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CRISP-DM VE KNIME ANALITIGI KULLANARAK BANKACILIK
SEKTORUNDE MUSTERI KAYBINI TAHMIN ETMEYE YONELIK BIiR
MAKINE OGRENMESI YAKLASIMI
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Bankacilik sektoriinde yeni miisteri edinmenin maliyeti mevcut miisteriyi elde
tutmanin maliyetinde daha fazla olup, bankalar mevcut miisterilerin ayrilmalarini
onlemek icin ayrilma olasiliklarini 6nceden tahmin etmeye calismakta ve bu
potansiyeli tasiyan miisterilerini elde tutmaya yonelik stratejiler gelistirmektedirler.
Bu ¢alismanin amaci, CRISP-DM ve KNIME Analytics yontemini birlikte kullanarak,
bes farkli makine 6grenimi modeli (karar agaci, rassal orman, lojistik regresyon, destek
vektor makinasi, yapay sinr aglar1) ile ¢ok uluslu ABC Bankasi’nin Agustos 2022
donemi verilerini kullanarak bir tahminleme model olusturmaktir. Elde edilen
sonugclar, rassal orman modelinin bankanin miisteri kaybini tahmin etmekte %78,91
genel dogruluk puani ile en iyi sonucu verdigini, karar agaci ile lojistik regresyon
modellerinin ise sirastyla %71.55 ve %71.3 genel dogruluk puani ile en diisiik
performansi gosteren modeller oldugunu gostermistir. Ayrica calisma sonuglari,
miisterinin banka ile olan ge¢mis iligkisinin, kredi notunun ve yasmin ayrilma
potansiyeli tasiyan misterileri tespit etmekte en etkin faktdrler oldugunu ortaya

koymustur. Bu acilardan ¢aligsma, finansal kuruluslar i¢in degerli bilgiler sunmaktadir.

Anahtar Kelimeler: Bankacilik, CRISP-DM, KNIME Analitigi, Miisteri Kaybi.



ABSTRACT

A MACHINE LEARNING APPROACH TO PREDICT CUSTOMER CHURN IN
THE BANKING SECTOR USING CRISP-DM AND KNIME ANALYTICS
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Open Researcher and Contributor ID (ORC-1D): 0000-0030-0296-1625
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Attracting new customers is more expensive than maintaining the existing ones. One
way of preventing customers from churning is to develop techniques for predicting
their likelihood to churn. This study aims to forecast the customer churn of a
multinational bank by using one-month period data, from July 31, 2022, to August 29,
2022. We employed CRISPM-DM, in conjunction with KNIME Analytics, to build
several predictive models, i.e., decision tree, random forest, logistic regression,
artificial neural networks, support vector machine, and ensemble models to predict
customer churn. The results show that the random forest model has the highest
performance in accurately predicting the churn of bank clients by its high overall
accuracy of 78.91% and AUC score of 85.3%. The decision tree model, with an overall
accuracy of 71.55%, and the logistic regression model, with an overall accuracy of
71.3%, are the least-performing predictive models. The findings also show that the
customer's historical record with the bank (product_number), credit score, and age
have the highest predictive power for customer churn. This study offers valuable
insights for financial institutions. Using reliable predictive models, banks may identify
potential clients likely to switch to other financial institutions. This identification
would allow banks to design innovative marketing strategies and powerful customer
relationship management to prevent consumers from churning.

Keywords: Banking Sector, CRISP-DM, Customer Churn, KNIME Analytics.
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CHAPTER |

INTRODUCTION

1.1. Background of the Study

The banking sector in the world has been facing a significant problem of customer
churn over the last decade due to remarkable changes in financial technologies and
diverse financial services offered by financial companies (Jahan & Farah Sanam, 2023,;
Kumar & Dhandapani, 2016; Seid & Woldeyohannis, 2022). Accenture (2021) reports
that the rate at which bank customers churn is around 11%, while the churn rate of new
clients is 20-25% throughout the first year, with half of the customers leaving in the
first 90 days. The CallMiner Churn Index 2020 shows that US firms suffer an annual
loss of USD 136.8 billion due to preventable customer attrition (CallMiner, 2020).

Many studies show that getting new customers is costly and requires a substantial
financial commitment, whereas retaining existing ones is relatively less expensive
(Hegde & Mundada, 2019; Iranmanesh et al., 2019; Jahan & Farah Sanam, 2023;
Vafeiadis et al., 2015; Verma, 2020; Zoric, 2016). Li and Wang (2018) claim that it
costs six times as much to acquire a new customer as it does to keep an existing one,
while Vafeiadis et al. (2015) argue that the cost of acquiring a new customer could be
20 times higher than the cost of retaining an existing one. Verma (2020) and Tran et
al. (2023) reveal that a 25% to 95% boost in profit could be possible with just a 5%
improvement in client retention across different sectors. Dalbah et al. (2022) found
that a 5% decrease in customer attrition may result in a significant profit increase for
commercial banks, ranging from 25% to 85. Kumar & Ravi (2008) argue that boosting
customer retention by 5% may lead to a decrease of 18% in operating expenses. Thus,

customer churn significantly affects the financial performance of banks.

Poor customer experiences (Benoit & Van Den Poel, 2012), dissatisfaction with the

standardisation of services (Charandabi, 2023), and unsatisfied expectations (Guliyev



& Tatoglu, 2021) are among the major causes of customer attrition in the banking
sector. Customers are prone to switch to a competitor when they face challenges such
as long waiting times, intricate procedures, and insufficient assistance. They are also
inclined to change their banks when they do not receive enough attention, encounter

frequent problems and have inadequate personalised services (Charandabi, 2023).

Customer churn may have negative consequences for companies, including significant
premium losses, reduced profit margins, and potential loss of referral business from
loyal customers (Tran et al., 2023). Several studies have shown that using customer
churn prediction algorithms can enhance companies' revenue and market position (Hou
& Tang, 2010; Jahan & Farah Sanam, 2023; Tran et al., 2023). Sophisticated analytical
tools present novel opportunities for understanding and forecasting customer
behaviour (Karvana et al., 2019). Using customer data, financial institutions can
identify preliminary indications of customer attrition and take pre-emptive actions to
execute customer retention tactics (Benoit & Van Den Poel, 2012; Karvana et al.,
2019; Zoric, 2016). According to Huang et al. (2012), machine learning algorithms
possess the capability to scrutinise customer data, encompassing transaction history,
demographics, and interaction patterns, with the objective of unearthing latent patterns

and forecasting the probability of customer churn.

Banks employ analytical tools and machine learning algorithms to forecast customer
attrition rates to enhance customer retention (Dalbah et al., 2022; Kaur et al., 2013;
Zoric, 2016). Business Wire (2019) declared that banks that employ predictive
analytics for churn prediction were able to curtail the churn rate from 10% to 3%. They
can also enhance customer retention rate by 85% and increase the return on investment
by 70%. Consequently, these financial institutions experience noteworthy reductions
in expenses and increases in income. This evidence shows a strong relationship

between customer retention and financial performance (Tran et al., 2023).

Understanding customer churn within the banking industry is also vital for optimising
customer relationship management (Dalbah et al., 2022) and formulating efficient
customer retention tactics (Charandabi, 2023). Financial institutions can optimise
resource allocation, tailor product offerings, and deliver proactive customer services

to mitigate the likelihood of customer attrition (Guliyev & Tatoglu, 2021). Effective



customer churn prediction models allow banks to create customised customer retention
strategies, including individualised communication, loyalty schemes, and focused

marketing efforts.

This research aimsto develop a model that can foretell bank client attrition
using machine learning algorithms. Its primary goal is to help the bank track down
clients who are considering leaving so that it can devise targeted methods to retain

them and make them happier to remain competitive in the market.

