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Abstract

The banking industry has become increasingly dynamic with the emergence of financial technology (fintech) companies
that have significantly changed customer behavior and expectations. As competition intensifies, customer churn has
become a critical issue because it directly affects a bank’s revenue, reputation, and long-term sustainability. Therefore,
banks require effective analytical approaches to identify customers likely to leave and to develop appropriate retention
strategies. This study aims to analyze and predict customer churn likelihood using a bank customer dataset by applying
supervised machine learning classification techniques. Five algorithms were evaluated, namely Decision Tree, Random
Forest, Multi-Layer Perceptron (MLP), Support Vector Machine (SVM), and Extreme Gradient Boosting (XGBoost). The
models were trained and evaluated using a hold-out validation approach, and performance was assessed using accuracy as
the primary evaluation metric. The experimental results show that Random Forest achieved the highest accuracy of 86%,
outperforming the other algorithms, while the MLP model produced the lowest accuracy of 82%. These findings indicate
that ensemble-based methods provide better performance for predicting bank customer churn. The results of this study can
assist banks in identifying potential churn customers and in developing effective customer retention strategies. Future
research may explore additional algorithms, advanced data preprocessing techniques, and larger datasets to further improve
prediction performance.
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1. INTRODUCTION

Modern banking operates in an increasingly competitive business environment, where customer
retention is a strategic factor in maintaining revenue stability and long-term growth. The phenomenon of
customer churn, which is when customers decide to stop using services or switch to another bank, has become
a serious challenge for the industry [1], [2]. The inability to accurately predict churn can lead to significant
financial losses, increased customer acquisition costs, and weakened bank competitiveness. This situation is
exacerbated by competition from financial technology (fintech) companies, which offer highly flexible, digital-
based services focused on customer experience. Therefore, banks' ability to anticipate churn through a data-
driven analytical approach is becoming increasingly important [2].

Many banks still rely on conventional methods, such as basic statistical analysis or manual evaluation
of customer behavior. These approaches are less effective at capturing nonlinear and complex relationships
among variables, often resulting in low prediction accuracy, inefficient processes, and delayed detection of
churn. These issues demand technology-based solutions capable of processing large and diverse amounts of
data and producing consistent and reliable predictions. In the last two decades, machine learning has emerged
as an effective approach to analyzing customer behavior and predicting churn.

Supervised learning algorithms such as Decision Tree, Random Forest, Support Vector Machine
(SVM), Multi-Layer Perceptron (MLP), and Extreme Gradient Boosting (XGBoost) offer great potential for
improving the accuracy of churn predictions. These algorithms have been widely used in various domains due
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to their ability to learn complex relationships within data. Previous studies have shown that Random Forest
and SVM can achieve high accuracy in detecting churn, while Decision Tree and Naive Bayes offer better
interpretability for non-technical stakeholders. Random Forest has demonstrated strong performance on
imbalanced datasets and can achieve significant improvements through parameter tuning [3]. Furthermore,
previous studies have reported that Random Forest often provides higher accuracy than other machine learning
methods in multi-class classification problems [4]. Previous studies reported that the Random Forest model
achieved the best overall performance for bank customer churn prediction, outperforming several machine
learning algorithms in terms of classification accuracy and sensitivity [5]. These findings confirm the
superiority of ensemble-based algorithms in handling diverse and complex data[6], [7], [8], [9], [10].

However, even though these algorithms have been widely used, most studies are still limited to specific
contexts with homogeneous datasets, so they do not provide a systematic comparative overview of algorithm
performance on heterogeneous banking data. This research gap underscores the need for a comprehensive
evaluation of machine learning algorithms for banking churn prediction.

This research gap underscores the need for a comprehensive evaluation of machine learning algorithms
for banking churn prediction. Therefore, this study aims to compare the performance of five supervised learning
algorithms Decision Tree, Random Forest, Support Vector Machine (SVM), Multi-Layer Perceptron (MLP),
and Extreme Gradient Boosting (XGBoost) for predicting bank customer churn. The models are evaluated
using accuracy, precision, recall, and F1-score to identify the best-performing approach for heterogeneous
banking data, thereby supporting the development of more effective customer retention strategies in the
banking industry.

