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Abstract: Customer churn is a major challenge in the banking industry, as customers may stop using a bank’s services and move
to other banks for various reasons. Identifying customers who are likely to leave is important for banks to improve customer
retention and maintain long-term customer relationships. The project titled Banking Customer Churn Prediction Using Machine
Learning aims to analyse customer data and predict whether a customer is likely to stay with the bank or leave. The system
begins by preprocessing the dataset to prepare the data for analysis, followed by Exploratory Data Analysis (EDA) to understand
customer behaviour, identify patterns, and examine the factors associated with customer churn. Customer information, such as
age, credit score, account balance, tenure, number of products, geographical location, and account activity, is analysed based on
the available dataset.

Machine learning classification algorithms are trained and evaluated to identify a suitable model for predicting customer churn.
The selected XGBoost model is used to estimate the probability of a customer leaving the bank. A user-friendly dashboard is
developed using Streamlit to present the analysis and prediction results through graphs, a correlation heatmap, customer risk
distributions, geographical comparisons, and individual customer predictions. The dashboard also allows users to enter
customer details and view the predicted churn probability, helping them understand whether a customer may be at risk of
leaving.

The proposed system helps identify customers who may require additional attention and provides useful insights into customer
behaviour. These insights can support banks in developing appropriate customer retention strategies and making informed
business decisions. Thus, the project demonstrates the practical application of Machine Learning and Data Analytics in
predicting banking customer churn and supporting effective customer relationship management.

Index Terms: Customer Churn, Banking, Machine Learning, Churn Prediction, Exploratory Data Analysis, XGBoost, Customer
Retention.

L. INTRODUCTION
Customer churn is an important challenge for banks because the loss of existing customers affects revenue, customer relationships
and business growth. Banks often do not know in advance which customers are likely to leave, and manual analysis of customer
records is time-consuming and may not identify high-risk customers early. A data-driven system that analyses customer and
account-related data can therefore support timely retention decisions.
In this work, a systematic data science and machine learning workflow is followed, including data collection, data preprocessing,
EDA, feature engineering, model development, model evaluation and churn prediction. The prepared dataset is used to train
multiple classification models, whose performance is compared using standard metrics, and the best model is selected for predicting
the churn probability of new customers. The main objectives of the work are listed below.
1) Data collection and analysis. To collect and analyse customer-related data in order to understand customer behaviour and
identify the major factors that contribute to churn.
2) Data preprocessing. To handle missing values, duplicate records, categorical variables and other data-quality issues so that
reliable data is prepared for model development.
3) Exploratory data analysis. To use statistical analysis and visualizations to identify patterns, relationships and important churn-
related factors.
4) Model development and comparison. To develop multiple classification models and to compare them quantitatively using
accuracy, precision, recall, F1-score, confusion matrix and ROC-AUC.
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5) Churn prediction interface. To use the selected model to generate churn predictions for new customer inputs through an
application interface

6) Customer retention support. To provide reliable and measurable predictions that help banks identify high-risk customers at an
early stage.

1. LITERATURE REVIEW
Iranmanesh et al. (2019). Iranmanesh and co-authors studied customer churn prediction using Artificial Neural Networks. Their
research focused on analyzing customer behavior and identifying customers who might leave a company. This study highlights the
importance of predicting customer churn to improve customer retention.
Peng et al. (2023) [6]. Peng and co-authors studied customer churn prediction using Machine Learning algorithms such as Decision
Tree, KNN, LightGBM, and XGBoost. They also used SHAP to understand the factors influencing predictions. This study supports
the use of multiple models and feature analysis in our project.
Singh et al. (2024). Singh and co-authors investigated banking customer churn using Machine Learning algorithms and data
visualization. Their study included a visualization application to help users understand churn information. This research is related to
our project because we aim to present churn predictions and analysis clearly.
Owolabi et al. (2024). Owolabi and co-authors compared Machine Learning models for customer churn prediction in banking and
financial services. Their research focused on identifying customers who might leave and supporting customer-retention strategies.
This study supports comparing different models in our project.
Boozary et al. (2024). Boozary and co-authors studied different Machine Learning algorithms for predicting bank customer churn.
Their work included comparing classification techniques such as Random Forest and Support Vector Classifier. This research
supports our approach of evaluating different models to predict customer churn.
Jin (2025). Jin studied bank customer churn prediction using Machine Learning models. The research discussed Random Forest,
feature selection, and techniques for handling imbalanced data. This study highlights the importance of data preprocessing and
selecting relevant features before model training.
Nisha T. N. and Dhanya Pramod (2025). The authors studied feature reduction using Genetic Algorithms for bank customer churn
prediction. Their research focused on selecting useful features to support model development. This study is related to our project
because feature analysis can help improve the modelling process.
Summary. The reviewed studies show that Machine Learning can help predict customer churn in the banking sector. Previous
research has explored different algorithms, feature selection, data preprocessing, model evaluation, and visualization. Based on
these studies, our project develops a systematic approach to analyze banking customer data, compare Machine Learning models, and
predict customers who may leave the bank. The system aims to support banks in identifying at-risk customers and improving
customer-retention decisions.