1.2. Scope of the Study and Research Objectives

The rate of customer attrition has shown an upward trend in recent years, as reported
by Alizadeh et al. (2023). Organisations now rank reducing client churn as one of their
top priorities, given the substantial rise in competition across industries (Troncoso,
2018). In this research, we hope to construct a resilient machine-learning algorithm
that can anticipate client attrition in the banking sector by employing CRISP-DM and
the KNIME Analytics platform. The research is conducted by using data® from ABC
Multinational Bank. We obtained the data from the Kaggle data platform, and we

covered a one-month period from July 31, 2022, to August 29, 2022.

The objectives of the study can be summarised as follows:

I.  To use the CRISP-DM methodology and KNIME Analytics to develop a

machine learning model for predicting customer churn in the banking sector.

[l.  To identify the main signs that a customer will churn in the banking sector and
to enable banks to target these customers with the right customer retention

strategies.

I1l.  Toconducta comparative analysis of the performance of the developed models

against current approaches in the domain of customer churn prediction.

! https://www.kaggle.com/datasets/gauravtopre/bank-customer-churn-dataset


https://www.kaggle.com/datasets/gauravtopre/bank-customer-churn-dataset

1.3. Significance of the Study

The use of machine learning in banking for the purpose of churn prediction is of great
importance to multiple stakeholders (Belém, 2018; Jahan & Farah Sanam, 2023;
Vafeiadis et al., 2015). This study provides a data-driven approach for banks to predict
customer churn, allowing them to proactively identify and retain at-risk customers. By
identifying potential churners, banks can execute customer retention tactics, including
customised communication, individualised incentives, and enhanced customer support
(Vafeiadis et al., 2015). By investigating the factors that lead to churn, financial
institutions may get valuable knowledge regarding customer inclinations and areas of
satisfaction, formulate customer-centric strategies, enhance service quality, and build
sustainable customer relationships. The precise anticipation of the customer churn also

empowers banks to optimise resource allocation and minimise costs.

The research employs several predictive models, such as DTs, RF, LR, artificial neural
networks, SVM, and an ensemble model, to forecast bank clients who are prone to
churn. With a minor alteration, the constructed models have the potential to forecast
customer churn in other sectors, including telecommunications, e-commerce, and

insurance.

While a lot of research has focused on forecasting banking customers' likelihood of
leaving, to the best of our knowledge, none of them used the CRISPM DM in
conjunction with KNIME Analytics except Kumar and Ravi (2008). By using machine
learning theory, customer lifetime value theory, social network theory, and
behavioural economics theory, this research endeavours to highlight the interaction

between customer attrition and bank performance.

1.4. Structure of the Study

This thesis comprises five chapters that are summarised below:

Chapter 1 provides an overview of the purpose and inspiration of the study, as well as

the specific goals of the research.



Chapter 2 provides the theoretical background for customer retention in the banking
sector and reviews the literature. It also discusses the factors that influence customer

attrition.

Chapter 3 presents the data, methodology, and research tools.

Chapter 4 provides the results and identifies potential areas for improvement in

customer retention management in the banking sector.

Chapter 5 concludes and discusses the study's implications and makes
recommendations for banks. The study's weaknesses are also discussed in Chapter 5,

and suggestions for further research are made therein.



CHAPTER 11

LITERATURE REVIEW

The emergence of technology and the availability of diverse products and services
have led to intense competition in several sectors (Shirazi & Mohammadi, 2019).
Lemos et al. (2022) stated that as customers embrace new technologies, their
expectations for banking services rise. Over the years, the banking sector has
experienced significant intensification in competition due to the challenges arising
from rivals and inventive participants like Apple and Google (An et al., 2022). The
primary goal of subscription-based entities like banks is to secure new subscribers and
to maintain the loyalty of existing ones (Bahnsen et al., 2015). The reason behind this
is that subscribers directly impact a company's profitability. The phenomenon of
customer churn has exhibited an upward trend in recent years (Alizadeh et al., 2023).
To optimise profitability, companies should expand their customer base by reducing

customer churn.

Customer attrition is a major issue in the competitive markets (Guliyev & Tatoglu,
2021). Clients are the lifeblood of the banking sector. Therefore, it stands to reason
that if banks can predict which clients are likely to churn, they might devise stronger
retention measures (Seid & Woldeyohannis, 2022). Iranmanesh et al. (2019) claim that
customer churn has significant implications for firms across sectors, as the business
landscape witness increases in how much it costs to bring in new clients compared to
how much it costs to retain existing ones (Dalbah et al., 2022; Hegde & Mundada,
2019; Liu, Li & Huang, 2022; Liu et al., 2022; Seid & Woldeyohannis, 2022; Vafeiadis
et al., 2015). How much it costs to bring in a new client can be 5 to 10 times higher

than how much it costs to retain existing ones (Bahnsen et al., 2015; Liu et al., 2022).

How much it costs to bring in a new client can be attributed to several factors, including
the entry of new rivals, the emergence of innovative business models, and the

enhancement of services (Kumar and Dhandapani, 2016). This issue has motivated



many researchers to identify the category of clients that are more likely to leave a firm
and to formulate the right retention strategies for keeping them from churning. This
chapter examines the primary elements that contribute to customer churn in the
banking industry and investigates the use of machine learning methods in forecasting

customer churn and enhancing the accuracy of churn prediction models.

2.1. Conceptual Framework

2.1.1. Definition of Customer Churn and Its Business Impact

Customer churn, also called customer attrition (Agarwal et al., 2023; Alizadeh et al.,
2023; Belém, 2018; Bharathi et al., 2022; Dalbah et al., 2022; Kaur & Kaur, 2020;
Khine & Myo, 2019; Tran et al., 2023), turnover (Belém, 2018; Tran et al., 2023), or
defection (Belém, 2018; Bharathi et al., 2022), is characterised by a gradual yet
persistent decline in the number of customers over a period (Agarwal et al., 2023). It
refers to the occurrence wherein a client expresses his or her desire to discontinue

his/or her engagement with the services of a company (Kumar & Dhandapani, 2016).

In the banking sector, banks often experience the loss of clients (Dalbah et al., 2022).
In such cases, customers close their accounts and discontinue engaging in any further
transactions with the bank (Karvana et al., 2019). Poor customer experience (Benoit &
Van Den Poel, 2012), dissatisfaction with the standardisation of services (Charandabi,
2023), and unsatisfied expectations (Guliyev & Tatoglu, 2021) are among the major
causes of customer attrition in the banking sector. Customers are prone to switch to a
competitor when they face challenges such as long waiting times, intricate procedures,
and insufficient assistance. They are also inclined to change their banks when they do
not receive enough attention, encounter frequent problems, and receive inadequate
services (Charandabi, 2023). Customer churn may have negative consequences for
companies, including reduced profit margins and loss of business from loyal customers
(Tran et al., 2023).

The analysis of customer attrition can be extended to encompass several sectors
including telecommunications (Amin et al., 2017, 2019), marketing (De Caigny et al.,
2018; Sabbeh, 2018), banking (Coser et al., 2020; Khine & Myo, 2019, 2023), and



insurance (Nagaraju & Vijaya, 2022), where the success of operations relies heavily
on customer engagement and collaboration (Hegde & Mundada, 2019). The
accessibility that information technology provides has rendered the act of transitioning
between banking services an exceedingly effortless endeavour due to radical changes
in customer preferences (Dalbah et al., 2022; Shirazi & Mohammadi, 2019). A report
issued by Forbes suggests that in North America, bank customer churn is 11% each
year on average, and banks are forced to use substantial marketing resources to acquire
new clients to maintain the level of clients (Dube, 2020). Many studies reported an
inverse relationship between customer churn rate and profitability (Karvana et al.,
2019a; Kaur & Kaur, 2020; Kaur et al., 2013; Sabbeh, 2018). Charandabi (2023)
claims that a mere 5% reduction in churn rate has the potential to lead to an 85%
increase in profitability, while Verma (2020) indicates that the same 5% reduction in

churn rates can lead to a massive 95% increase in firm profitability.

