processing techniques can contribute to enhancing behavioral 
insight and decreasing the accuracy of churn forecasting [7], [23]. Potential pilot applications in the banking world in 
the future would assist in justifying the returns on investment (ROI), feasibility of the operations and long-term 
customer satisfaction enhancement [21].. 

8. Conclusion 

The paper has proposed a predictive model using a Neural Network and Explainable AI (XAI) to formulate appropriate 
customer attrition in the banking industry and enable proactive customer retention strategies . It uses advanced deep 
learning to attain high predictive accuracy and leading model interpretability methods such as SHAP and LIME to offer 
decision-making transparency. This two-fold approach will address one major weakness of the classical churn 
prediction models that are commonly perceived as black-box with limited actionable information. 

The model proposed is more precise in prediction, identification of early risks as opposed to the conventional machine 
learning methods since it makes use of both behavioral and transactional customer data along with demographic data. 
The integration of explainability mechanisms will allow banking professionals to see the major reasons why the 
organization was experiencing churn, like decreased transaction frequency, decreasing account activity, or 
dissatisfaction with the service. This interpretability will boost managerial confidence, facilitate compliance with 
regulation, and allow managers to make strategic plans based on data in financial institutions . 

In general, the suggested hybrid scheme of Neural Networks and Explainable AI can be seen as the scalable, transparent, 
and business-centered solution to the modern banking setting .It enhances forecasting ability, fosters confidence over 
AI-based systems, and encourages sustainable customer relationship management. This concept would lay a good 
ground on the intelligent, ethical and customer-centric decision support systems within the financial industry. 
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