2. MATERIAL AND METHOD
The purpose of the elements in the diagram is to structure and organize the data, to improve model
accuracy and performance, and to minimize bias and error in the analysis of results. Research Methodology
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Figure 1. Research Methodology

2.1. Data Collecting

The dataset used in this study was obtained from the Kaggle repository, specifically the Bank Customer
Churn dataset. The dataset contains 156,770 records with 12 attributes, including both numerical and
categorical variables: customer_id, credit_score, country, gender, age, tenure, balance, products_number,
credit_card, active_member, and churn. The churn variable indicates whether a customer leaves the bank's
service or continues using it. This dataset is widely used in churn prediction research due to its balanced
representation of customer behavioral features.
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2.2. Data Preprocessing

Once the data has been collected, the next step is to prepare it for use in analysis with machine learning
models. Before applying machine learning algorithms, several preprocessing steps were performed to ensure
data quality. The preprocessing stage included identifying and handling data cleaning, Missing values,
duplicate records, and inconsistencies in the dataset. Feature Selection Irrelevant attributes, such as
customer_id, were removed because they do not contribute to the predictive model. Categorical Encoding:
Categorical variables such as gender and country were converted to numerical values using encoding
techniques. Data Transformation: The dataset was transformed into a structured numerical format suitable for
machine learning algorithms. These preprocessing steps help improve model performance and reduce potential
bias during training [11], [12], [13].

2.3. Hold Out Validation

The hold-out validation technique was applied to evaluate model performance. In this approach, the
dataset is divided into two subsets: Training set (80%), Testing set (20%). The training data is used to build
the classification models, while the testing data is used to evaluate the performance of the trained models.[14].
The hold-out method is widely used due to its simplicity and efficiency, particularly for large datasets where
repeated resampling methods may increase computational cost

2.4. Classification

Classification is a supervised learning method that aims to determine the class or category of new data
using algorithms such as the Multi-Layer Perceptron (MLP), Decision Tree, Random Forest, Support VVector
Machine (SVM), and XGBoost. The performance of these classification models is evaluated using testing
metrics such as Precision, Recall, and the Confusion Matrix. These algorithms were selected because they
represent different machine learning paradigms, including tree-based learning, ensemble learning, neural
networks, and margin-based classifiers. Comparing these algorithms allows the study to evaluate their
effectiveness in handling customer churn prediction problems[15].

2.5.  Confusion Matrix

When assessing the performance of classification models, the Confusion Matrix is a frequently used
matrix that illustrates how well the machine learning model predicts the result The Confusion Matrix serves as
an evaluation method for assessing classification performance based on true and false categories. [9], [16]This
matrix includes accuracy, precision, and recall metrics, calculated from four main outputs: recall, precision,
accuracy, and error rate.

Table 1. Confusion Matrix

Predicition
Positive Negative
Actual Positi_ve TP FN
Negative FP TN

The accuracy value can be computed using equations 1-3: precision and recall are calculated using
equations, respectively.

TP+TN

Accuracy = TP+TN+FP+FN @

Precision = P 2
TP+FP

Recall = —— 3)
TP+FN

2.6. Decision Tree

A decision tree is a procedure that divides a data set into branches, like a tree structure. This model is
easy to understand, making it simple to explain. Although other algorithms, such as neural networks, can
produce more accurate models under certain conditions, decision trees can be trained to mimic the predictions
of neural networks, thereby helping to open up the “black box” of those networks[10], [17]. In addition,
decision trees can model strong nonlinearities in the relationships between target and predictor variables. The
splitting process is commonly determined by entropy, as shown in the equation.

Entropy(S) = —i = 1) cpilog2(pi) 4
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The best is selected using Information Gain, as shown in equation 5.
Gain(S, A) = Entropy(S) — v € Values(A)Y | S Il Sv | Entropy(Sv) (5)

2.7.  XG Boost

Extreme Gradient Boosting (XGBoost) is an optimized implementation of the gradient boosting
framework that builds decision trees sequentially, with each tree correcting the errors of the previous one. The
algorithm incorporates regularization, shrinkage, and efficient tree-pruning techniques, enabling it to model
complex patterns while reducing overfitting. XGBoost is also widely utilized alongside other tree-based
algorithms, such as Random Forest and Gradient Boosted Machine, in comparative studies on classification
tasks, including churn-related research[4], [18]. The objective of XG Boost is defined as equation 6.