1. PROPOSED SYSTEM AND METHODOLOGY
A. Limitations of Existing Approaches
In existing approaches, customer churn is analysed using customer information, account details, transaction history and service-
related data. Some systems rely on a single machine learning algorithm, perform limited EDA and feature engineering, report only
accuracy without precision, recall, F1-score and ROC-AUC, and provide no simple interface for obtaining immediate predictions.
As a result, important churn-related patterns may not be identified and the reasons behind predictions are difficult to understand.

B. Proposed System

The proposed system follows a complete data science workflow, as shown in Fig. 1. The customer dataset is first prepared by
handling missing values, duplicate records and categorical data. EDA is then performed using statistical methods and visualizations
to understand customer behaviour. After the relevant features are selected, multiple classification models are trained and compared,
and the best-performing model is saved. Finally, a Streamlit-based interface accepts customer details and returns the churn
probability, prediction status and risk category.
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Fig. 1: Architecture of the proposed system

C. Description of Modules

1) Data input. The customer dataset (Churn_Modelling.csv) containing customer, account and banking-related attributes is loaded
and inspected.

2) Data preprocessing. Missing values, duplicate records, categorical variables and inconsistent values are handled, and feature
scaling is applied where required.

3) Exploratory data analysis. Distributions, correlations and differences between churn and non-churn customers are studied using
statistical analysis and visualizations.

4) Feature engineering. Relevant features are selected, transformed or created, and the input features are separated from the target
variable.

5) Model training and evaluation. The data is split in an 80:20 ratio using stratified sampling, and the models are trained and
evaluated on unseen test data.

6) Model selection and prediction. The best model is saved and used to predict churn for new customer inputs through the
Streamlit interface.

D. Data Flow

The data flow of the system is shown in Fig. 2. The dataset passes through preprocessing, EDA and feature engineering, and is
divided into training and testing sets. The trained models are evaluated using accuracy, precision, recall, F1-score and ROC-AUC,
and the best model is stored in a model store. During prediction, the saved model is loaded, the same preprocessing is applied to the
entered customer details, and the churn probability and risk level are returned.
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Fig. 2: Data flow diagram

V. IMPLEMENTATION
A. Tools and Environment
The system is implemented in Python using Jupyter Notebook. A multi-core processor with at least 4 GB of RAM (8 GB
recommended) is sufficient because the data is structured and of modest size. The libraries used are summarised in Table 1.
Table I. Software tools used

Tool Purpose
Pandas and NumPy Data loading, cleaning and numerical processing
Matplotlib and Seaborn Visualizations for EDA and correlation heatmap
Scikit-learn Preprocessing, train-test splitting, models and evaluation
XGBoost Gradient boosting classifier
Streamlit Interactive web-based prediction interface

B. Preprocessing and Feature Engineering

The dataset is checked for missing values, duplicate records, incorrect data types and inconsistent values. Numerical and categorical
features are identified separately; categorical features are converted into numerical form using encoding, and numerical features are
scaled where required by the selected models. Identifier columns that do not contribute to prediction are removed, and the target
variable (Exited) is separated from the input features.

C. Dataset Splitting and Model Development

The dataset is split in the ratio of 80:20, with 80% of the records used for training and 20% used for testing. Stratified splitting is
applied so that the proportion of churn and non-churn customers is the same in both sets. The classification models trained are
Logistic Regression, Support Vector Machine, K-Nearest Neighbours, Decision Tree, Random Forest, Extra Trees, AdaBoost,
Gradient Boosting and XGBoost.