2.1.2. Significance of Customer Churn Prediction and Customer Retention

Customer churn analysis is important as it allows companies to identify current
customers who display a propensity to discontinue their relationship with firms
(Guliyev & Tatoglu, 2021). This, in turn, enables entities to create focused retention
campaigns to retain these customers. According to Iranmanesh et al. (2019), the
detrimental impact of customer churn on a bank's revenue streams, particularly
earnings and fee incomes, makes predicting it more important for banks. Moreover,
the financial resources invested in acquiring a new client are five times higher than the
resources invested in retaining existing ones (Bahnsen et al., 2015; Guliyev & Tatoglu,
2021; Kumar & Dhandapani, 2016; Verma, 2020). This could be up to 20% (Vafeiadis
etal., 2015). Dalbah et al. (2022) and Verma (2020) identified that a 25% to 85% boost
in profits could be achieved with just a 5% decrease in client churn rates. Considering
these statistics and the belief that more than 1.5 million instances of client attrition are
recorded across several sectors annually (Karvana et al., 2019), customer churn
prediction is quite important, given the fact that investors increasingly use churn rates

to explore the viability of companies.



2.2. Data Mining

Data mining, which has its roots in the latter part of the 1970s and earlier part of the
1980s, is the process of discovering useful information from big datasets. From a
technical standpoint, it is a procedure that employs Al, statistics, and mathematics to
sift through enormous datasets in searching for relevant information. Data mining is
conveniently located at the crossroads of numerous fields, such as databases, statistics,
Al, ML, MS, and IS (Delen et al., 2018; Sharda et al., 2020). As shown in Figure 2.1,

data mining covers several fields.
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Figure 2.1. The Disciplines of Data Mining
Source: Sharda et al. (2020)

2.3. Predictive Modelling and Machine Learning Techniques

Predictive modelling enables decision-makers to anticipate the future by drawing
insights from existing data. According to Bahnsen et al. (2015), customer churn
predictive modelling involves the use of historical, behavioural, and socio-economic
data to forecast the potential of customer attrition. It is a proactive endeavour to

forecast the likelihood of a client terminating the relationship with a firm (Karvana et



al., 2019). Predictive models are used to predict churn (Kaur & Kaur, 2020). These
models are designed to detect early indicators of customer churn and identify

individuals who are likely to terminate their relationship with a firm.

According to Kumar and Dhandapani (2016), in machine learning, it is pertinent to
acknowledge the existence of three approaches: unsupervised learning, semi-
supervised learning, and supervised learning. Supervised learning involves the diligent
exploration and identification of concealed patterns in the datasets that are labelled.
Unsupervised learning involves the exploration and identification of latent patterns in
data that lack explicit labelling. Semi-supervised learning is a category of learning
tasks and methodologies in supervised learning that involves the utilisation of
unlabelled data in addition to labelled data during the training process. This approach
involves a relatively limited collection of labelled data accompanied by a larger
collection of unlabelled data. Semi-supervised learning occupies an intermediary
position in the broader spectrum of the machine learning paradigm, positioning
between unsupervised learning and supervised learning. The subsequent section
provides an overview of the five widely employed techniques in churn prediction, as
captured by Sharda et al. (2020). These techniques are evaluated based on their

credibility, effectiveness, and prevalence.

2.3.1. Artificial Neural Network (ANN)

Neural networks (NNs) serve as a metaphor for information processing that draws
upon the structure and functioning of the human brain. NNs are derived from
biological inspiration rather than being a precise replication of the brain's actual
functioning. Their generalizability, capacity to glean knowledge from data and lack of
dependence on strict assumptions make these models ideal for use in prediction and
business classification applications. In the context of machine learning, "neural
computing" refers to a pattern recognition paradigm. The model generated using neural
computing is referred to as an artificial neural network (ANN). Pattern recognition,
forecasting, prediction, and classification are some of the many business domain
applications of NNs. NN computing is an essential element inside the toolkit of data
science and business analytics and has extensive use in finance, marketing,

manufacturing, information systems, and other fields.
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ANNs are comprised of interconnected artificial neurons that bear a resemblance to
the structure of their biological counterparts. During the information processing phase,
the processing units in an ANN function in a collective manner, resembling the
behaviour of biological neurons. These include the capacity to acquire knowledge,
self-organize, and maintain resilience in the faults. Over the last decades, many studies
have extensively examined ANNs. The formal investigation of ANN started with the
ground-breaking research conducted by McCulloch and Pitts (1943). They proposed a
rudimentary model of an artificial neuron with binary functionality, drawing
inspiration from biological experiments. They constructed a neural network model by
employing interconnected artificial binary neurons that were designed to simulate the

brain's functioning by using information-processing devices.

In the last two decades, there has been a notable development in the field of ANN
studies. The development of new learning algorithms, activation functions, and
network topologies, as well as progress in cognitive science and neurology, are
responsible for this. Moreover, significant progress in theoretical frameworks and
research methodologies has successfully addressed numerous challenges that
previously impeded the advancement of ANN studies. The increasing acceptability of

ANN:Ss is supported by the compelling findings of multiple studies.

The efficacy of ANN applications has sparked interest in the business environment.
The rise of deep NNs, a key component of the recent deep learning trend, has led to a
surge in NNs with more complex architectures and improved analytical capabilities,
generating significant anticipation for the potential of this new generation of NNs. An
extremely limited set of ideas borrowed from biological NNs constitute the basis of
neural computing. The model’s naming is more of a metaphor than a precise depiction

of the human brain. Figure 2.2 shows how ANNSs function in processing information.
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Figure 2.2. The Process of Information Processing in an Artificial Neuron
Source: Sharda et al. (2020)

2.3.2. Support Vector Machines

SVMs have become popular as machine learning techniques due to their exceptional
prediction capabilities and strong theoretical underpinnings. SVMs are a type of
supervised learning algorithm that generates input-output functions based on a given
collection of labelled data for training. One way to look at the input-output relationship
is as a classification, wherein cases are assigned to certain classes, or as a regression,
wherein the intended output's continuous numerical value is estimated. In
classification, it is common to employ non-linear kernel functions to convert input data
that inherently captures intricate nonlinear relationships into a feature space with a
higher dimensionality. This transformation facilitates the linear separability of the
input data. Subsequently, the hyperplanes with maximal margins are formed to isolate

each output class effectively within the training set.

In the context of a classification-type prediction issue, it is commonly observed that
multiple linear classifiers, i.e., hyperplanes, can effectively partition the data into
distinct subsets, with each subset corresponding to a specific class. This can be
visualised in Figure 2.3a, in which the two groups are represented by the shapes of
circles and squares. It is important to note that there is only one hyperplane that can

accomplish the maximum separation between the classes. This is shown in Figure 2.3b,
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where the two groups are divided by that hyperplane and two other hyperplanes with

maximum margins.
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Figure 2.3. Separating Classes with Hyperplanes
Source: Sharda et al. (2020)

SVM, like ANN, can approximate any multivariate function with desired accuracy.
Therefore, SVM is ideal for modelling complex, nonlinear systems and processes.

Figure 2.4 shows a simple SVM model development process.
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Figure 2.4. Simple SVM Model Development Process
Source: Sharda et al. (2020)
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2.3.3. Nearest Neighbour Prediction Method

Data mining algorithms are computationally intensive. ANNs and SVMs need time-
consuming and computationally difficult mathematical derivations, while the k-nearest
neighbour algorithm (k-NN) appears simple for competitive prediction. K-NN is a
technique for making predictions in tasks that are classification and regression tasks in
their nature. As a learning method by instances, k-NN is a sort of lazy learning which
approximates functions locally and delays computations until prediction. A majority
vote from nearby cases determines a case's classification in predictions, which are
classification in nature. The idea is illustrated in Figure 2.5 using a space with two

dimensions that represent the values of the variables (X, y).