n

k
Obj = Z i(yi,yi) + ) Q(fk) (6)
i k=1

i=1

Regulatization term, equation 7.
T
Qf) =yT+ lez wj2 @
j=1

2.7.  Random Forest

Breiman introduced Random Forest (RF) as an ensemble classifier for decision trees. This method
builds a number of decision trees, where each tree is trained using random vectors that are selected
independently but follow the same distribution[19], [20]. This approach is effective in overcoming the tendency
of single decision trees to often overfit to the training data[13], [16], [21], [22], [23]. Simply put, Random
Forest is a technique that combines multiple decision trees trained on different parts of the dataset, with the
main goal of reducing variance[10], [11], [24], [25]. Another advantage of RF is its ability to handle high-
dimensional data without requiring dimension reduction or feature selection. In addition, the training process
is relatively fast and can be easily implemented in parallel, thereby increasing computational efficiency [3],
[14], [26], [27]. The final prediction is determined by majority voting, as shown in equation 8.

y» = mode(h1(x), h2(x),...,hT(x)) (8)

2.8.  Support Vector Machine (SVM)

Support Vector Machine (SVM) is a supervised learning algorithm that can be applied to both
classification and regression tasks[28]. The main principle of SVM is to determine an optimal hyperplane
capable of separating data into distinct classes[29]. This separation is achieved by maximizing the margin,
which represents the distance between the hyperplane and the closest data points from each class, known as
support vectors [30]. In practice, SVM can handle both linear and non-linear data by employing kernel
functions such as linear, polynomial, and radial basis function (RBF), which map the input space into higher
dimensions to allow more effective class separation. Previous studies also highlight that SVM performs well
in high-dimensional spaces and can model complex decision boundaries, though in some comparative
evaluations, its performance may appear moderate due to issues such as data imbalance. The decision function
is defined as equations 8-10.

fx) =w-x+b ®)
Subject to:
yilw-xi+b) =1 %)
Decision function:
f(x) = sign(w - x+ b) (10)

2.9. Multi-Layer Perceptron (MLP)

MLP requires normalized data as input, z-score normalization has been made prior to the algorithm
training by means of a “Normalizer” node. The same technique has then been applied to test data. MLPs are a
powerful class of nonlinear statistical models which consist of multiple layers of nodes in a directed graph,
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with each layer fully connected to the next one. There are three different types of layers, input, hidden, and
output layers. Thus, except for the input nodes, each node is a neuron (or processing element) with a nonlinear
activation function [31]. The output of each neuron is calculated using equations 11 and 12.

n
zj = Zwijxi + b (11)
i=1
Activation function:
fz) =1+e—121 (12)

3. RESULTS AND DISCUSSION

In this section, the research results are explained and a comprehensive discussion is provided. Results
can be presented in figures, graphs, tables, and other forms that make the reader understand easily [2], [5]. The
discussion can be made in several sub-chapters.

3.1. Initial Data

At this stage, the dataset represents the raw data as obtained from the original source, relating to crurn
banking. The dataset used in this research consists of 15677020 records and 12 attributes covering information
from numerical and categorical data, including customer_id, credit_score, country, gender, age, tenure,
balance, products_number, credit_card, active_member, estimated_salary, and churn. This dataset is still in its
raw form and will serve as the basis for analysis, with a preprocessing plan that includes handling missing
values, data type conversion, and normalization. Table 2 presents the details of each attribute, including its data

type and description before preprocessing.

Table 2. Initial Data

No Attribute Name Data Type Description
1 customer_id Numerical Unique identifier, typically not used for training
2 credit_score Numerical Location of the warehouse where the product is stored
3 country Categorical One-Hot/Label Encoding
4 gender Categorical Male/Female
5 age Numerical Age in years
6 tenure Numerical Length of time as a customer (years/months)
7 balance Numerical Account balance
8 product_number Categorical Number of products (if numerical, ordinal)
9 credit_card Categorical Have a credit card (1/0)
10 active_member Categorical Active member (1/0)
11 estimated_salary Numerical Estimated salary
12 churn Target Target variable (0=Stay, 1=Churn)

3.2. Data Preprocessing

The first stage in the machine learning process is data transformation. At this stage, data is transformed
by removing irrelevant attributes and converting categorical values to numerical values. The purpose of data
transformation is to avoid modeling errors and make it easier for the model to understand the data. The attribute
removed is ID_Customer because it does not show a strong relationship with the label. Then, outliers are
cleaned up. Table 3 shows the dataset after preprocessing.

