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Abstract

Customer connections are of the utmost significance to any bank in the highly competitive industry of banking.
The banks view every customer as a lifelong customer. The state in which a client or subscriber ceases engaging
in business transactions with a firm or a service provider is referred to as "customer churn®. Customer relationship
management and business value are improved by customer churn study and forecast. One of the most important
aspects of a country's development is the use of Al in the banking industry. The banking industry's growth is
largely dependent on its important clients. In order to identify whether a client is worth keeping or at risk of
leaving, customer churn analysis is required. From an organizational perspective, acquiring new clients is typically
harder or more expensive than keeping the ones you already have. Therefore, predicting customer churn has
become common in the banking sector. Commercial banks increase their core competitiveness among rivals while
also increasing earnings by lowering client attrition or churn. Although numerous researchers put forth numerous
single prediction models and some hybrid models, accuracy is still poor and some algorithms' computation times
are still lengthy.

INTRODUCTION

The market of the banking industry in the present day shows many of the competitive
performances of the banks. The increase if the services providers of the bank make the
customers mean the public of the country is confused in the process of investing their money
in the bank.

This leads to the distraction of them in the making decision-making process. This makes the
banks face the issue of less interaction with the customers in the bank. So the revenue in the
banking organization is also decreasing.

As per the view Khanal et al. (2020), in this work, the introduction of machine learning in the
banking processes of prediction of customer churn is shown as per the proposal. This includes
the application of digital methods and technologies in the prediction of the customers' minds.

This work shows the analysis of machine learning in the prediction of banking customers.
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Figure 1: Investment banks worldwide using artificial intelligence
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A lot of banks in the world use digitalization in their banking process of them. This makes them
easier the examination the mind-set of the customers of them in making the prediction of the
customer to invest in the banks. According to the views of Sungheetha & Sharma (2021), in
the current market of competition, the banks also face a lack of customer interaction in the
banking process. This shows the performance of the banks in the implementation of the
digitalization of the banking process. The recent economical examination of banking
performance also shows the performance of the banking organization through machine
learning.

LITERATURE REVIEW
Machine learning in the baking process

The changes in the current scenario, the world is making the increase of the diversification of
the mindsets of the customer. To attract the maximum number of the customer the banks in the
market makes the introduction of new features in their banking facilities of them. As per the
views of Sarker et al. (2020), this leads to an increase in competition among baking service
providers. One of the banking process factors that make the customer more attracted to the
facility of banking is the service of digital making. This makes the customer get the actual and
effective solution for their banking transactions. On the other hand Tahsien et al. (2020) argued
that the task of the banks in making the prediction of the customer interaction in them becomes
a hard task to be performed. Therefore they use the digital medium and the interface to analyze
the mindset and their future interaction with the customers in them.

Impact of machine learning on the Baking Process

The banks in the market make the examination of needs of the customer in the market. They
provide and try to provide the best facilities to the customers of the market. According to the
views of Rahman & Kumar, (2020), this makes them gain maximum competitive advantages
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over the other producers of the services of banking. The digitalization of the facilities of the
banking processes makes the customer feel comfortable in the making of the transactions. On
the other hand Tran et al. (2021) argued that the customer easily performs in the time making
transactions from any location without performing the task from the banking institution. The
banks also get the record of the transaction in the digital process of strong without any extra
effort.

Issues of machine learning in the banking process

Despite being the most customer-attracted feature of the banking process the banking process
of digitalization makes customers and the baking authorities face many issues in the
performance of the digitalization of the banking process. Baszed on the views of Domingos et
al. (2021), those issues are as the prediction of those customers of the banks are done through
the digital learning process so the effectiveness of the methods does not first accurately. On the
other hand Leo et al. (2019) argued that the information provided by the digital medium is not
reliable. In the case of the customer, it is not possible for there a digital interface to represent
the expectation of humans.

Mitigation of the Issues

This work makes analysis all the issues generated in the ongoing process of the banking
organization and provides all the information that is required to solve the issue quickly. Based
on the views of Guerra & Castelli (2021), this includes the strategic methods that increase the
effectiveness of digital banking and machine learning. On the other hand Fati (2021) argued
that the study shows all the issues generated by machine learning in the banking process of
predicting customers. The strategies and the methods provided in the work increase the impact
of the machine learning of the banks in making the prediction of the banks.

Financial intermediation theory
Figure 2: Financial Intermediation Theory
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Traditional theories of intermediation are based on transaction costs and situational
information. They are designed to account for the baking institutions which take deposits from
the customers or issue insurance policies and channel funds to firms or other working
organizations (Rashid et al.2020). However, in recent years there were significant changes in
that process. These theories make the analysis of the customers mind-set easily. The more
quickly the banking organisations become in the analysis of the situation in the working
environment of the bank more effectively, the banks perform in making the prediction of the
customers of the banks. He research makes analyses of the current issues generated in the
environment of the banks. This also makes the analysis of the previous work and provides all
the methodologies that can be applied in the current environment of banks performing digital
learning for customer prediction (Daluwathumullagamage & Sims 2021). This provides all the
missing information from the previous work and provides effective solutions.

ARCHITECTURE DESIGN
The proposed model is detailed in the following sections.

Data Collection
Table 1: Dataset and Description

Attribute Description

Row Number Number of customers
Customer [D ID of customer

Surname Customer name

Credit Score Score of credit card usage
Geography Location of customer
Gender Customer gender

Age Age of Customer

Tenure The period of having the

account in months

Balance Customer main balance

NumOfProducts | No of products used by
customer

HasCrCard If the customer has a
credit card or not

IsActiveMember | Customer account is
active or not

Estimated Estimated salary of the

Salary customer.

Churn Indicates customer leaved
or not

This dataset includes 10k bank customer data records with 14 attributes including
sociodemographic attributes, account level and behavioural attributes shown in Table 1.
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Data pre-processing
Figure 3: Data Pre-Processing
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Pre-processing data is divided into four sections, as depicted in Figure 1. First, preprocessing
sample data involves removing irrelevant attributes (such as Row Number, Customer 1D, and
Surname) that have no bearing on churn prediction. Because K-means can only understand
numerical attributes, the strings or categorical attributes were then converted using one-hot
encoding to numerical values.

Additionally, visualize the data to determine which characteristics are most frequently linked
to churn. Add a few features based on the visualization's findings to improve the churn
categorization. The pre-processed data is then split into 20% for testing and 80% for training.

RESULT AND ANALYSIS

Confusion Matrix

The framework contains genuine positive (TP: assault information accurately delegated
positive), bogus negative (FN: assault information wrongly named negative), bogus positive
(FP: typical information wrongly named positive), and genuine negative (TN: ordinary
information effectively named negative).
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Figure 4: Confusion matrix for target class of testing
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Method Accuracy F1 score Recall
Svm 79 82 78
Random forest 86 86 84
XGBoost 38 88 87

CONCLUSION

Customer churn analysis has become a major concern in almost every industry that offers
products and services. The model developed will help banks identify clients who are likely to
be churners and develop appropriate marketing actions to retain their valuable clients. And this
model also supports information about similar customer group to consider which marketing
reactions are to be provided. Thus, due to existing customers are retained, it will provide banks
with increased profits and revenues.
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