Figure 2.5. The Significance of k in the k-NN Algorithm
Source: Sharda et al. (2020)

The star in Figure 2.5 represents a new case, whereas the circles and the squares show
known occurrences. Here, when there is a new item, it will be assigned to either the
circles or the squares based on which one the new item is similar to. For instance, if
we set k to 1, i.e. (k = 1), the new item will be assigned to the squares, which is the
closest example to the star. Regression-type prediction tasks can employ a similar

strategy as well.
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2.3.4. Naive Bayes Method

NB is a technique for classifying data that relies on probability. It is derived from
Bayes’ theorem and it is used for prediction problems that are classification by nature.
The name "Naive" comes from the idea that it is based on strong and unreasonable
assumptions about inputs' independence. It is the underlying assumption of NB
classifiers that all inputs are completely independent of one another and that the
existence or omission of any one variable has no bearing on the existence or the
absence of any of the others. Supervised machine learning is the ideal setting for
creating NB classification models. Due to the independence assumption, NB models

can be developed without fully adhering to all the requirements of the Bayes theorem.

2.3.5. Ensemble Modelling

Ensembles combine the outputs of multiple analytics models to create a single output.
They are commonly employed in prediction modelling to improve predictions by
combining the scores of multiple models. The kind of prediction might be a
classification or a regression, as stated by Sharda et al. (2020). Regression estimates a
numerical output, whereas classification predicts a class label. Not only can ensembles
be utilised for prediction modelling, but they are also applicable to clustering and
association rule mining, two more analytics tasks. Model ensembles are versatile
enough to be employed for ML jobs requiring either supervised or unsupervised

learning.

Researchers and practitioners construct ensembles to improve accuracy and enhance
the stability, robustness, consistency, and reliability of outcomes. Ensembles enhance
predictive accuracy for a given problem (Sharda et al., 2020). Ensembles became
popular for winning data mining and predictive modelling competitions in the early to
mid-2000s. Researchers and practitioners were invited to participate in the prestigious
Netflix prize, an open competition, to forecast user ratings of films based on ratings
from the past. The ultimate winning team of the USD 1 million prize, as well as all the
other teams who made it to the top in the rankings, used model ensembles in their
prediction. According to Sharda et al. (2020), the winners used hundreds of models to

build their ensemble models.
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Model ensembles have consistently shown the ability to enhance model accuracy as
well as improve model robustness, stability, and reliability. Ensemble models combine
multiple models into a single prediction outcome by using some form of averaging.
This approach prevents any single model from dominating the final prediction, thereby
reducing the likelihood of making inaccurate or extreme predictions. Figure 2.6
displays the graphical presentation of model ensembles for classification-based

prediction problems.
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Figure 2.6. Ensemble Modelling for Prediction: A Visual Presentation
Source: Sharda et al. (2020)

The bias-variance trade-off is a prominent topic in predictive modelling that holds
significant relevance to the use of model ensembles. Hence, prior to exploring many
categories of ensembles, it is imperative to examine the notion of bias-variance trade-
off in the ML. In predictive data analytics, when comparing prediction accuracy across
various data sets, "variance" refers to the degree of consistency (or lack thereof) and
"bias" refers to the existence of error. It is expected that the best models will have low
variance, showing consistency in accuracy across different datasets, and little bias,
showing high accuracy. When building predictive models, there is an unfortunate

trade-off between these two metrics since improving one statistic degrades the other.

The minimal bias on the data used for training a model has the potential to cause the

model to exhibit large variance on the hold-out or validation data due to potential
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overtraining of the models. For example, the k-NN algorithm with a value of k equal
to 1 can be seen as a model with low bias, meaning it performs exceptionally well on
the training data. However, it is prone to significant variation when applied to a
separate test or validation data set. The prevailing approach in addressing the trade-off
between bias and variance in predictive modelling is the use of cross-validation in line

with the appropriate model ensembles.

2.3.5.1. Different Ensemble Model Types

Figure 2.7 shows that there are typically four types of model ensembles that are defined
by two distinct dimensions. The x-axis in Figure 2.7 represents the method used to
categorise the ensembles into bagging and boosting types, respectively. According to
Abbott (2014), ensembles are classified as either homogeneous or heterogeneous

based on the second dimension, which represents the type of model.
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Figure 2.7. Simple Model Ensemble Taxonomy
Source: Sharda et al. (2020)

2.3.5.1.1. Bagging

The most popular and straightforward ensemble method is bagging (Abbot, 2014).
Bagging, also known as bootstrap aggregating, was first introduced at UC Berkeley by
Breiman (1996). The process is straightforward but efficient: it uses resampled data to
generate multiple decision trees, which then average or vote to combine predicted

values. Bootstrap resampling, which involves duplicating records in the training data,
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was utilised by him. According to Abbott (2014), this method of selection typically
leaves out 37% of the data from the training set. Although it was originally designed
for decision trees, bagging can be applied to any other predictive modelling system
with significant diversity in anticipated values. While uncommon, additional
predictive modelling methods such as NNs, NB, k-NN, and logistic regression may be
suitable for bagging-type model ensembles. Bagging with k-NN is not recommended
for big k values as the algorithm already averages or votes on predictions, resulting in

consistent and low variance predictions.

2.3.5.1.2. Boosting

The next most common ensemble technique after bagging is boosting. Freund and
Schapire (1996) developed the AdaBoost boosting algorithm in the beginning of the
1990s. Boosting is as simple as bagging. Start by creating a simple classification model
that is a little bit better than an arbitrary chance for a 50% correct classification for
binary classification. In the first step, similar to a standard prediction model, the
algorithm uses each record with an equal weight for each case. The errors in the
projected values are noted for each scenario. Case weights for accurately categorised
records will either stay the same or go down, while those for incorrectly classified
records will increase. With the transformed/weighted-training dataset set, a second,
simpler model is subsequently constructed. The second model uses case weights to
give improperly classified records more weight in the prediction model. In each
iteration, hard-to-classify records receive higher case weights, signalling the algorithm

to focus on them until they are correctly classified.

2.3.5.2. Different Variations of the Bagging and Boosting Algorithms

2.3.5.2.1. Random Forest

The RF model was introduced by Breiman (2001) as a variation to the conventional
bagging procedure. The algorithm starts with a dataset that was sampled using
bootstrapping and creates a DT for each of the samples. For each tree split, beginning

with the first split, random forest evaluates a different subset of input variables, setting

it apart from bagging. In the RF, bootstrap sampling is used for random picking of
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cases and features. RF model construction involves determining the cases, variables,
and trees. Typically, the default number of variables at each point of splitting is the
square root of the entire number of candidate inputs. In a model with 100 candidate
inputs, a random of 10 inputs is chosen for each split. Prediction outputs using the RF
model are, in most cases, more accurate when compared to prediction outputs using

basic bagging and boosting methods like the AdaBoost.

2.3.5.2.2. Stochastic Gradient Boosting

AdaBoost remains the most popular boosting approach in commercial software, while
other boosting variations are available in open-source software packages. The SGB,
which was developed at Stanford University by Friedman (1999), has gained
prominence due to its improved performance. In 2001, Friedman created a more
advanced technique called MART that Salford Systems eventually marketed as
TreeNet' in their software package. MART, like other boosting algorithms, creates
basic trees repeatedly and adds them together. After creating the initial tree, residuals,
which are also referred to as errors, are calculated. The second, as well as all the
subsequent trees, use the residuals as their target variable. Poor prediction of initial
errors leads to huge errors in the following tree, while good prediction leads to minor
errors. After building hundreds of trees, the final forecasts are obtained by combining
the hundreds of trees, which are all piecewise constant models, into an additive form.
Individual tree details are often overlooked due to the huge number of trees involved
in the model ensemble (Abbott, 2014). TreeNet technique won numerous DM

competitions due to its excellent prediction and minimal data cleaning requirement.