Table 3. Data Processing

credit_score country gender .... estimated salary churn
619.0 France Female 101348.88 1
608.0 Spain Female e 112542.58 0
502.0 France Female 113931.52 1
772.0 Germany Male e 92888.52 1
792.0 France Female e 38190.78 0

3.3. Implementation of Classification Algorithm

This study applies classification algorithms. The purpose of testing these algorithms is to evaluate their
accuracy in predicting churn in the banking industry. The five algorithms tested in this study are Decision Tree,
Random Forest, MLP, SVM, and XGBoost. The Hold Out method was used as a validation technique in this
study. The data was divided into two main parts: the training set to train the model and the testing set to evaluate
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the model's performance. The division ratios used were 90:10, 80:20, and 70:30, so that each algorithm was
tested in several data division scenarios.
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Figure 2. Comparison of Algorithm Classification Results
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Figure 3. Graphic Comparison of Algorithm Classification Results
Figures 2 and 3 illustrate the comparison of classification algorithm performance using accuracy,
precision, and recall metrics. The testing process was conducted in stages to ensure consistency of results.
Based on the evaluation of the five classification algorithms, the 70:30 data split produced the best
performance, with each algorithm achieving the highest average accuracy when tested, and the Random Forest

algorithm had the best accuracy at 86%, with a precision of 81% and a recall of 69% emerged as the most
effective for predicting banking churn.

Confusion Matrix Random Forest (70:30)
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-1000

~ 500

Predicted

Figure 4. Confusion matrix of the Random Forest

Figure 4. lllustration Based on the results of the confusion matrix analysis, the Random Forest and
Multi-Layer Perceptron (MLP) models show that random forest has quite good performance in predicting bank
customer churn with relatively balanced levels of accuracy, precision, and recall. Random Forest has an
advantage in classifying non-churn customers, as indicated by high True Negative values and low False
Positives, resulting in better precision. and has a still quite large False Negative value indicating that the recall
ability in detecting churn is not optimal. Conversely, the MLP model shows less optimal performance even
though it is able to detect more churned customers as indicated by a higher True Positive value, thus having
better recall, although accompanied by an increase in False Positives which has an impact on decreasing
precision. Overall, Random Forest is more stable in producing precise predictions, while MLP is more sensitive
to churn, so model selection needs to be adjusted to the objectives of the customer retention strategy.
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Figure 5. Receiver Operating Characteristic (ROC)

Figure 5 shows the Receiver Operating Characteristic (ROC) curve for bank churn classification using
the One-vs-Rest approach. The ROC curve depicts the relationship between the True Positive Rate (TPR) and
False Positive Rate (FPR) at various threshold values. The AUC value of 0.85 for both classes (class 0 and
class 1) indicates that the model has a fairly good classification ability in distinguishing churned and non-churn
customers, because its performance is far above the random guess line. The closer to the upper-left corner, the
better the model's ability to correctly identify the class.

4, CONCLUSION

This study evaluates the performance of several classification algorithms Decision Tree, Random
Forest, Multi-Layer Perceptron (MLP), Support Vector Machine (SVM), and XGBoost for predicting bank
customer churn. The experiments were conducted using the hold-out validation technique with three data split
scenarios: 70:30, 80:20, and 90:10. The results show that the 70:30 split provided the best overall performance.
Among the evaluated models, Random Forest achieved the highest accuracy of 86%, outperforming the other
algorithms, while MLP achieved the lowest accuracy of 82%. These findings indicate that Random Forest is
the most effective model for classifying bank customer churn in the dataset used in this study. Future research
may focus on improving prediction performance through hyperparameter optimization, the use of larger and
more diverse datasets, and the exploration of advanced approaches such as ensemble methods and deep learning
models.
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