D. Model Evaluation

The models are evaluated on the unseen testing data. Accuracy measures the overall percentage of correct predictions, precision
measures how many customers predicted as churn actually churn, and recall measures the ability to identify customers who actually
churn. The F1-score balances precision and recall, the confusion matrix shows correct and incorrect predictions for each class, and
ROC-AUC measures the ability of the model to distinguish between churn and non-churn customers across classification thresholds.
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E. Prediction Interface

The Streamlit application loads the saved model and applies the same preprocessing used during training to the entered customer
details. The result is displayed as “Likely to CHURN” or “Likely to STAY” together with the churn probability, risk category and
decision threshold.

V. RESULTS AND DISCUSSION
Based on the evaluation results, XGBoost is selected as the final model. Its performance on the testing data is given in Table 1l and
shown in Fig. 3.

Table Il. Performance of the selected XGBoost model

Metric Value (%)
Accuracy 85.75
Precision 65.72
Recall 62.65
F1-Score 64.15
ROC-AUC 87.07

®© Model Performance

nn Boost Performance

Fig. 3: Model performance

The EDA results are shown in Fig. 4. The overall filtered churn rate in the analysed data is 20.4%, which indicates that a significant
portion of customers belongs to the churn class. Churn is analysed by geography, and a correlation heatmap (Fig. 5) is used to study
the relationships among numerical variables. It should be noted that correlation indicates directional association and is not proof of
causality.

B EDA & Customer Analytics

Filtered Chum Rate

20.4%

Churn Distribution Churn by Geography

Filters

Fig. 4: EDA and customer analytics
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Business interpretation
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Fig. 5: Correlation heatmap

The individual customer prediction page is shown in Fig. 6. For the demonstrated input (credit score 650, age 39, balance 75000.00,
tenure 5, one product, France, male), the estimated churn probability is 12.6% and the customer is classified as “Likely to STAY”
with low risk at a decision threshold of 0.57.

Individual Customer Prediction

CreditScore

NumOfProducts

1

Predict Churn Risk

ChumProbabilty
12.6%

® Likely to STAY

Risk: Low

Decision threshold: 0.57

Fig. 6: Individual customer prediction

The distribution of churn probabilities across customers and the segmentation into low, medium and high risk groups are shown in
Fig. 7 and Fig. 8. These views help banks to prioritise high-risk customers for retention actions.

Customer Risk Analytics

Risk segment

All

Churn Probability Distribution

Fig. 7: Customer risk analytics
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Risk Segment Distribution

Fig. 8: Risk segment distribution

The business insights page (Fig. 9) shows that the highest churn is observed in Germany (32.4%) and in the middle-aged group
(39.7%), and that inactive members churn more (26.9%) than active members (14.3%). It is recommended to prioritise high-
probability customers for proactive outreach, to use inactivity and financial value as prioritisation signals rather than standalone
causal explanations, and to test retention interventions with controlled experiments.

=% Business Insights & Retention

Highest-churn geography

Germany — 32.4%

Highest-churn age group

Middle-aged — 39.7%

Activity signal

Inactive churn: 26.9% | Active churn: 14.3%

Recommended actions
 Prioritize high-probability customers for proactive outreach.
* Use inactivity and financial value as prioritization signals, not as standalone causal explanations.

¢ Test retention interventions with controlled experiments and measure incremental impact.

Fig. 9: Business insights and retention

VI. CONCLUSION AND FUTURE SCOPE

A data-driven system for identifying banking customers who are likely to leave has been developed, covering preprocessing, EDA,
model development, model evaluation and customer-level prediction. Among the models compared, XGBoost provided the most
suitable performance, with an accuracy of 85.75%, precision of 65.72%, recall of 62.65%, F1-score of 64.15% and ROC-AUC of
87.07%. The Streamlit interface and the risk analytics make the predictions easy to interpret and apply in retention planning.

The system can be enhanced in future by including additional banking features such as transaction frequency, customer service
interactions, loan information and digital banking usage. Hyperparameter optimization, ensemble learning, explainable Al and
model calibration can further improve prediction and show why a customer is at high risk. A retention recommendation module,
real-time data integration, cloud deployment, prediction history storage, dashboards and periodic model retraining can transform the
system into a comprehensive customer-risk monitoring platform.
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