2.4. Customer Relationship Management (CRM)

CRM refers to the systematic approach of obtaining, retaining, and expanding the
client base in a profitable manner (Kaur et al., 2013). It is an extensive approach to
developing and sustaining long-term customer relationships (Vafeiadis et al., 2015).
During the last two decades, companies have transitioned their marketing approach
from product-centred strategies to customer-centred strategies (Shirazi &
Mohammadi, 2019). Consequently, the dynamics of customer-firm connection have

undergone significant transformation, leading to the emergence of numerous novel
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marketing prospects and making the retention of customers a top priority in the CRM
(Iranmanesh et al., 2019; Kaur et al., 2013).

2.5. Cross-Industry Standard Process for Data Mining (CRISP-DM)

To systematically execute data mining tasks, it is important to adhere to a standardised
procedure (Azevedo & Santos, 2008; Sharda et al., 2020; Wirth & Hipp, 2000).
Various processes have been developed by data mining researchers and practitioners
to enhance the likelihood of success. These processes can be in the form of workflows
or in the form of systematic approaches. The most prominent among them are the
CRISP-DM, SEMMA, and KDD (Delen et al., 2018; Sharda et al., 2020). Figure 2.8
shows the CRISP-DM technique that we use in this study due to its widespread
acceptance in analytics by many studies (Belém, 2018; Hegde and Mundada, 2019;
Karvana et al., 2019; Kumar and Ravi, 2008; Troncoso, 2018). The following section

describes the processes of this framework.
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Figure 2.8. CRISP-DM Data Mining Process
Source: Delen et al. (2018) and Sharda et al. (2020)
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2.5.1. Business Understanding

The fundamental aspect of every data mining investigation entails understanding the
purpose of the study (Delen et al., 2018; Sharda et al., 2020). This identification assists
in formulating a precise definition of the business objective. At this stage, the study
addresses certain inquiries, such as the identification of shared attributes among
customers, i.e., the typical customer profiles and their respective value contributions,

that have recently switched to the competitors.

2.5.2. Data Understanding

In line with the initial stage, the main objective of a data mining process entails the
identification of pertinent data from a multitude of accessible databases (Sharda et al.,
2020). To gain a deeper understanding, analysts frequently utilise various graphical
and statistical methods. These techniques include the summary statistics of the various
variables in the data, such as the mean, median, standard deviation, and maximum and
minimum values, and generating mode and frequency tables for categorical variables.

Moreover, to understand the data, we can also make use of scatterplots, correlation
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analysis, box plots, and histograms. By identifying data sources and pertinent
variables, DM algorithms can more efficiently cover valuable patterns of knowledge.

2.5.3. Data Preparation

Another name for data preparation is data pre-processing. This step involves taking
previously identified data and making it ready for analysis using DM techniques. It is
the most time-consuming and effort-intensive step in the entire CRISP-DM process. It
constitutes approximately 80% of the time dedicated to a DM project due to the
incomplete, noisy, and inconsistent nature of the real-world data (Delen et al., 2018;
Sharda et al., 2020).

2.5.4. Model Building

In model building, a number of modelling techniques are built and applied to a dataset
to meet a specific business requirement. As part of this process, we also compare and
contrast the different models. Since there isn't a single, best way to do data mining, it's
necessary to employ a number of different models in accordance with a clearly defined
strategy for testing and evaluation in order to find the optimal approach. Verma (2020),
Kaur & Kaur (2020), and Lemos et al. (2022) identified the RF to be the best-
performing model, while other studies identified different models as the best model:
SVM (Karvana et al., 2019), ANN (Charandabi, 2023), XgBoost model (Guliyev &
Tatoglu, 2021) and NB (Agarwal et al., 2023).

In this study, we specifically used the DT, SVM, ANN, LR, and RF models to facilitate
the comparison of their performance with the results reported in the prior studies, as
these models are the most extensively employed models in the literature.

2.5.5. Testing and Evaluation
Here, we evaluate to which extent the chosen model or models align with the aims of
the company and determine whether further models need to be produced (Delen et al.,

2018). An alternative action is to do a practical evaluation of the produced model(s) in

a real-world context, provided that there are no limitations imposed by time and budget
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constraints. While it is anticipated that the results of the models will be relevant to the
initial business objectives, it is not uncommon to uncover additional findings that may
not directly align with these goals but could provide valuable information or

suggestions for future endeavours.

2.5.6. Deployment

The complexity of the deployment phase varies depending on the requirements
(Sharda et al., 2020). It can range from a straightforward task of generating a report to
a more intricate process of implementing a DM process that can be replicated
throughout the company. In numerous instances, the responsibility of executing
deployment processes lies with the customer rather than the data analyst. Nevertheless,
when the analyst does not undertake the deployment endeavour, it is imperative for the
client to have a clear understanding of the necessary steps that must be executed to use
the models generated. The deployment phase could encompass maintenance tasks for
the models deployed, particularly as the maintenance and monitoring of these models

are crucial for integrating DM outcomes into the daily operations and overall business.

2.6. Literature Review

The churn predictive modelling has received extensive attention from the data mining
and machine learning communities (Bahnsen et al., 2015). Researchers have focused
on employing classification algorithms to identify the patterns exhibited by churners.
In recent years, scholars have used different data mining methodologies to anticipate
customer attrition in the banking industry (Dalbah et al., 2022). Shirazi and
Mohammadi (2019) developed a predictive churn model in the financial sector by
leveraging big data. For this, they had to combine organised archival data with
unstructured data from a variety of sources, such as internet web pages, records of
website visits, and conversation logs from phone calls. Notably, this approach
represents the first instance of using such a dataset in the financial sector. The authors
also investigated the impact of several dimensions of consumers' behaviour on their
decisions to churn. In order to analyse the retirement trajectory of clients and create a

model for churn prediction, they utilised the big data analytics tool called Datameer in
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conjunction with the Hadoop platform and applied predictive approaches through the
business intelligence system.

Verma (2020) examined the prediction of customer churn for savings accounts by
using statistical and machine-learning models. He incorporated under-sampling
techniques to enhance the predictive accuracy of the models by considering the
imbalanced nature of the customer churn rate in the dataset. Model accuracy, receiver
operating characteristic (ROC) curve, AUC, and Gini coefficient were employed to
compare the models. The results show that it is evident that RF, among other machine
learning models, exhibits the highest predictive accuracy of 78% for churn. Bahnsen
et al. (2015) examined the prediction of customer churn in commercial banks by using
the SVM model. To enhance the performance of the model, the authors employed a
random sampling technique. The results showed that the technique significantly
improved the predictive accuracy of the model. Kaur and Kaur (2020) forecasted
customer churn in a bank by using a variety of machine learning models, including
logistic regression (LR), decision tree (DT), k-NN, and RF. The work was carried out
by using Python programming on the Google Colab platform. Based on criteria of
sensitivity, specificity and accuracy, the authors assessed the performance of the
models. They also looked at ensembling strategies to improve the performance of the
models with lesser accuracy, such as averaging and max voting. The results show that

RF performed better than other models.

Karvana et al. (2019) repeatedly evaluated five classification models by employing
cross-class comparisons and using a dataset with 57 variables. The results indicate that
customers at a private bank in Indonesia may best be predicted to leave by using data
collected via class sampling. Guliyev and Tatoglu (2021) examined the utilisation of
explainable machine learning models, particularly focusing on the application of
SHapely Additive explanations (SHAP) values. These values are employed to enhance
the evaluation of machine learning models in the customer churn analysis. The results
show that the XgBoost model has superior performance in comparison to the other ML
techniques. Iranmanesh et al. (2019) presented a customer attrition prediction model
designed for the retail customers segment of a commercial bank in Iran. Through the
application of advanced data analysis techniques to customer-specific transaction and

operational data, they present a suitable categorisation of customers based on the churn
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rate. The authors employed the ANN algorithm in Python for their prediction. The
findings indicate that occupations in the food services sector, along with technical
services, exhibit the highest rate of customer turnover in the banking sector. The sports
centres and households are subsequent categories experiencing high turnover rates in
the banking services. The bank's lowest risky customers were Kkindergartens,
governmental organisations, and counselling centres. The largest churn was observed
among retail customers aged 30-40 years. Agarwal et al. (2023) conducted a study on
the utilisation of ML algorithms for identifying banking customers who exhibit a
propensity to switch to other financial institutions. The authors showed the efficacy of
employing machine learning models, particularly LR and NB, in accurately predicting
customer churn in the bank. This prediction is based on various variables, including

age, location, gender, credit card information, balance, and other pertinent factors.

Seid and Woldeyohannis (2022) implemented a machine learning algorithm to forecast
customer churn in the Commercial Bank of Ethiopia by using a sample size of 204,161
datasets, each including eleven features. In this study, the assessment metric employed
to ascertain the optimal classifier was the accuracy of the model. In the Commercial
Bank of Ethiopia, several supervised machine learning techniques were employed to
forecast client churn, including LR, RF, SVM, k-NN, and DNN. The selection of
features was conducted by using feature importance and a correlation matrix. The
SMOTE technique was also employed to achieve data balance, and the outcomes for
the selected algorithm were assessed. In the series of trials, it was observed thata DNN
showed superior performance, achieving an accuracy of 79.32%, precision of 85.08%,
and recall of 78.19%.

Alizadeh et al. (2023) utilised a supervised ML technique, specifically a DT, along
with the change mining approach, to construct a model based on hard data. The
utilisation of K-means clustering, an unsupervised machine learning approach, is
commonly observed in conjunction with data pretreatment techniques. This work also
examines the Dempster-Shafer theory and various methodologies for modelling soft
data. The findings indicate that this model results in a more dynamic CRM in the
banking sector. Hegde and Mundada (2019) developed an accurate predictive model
in the banking domain by using the Enhanced Deep Feed Forward Neural Network

Model to anticipate customer churn. The outcome is contrasted with other categories
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of machine learning techniques, including LR, DT, Gaussian naive Bayes algorithm,
and ANN. The results indicate that the Enhanced Deep Feed Forward Neural Network
Model outperforms the existing machine learning model in accurately predicting client

churn rates in the banking industry.

Mahajan and Gangwar (2017) employed a hybrid combination of SVM and RF to
predict customer attrition. The objective is to maximise the margin by finding the
hyperplane that effectively separates the classes in a high-dimensional space. The
larger the margin, the more significant the impact on the accuracy of the predicted
outcome. In the RF algorithm, the pursuit of ensembling systems involves the
assembly of multiple models instead of constructing a single model. By combining the
accuracies of these models, a more reliable forecast can be obtained. The work is
conducted by using the MATLAB tool, wherein the dataset comprises 3,333 rows and
encompasses a total of 21 properties. The model ensemble achieved a better outcome
in comparison to the individual model. Kaya et al. (2018) developed a dynamic
behavioural model to predict the churn rate in the financial sector. The model's
execution hinged on the inclusion of behavioural characteristics and spatiotemporal
patterns. The experiment used credit card transactional data obtained from a prominent
financial institution. The authors implemented a novel method for feature selection by
using the concept of entropy of choice. This method aims to identify the most relevant
features from a given dataset. The findings indicate that the dynamic behavioural
model exhibited notably superior performance in comparison to the conventional

approach for forecasting churn rates in the financial sector.

Gregory (2018) conducted a study to predict customer churn by using the extreme
gradient boosting algorithm, commonly referred to as XGBoost. The input to the
model consists of transactional and subscription data. The collection of information
was partitioned into two distinct sets: the training set and the test set. The model is
checked for accuracy by using a cross-validation method. The dataset is also checked
for accuracy with the utilisation of a log loss model. The dataset comprised 208 distinct
features. The characteristics that enhance the accuracy of the model were retained,
while those that were undesirable were discarded. The model was implemented by
using the XGBoost library in conjunction with Python programming language,

yielding an accuracy of 79.7% with the provided information.
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Dingli et al. (2017) examined customer attrition in the retail sector by employing a
model based on deep learning techniques. The learning models are crafted by using a
restricted Boltzmann machine (RBM) and a convolution neural network (CNN). The
experiment is conducted by using the POS value-based data sets. The dataset has
undergone the process of Extract, Transform, and Load (ETL). Anomalies were
removed from the dataset prior to partitioning it into training and testing subsets.
Following the successful evacuation of exceptions, the informational collection
underwent a partitioning process that was carried out in an arbitrary manner, resulting
in a distribution ratio of 75:25. 75% of the data is allocated to the training set, while
the remaining 25% is designated for the test set. The input to the RBM and CNN
consists of the informational dataset. The aim is to ascertain whether the level of
accuracy can be attributed to the presence of historical data. A total of 30 iterations
were conducted on the training set by using the sigmoid activation function, and an
accuracy rate of 74% was obtained. Using the RBM algorithm, a level of accuracy of

83% is achieved.

Zoric (2016) employed NNs in the Alyuda Neurolntelligence software package for
forecasting client churn in the banking industry. The findings indicate a positive
correlation between client loyalty and a greater number of bank services, thereby
suggesting that the bank ought to prioritise its attention towards those clients that
currently engage with fewer than three products. By tailoring product offerings to cater
to the needs of these clients, the bank can enhance its loyalty and foster a more robust
CRM. Charandabi (2023) evaluated the effectiveness of six supervised classification
methods to identify a suitable model for predicting customer turnover in the banking
sector by using a dataset of 10 demographic and personal traits collected from a sample
of 10,000 customers from several European banks. The results show that the ANN
configuration consisting of a single hidden layer with five nodes was the most effective

classifier since it did not exhibit any significant concerns related to overfitting.

Finally, Lemos et al. (2022) investigated customer churn prediction in the banking
sector by using a customer-level dataset obtained from a prominent Brazilian bank. A
horserace was conducted to compare multiple supervised machine learning algorithms
using the same cross-validation and evaluation setup, ensuring a fair comparison. The

RF technique showed superior performance compared to DT, k-NN, elastic net, LR,
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and SVM models across various metrics. The findings indicate that customers who
have a stronger relationship with the bank use more services, borrow more from the
bank, and have a lower likelihood of closing their accounts. The model had the
capacity to predict potential losses amounting to approximately 10% of the operating
result reported by the largest Brazilian banks in 2019. This suggests that the model
holds considerable economic significance. The results support the allocation of

resources towards cross-selling and upselling strategies for the existing customers.

2.7. Gap in the Literature

Numerous studies have employed the CRISP-DM methodology (Belém, 2018; Hegde
and Mundada, 2019; Karvana et al., 2019; Kumar and Ravi, 2008; Troncoso, 2018).
Moreover, Kumar and Ravi (2008) have used the KNIME Analytics tool. The present
study observed a dearth of citations pertaining to the prediction of customer churn in
the banking sector using the CRISP-DM and KNIME Analytics together, except for
the work of Kumar and Ravi (2008). The current study contributes to the literature by
applying the most widely accepted data mining framework, i.e., CRISP-DM and the
latest version of KNIME Analytics (KNIME 5.2.1), to predict customer churn for ABC
Multinational Bank. We use open-access data that we retrieve from Kaggle to build,

train, and test our predictive models.
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CHAPTER 111

DATA AND METHODOLOGY

This chapter describes the data and provides the methodology used in this study to
predict customer churn in the banking sector. It also offers in-depth information about
the tool for building, training, and testing the predictive models. In this context, we
give detailed descriptions of the CRISP-DM methodology and KNIME Analytics tool.

We also discuss the accuracy measurement metrics.

3.1. Data

3.1.1. Data Sample

In this study, we use the data of ABC Multinational Bank? (Bank ABC), which has
been in business for over 40 years in the MENA region. It has a long history of
cultivating long-term partnerships with its clients. The bank employs around 4,000
people. As a global bank, it serves 25 markets through its presence in 15 nations and
financial centres, including New York, London, Singapore, Sao Paulo, Dubai
International Financial Centre, Cairo, and Amman. Figure 3.1 and Figure 3.2 depict
the global outlook and the locations of the Bank ABC branches.

We extracted the data from Kaggle. It is one of the world’s most prominent online
platforms that fosters collaboration among data scientists and machine learning
practitioners. It operates under the Google LLC. It provides users with the ability to
discover and share datasets, engage in model development within a web-based data
platform, and collaborate with fellow machine learning experts. The platform has over
261,000 publicly available datasets, 887,000 notebooks and 1,900 models®, making it

one of the biggest data science platforms in the world. The data contains 120,000 data

2 https://rpubs.com/Rvge_mvsrter/939193
3https://www.kaggle.com/
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points (12 columns and 10,000 rows) and covers 31 July 2022 to 29" August 2022.
The data was obtained from Spain, Germany, and France.
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3.1.2. Definition of the VVariables

To measure the customer churn, we used the following variables in this study:

(i) Customer ID: The special Identity number assigned to each customer.

(i) Credit_score: Numerical representation of a customer's creditworthiness.

(iii)Country: The nation from which the customer banks

(iv)Gender: The customer’s gender

(V) Age: The customer’s age

(vi)Tenure: How long has the customer been with the bank?

(vii) Balance: The amount of money the customer has in his or her account at the
time of data collection.

(viii) Products_number: The number of products purchased or subscribed to by
the customer.

(ix) Credit_card: It indicates whether the customer has a credit card. YES
indicates that he or she has a credit card, while NO indicates that he or she does
not have one.

(x) Active_member: It indicates whether or not the client is an active member of
the bank.

(xi)Estimated_salary: It shows the estimation of the bank for the income of the
customer.

(xii) Churn: It denotes whether the consumer terminated its relationship with the
bank.

Of the 12 variables, only customer ID will be eliminated during the data preparation
stage since it is merely a statistical property and has no effect on the churn prediction.
The final variable (Churn) is our target variable. YES indicates that the customer
churned at some point, while NO indicates that the customer never churned.

3.2. Methodology

3.2.1. CRISP-DM

The process of DM requires many skills. According to Wirth and Hipp (2000), the

implementation of DM requires the utilisation of a standardised strategy that serves
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the purpose of converting business challenges into DM tasks, recommending suitable
DM techniques, and facilitating the assessment of the findings.

The CRISP-DM was introduced during the mid-1990s to establish a universally
applicable and non-proprietary standard methodology for DM (Azevedo & Santos,
2008; Delen et al., 2018). As presented in Figure 3.3., the CRISP-DM methodology
consists of six sequential steps. It starts with an understanding of the business and
necessity of the DM project, also known as the application domain. The process
concludes with the implementation of a solution that fulfils business requirements.
Despite the sequential pattern of the processes, it is common for a significant amount
of backtracking to occur. Due to its reliance on experience and experimentation, DM
is characterised by an iterative and time-consuming process. The extent of iteration is
contingent upon the problem, necessitating repeated navigation through the various
phases. Given the interdependence of subsequent stages on preceding ones, it is
imperative to exercise heightened vigilance towards the initial steps to prevent the

entire study from being led astray at the outset.
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Figure 3.3. CRISP-DM
Source: Delen et al. (2018) and Sharda et al. (2020)
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3.2.2. The Six Stages of the CRISP-DM Methodology

3.2.2.1. Business Understanding

The first step is to understand the business goals and use this information to formulate
a strategy for achieving these goals (Azevedo & Santos, 2008). At this stage, there is
a need for clearly defined objectives that address inquiries such as "What are the
prevailing attributes exhibited by customers that switched to our competitors?™ or
"What are the profiles of the customers, and what is the magnitude of value contributed
by each of them?" Subsequently, a project plan is set up to facilitate the acquisition of
knowledge, delineating the individuals accountable for data collection, data analysis,
and dissemination of results. During this phase, it is imperative to develop a budget

that provides financial support for the study.

3.2.2.2. Data Understanding

The data understanding phase starts by collecting the initial data and subsequently
engaging in activities to become acquainted with the data, identifying data quality,
gaining preliminary insights, and detecting noteworthy subsets that may lead to
hypotheses regarding concealed information (Azevedo & Santos, 2008; Wirth & Hipp,
2000). The relationship between business understanding and data understanding is
closely intertwined. To enhance understanding of the data, analysts frequently employ
a range of statistical methodologies such as calculating average, median, and standard
deviation for numeric variables and generating mode and frequency tables for
categorical variables. Moreover, correlation analysis, scatterplots, histograms, and box
plots are used. The meticulous identification and selection of data sources, along with
the most pertinent factors, can facilitate the expeditious discovery of valuable

knowledge patterns by data mining algorithms (Delen et al., 2018).

3.2.2.3. Data Preparation
The data preparation step encompasses all tasks involved in constructing the ultimate

dataset from the original data. In comparison to the other stages, data pre-processing

is the most time-consuming and resource-intensive step. It encompasses 80% of the
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time invested in DM (Delen et al., 2018; Sharda et al., 2020). The rationale behind
dedicating a significant amount of effort to this stage is due to the inherent nature of
the real-world data. This data typically suffers from incompleteness, where attribute
values are missing or certain attributes of interest are absent. The real-world data is
also noisy, containing errors or outliers that can distort the accuracy of the information.
Furthermore, inconsistencies in codes or names can be found in the real-world data,
further complicating the analysis process. It is likely that the data preparation task will
be repeated. Selecting tables and records, cleaning data, building new attributes, and

transforming data for modelling tools are all part of the activities at this stage.

3.2.2.4. Model Building

During this phase, a range of modelling methodologies are implemented. The process
of model-building includes evaluating and comparing several models. Due to the
absence of a universally acknowledged optimal algorithm for DM, it is advisable to
employ a diverse range of viable models, accompanied by a well-defined testing and
assessment plan, to choose the most suitable approach for a certain objective. The

proposed models in this study include DT, RF, naive Bayes, and ANN.

3.2.2.5. Testing and Evaluation

Before deciding to move forward with the deployment of the model, it is imperative
to conduct an evaluation of the model and examine the actions undertaken in its
construction to ensure that it effectively fulfils business goals. The primary aim is to
ascertain whether a significant business concern exists that is not adequately
addressed. Upon the conclusion of this phase, it is imperative to arrive at a definitive
determination regarding the utilisation of the outcomes obtained from the DM process.

3.2.2.6. Deployment
The completion of the model creation does not signify the conclusion of the project.
The acquired knowledge must be structured in a manner that is applicable to the

consumer. The complexity of the deployment phase might vary depending on the

specific requirements, ranging from a straightforward generation of a report to the
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implementation of a sophisticated and replicable DM process. Maintenance actions for
the deployed models may also be included in the deployment process. Due to the
dynamic nature of business operations, the data pertaining to business activities
undergo continuous fluctuations. Over time, the models may eventually lose their
relevance, become obsolete, or lead to false outcomes. Hence, the upkeep of the
models assumes significance for the outcomes of DM to be integrated into the
company's regular operations. Thoroughly planning a maintenance strategy is essential

to prevent prolonged periods of incorrect utilisation of DM outcomes.

An important point to note is that, in many instances, the responsibility of executing
the deployment procedures lies with the customer rather than the data analyst. Thus, it
is crucial for the customer to possess a clear understanding of the necessary actions

required to effectively use the generated models.

35



Buasiness Data
([ Umiterstanding Understanding

{ Callecr Initial Dats

! Determine

i Basiness Ohjectives

E Soekgrnrana

1 Huesrimess LA fecrives

| Mresiraesy Succesy
Crireria

! Asmess Sibuation

H faventary of Resoieroes
PR,

i Asseenptioves, oo

{ Crvastraings

§ Misky canel Cosafingeracies

' Tﬂllll-n'l{lllflj.;_‘l'
§Csrs s Bene iy
E Dietermine

Iratn Niming Cioals
1 Fhertar MSring Crasoels
Ehrter Lilrming Sccesy
o Ceireria
Proclece Project Plam
| Progect Plan
{aidriead Asvevsmen? of

Fowaly arrcd Fechnignves

faiaeal Fara Cailleasdan
Rapars

- Deseriibe ata
Lihtar Dleecatpriam Mepnrr

Explors Iiaga

P hear Foopdenrdioan Keysar?

werify Data Cuality

Phder Chumdity Moo

Ikala
Preparatism

ey S
P oeear Saa Pdesoripuion

Select Data
Moedreuronde o Srrcdiocdons
Evcherivee

Clean Data

ety Olgvaning Repors

Construct Dhala
fherived ity
Crevrerarnen Mecordy

Inteorate Data
Aerzed’ Doy

Format Dada
Nefvummarntedd Dot

Mlodeling I i

Exvaluatiomn I |

Dhegboy mwent I

Select Moddeling
Tewhimig e

Mododing Fevdauy

Miosleling Avraomptiony

Crenerate Test Deskgm
Test Fresign

Mawild Mindel
FPoaramaeior Seitings
Moclels

Mioled Dlescaipriom

Assess Model

Mol Assveesvivenm

Eenizog Paramerer
Hertings

valuate Resules
e Oy T
Nftorregr Bevanlis e s
Hreeimesy Sucoesy
CirndewTia

A,

L Appvoved Meodels

Review Process

I Revdew ey Process

i retermiine MNexl Sieps

Lisr eof Proovside Aciians
Lhecinrenn

| Plam Deployment

Deplomrers o

Mam NMonitoring amd
Mainlemance

Mieamideneing amd
Afarmrevsarce Plow

Progluce Final Feport |
+ il Bopaort
| Find Presentarion

Resiew Project
Ervpreriemce
e tR T e T

Figure 3.4. CRISP-DM Task Summary and Results
Source: Wirth & Hipp (2000)

36



3.2.3. KNIME Analytics

In recent years, there has been a proliferation of proficient DM tools that are both open-
source and freely available. Notably, Konstanz Information Miner (KNIME) and
RapidMiner have emerged as frontrunners in this domain (Dwivedi et al., 2016).
KNIME is a data analytics, reporting, and integration tool that incorporates a range of
components designed for machine learning and data mining, using a modular data
pipelining approach known as the "Building Blocks of Analytics”. The integration of
a graphical user interface (GUI) and the utilisation of Java database connectivity
(JDBC) facilitate the amalgamation of nodes that combine many data sources. This
includes the preparation stages of extraction, transformation, and loading (ETL),

enabling the creation of models, data analysis, and visualisation tasks.

3.2.3.1. Internal Capabilities of KNIME

The KNIME platform enables users to construct data flows (pipelines) through a visual
interface. Users have the ability to selectively execute individual or multiple analytic
processes in these pipelines. Furthermore, users may examine the outcomes and
models through interactive widgets and views. KNIME software is implemented using
the Java programming language, and it is built upon the Eclipse framework. The
system uses an extension mechanism to incorporate plugins that offer supplementary
functionality. The core version of the software encompasses a wide range of modules
that facilitate data integration. These modules include functionalities such as file
input/output and database nodes that support various database management systems
(e.g., SQLite, MS-Access, SQL Server, MySQL, Oracle, PostgreSQL, Vertica, and
H2) through JDBC or native connectors. Moreover, the core version offers modules
for data transformation, including filtering, converting, splitting, combining, and
joining. It provides commonly utilised statistical methods, data mining techniques,
analytical tools, and text analytics capabilities. The utilisation of the free report
designer plugin facilitates the incorporation of visualisation techniques. The utilisation
of KNIME workflows as data sets enables the creation of report templates that can be
exported to various document formats, including doc, ppt, xIs, pdf, and other

compatible formats.
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3.2.3.2. The KNIME Workbench

Figure 3.5 presents the KNIME graphical user interface. In the following part, we
provide the primary features of the interface and how they work.

(i) KNIME explorer
It provides an overview of the workflows that are available in the open KNIME
workspaces, including local workspace, KNIME servers, and your own personal
KNIME hub space.

(i) Workflow coach
It displays suggested nodes from the KNIME community's shared workflows. If you
disable KNIME's ability to track your usage patterns, the feature will be deactivated.

(iii) Node repository
In this feature, you can see a complete catalogue of all nodes that are both part of the
base KNIME Analytics Platform and any add-ons you may have installed. A search
bar sits atop the node repository, but browsing the categories is also an option.

(iv) Workflow editor
This is a canvas for editing the workflow that is presently active.

(v) Description
This displays detailed information about a chosen node (in the workflow editor or node
repository) or the currently ongoing workflow.

(vi) Outline
This displays an overview of the workflow that is currently being used.

(vii) Console
It displays execution messages that show what is happening behind the scenes.

(viii) KNIME HUB*

Users can cooperate and commercialise analytical solutions with the KNIME
Analytics Platform through KNIME Hub. KNIME Hub comes in two forms: KNIME
Business Hub, which is put into your private infrastructure, and KNIME Community

Hub, which is accessible to the entire world.

4 https://www.knime.com/knime-hub
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3.2.4. Accuracy Measurement Metrics

The confusion matrix is widely regarded as the fundamental method for estimating
accuracy in classification problems (Delen et al., 2018). The confusion matrix in
Figure 3.6 represents the outcomes of a two-class classification task. The values on the
diagonal running from the top left to the bottom right of the matrix indicate accurate

decisions, whereas the values outside this diagonal show instances of error.
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3.2.4.1. Predictive Accuracy

This measures how well the model can assign a label to unknown data. For
classification models, prediction accuracy is employed as a metric of quality. This
metric is calculated by comparing the model's predicted class labels to the actual class
labels from a test set. Accuracy can be measured in terms of the rate at which a model
properly classifies examples from a test data set. It can be measured by calculating the
ratio of correctly categorised cases, both positive and negative, divided by the total

number of cases as shown in the following formula:

TP+TN
TP+TN+FP+FN

where TP = True positive; TN= True negative; FP=False positive and FN=False

Accuracy =

negative
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3.2.4.2. True Positive and Negative Rate (a.k.a Sensitivity)
The true positive rate, also known as the hit rate or recall, is defined as the ratio of all

the positives which were rightly identified as such to the total number of positives. It

measures the likelihood that an actual positive will test positive.

True Positive =

TP+FN

The ratio of all the negatives which were rightly identified as such to the total number

of negatives. This is also known as the false alarm rate. It is calculated as follows:

True Negative = TNTFP

This is the likelihood that a true negative will test negative.

3.2.4.3. Precision and Recall

In mathematical terms, precision is usually defined as the ratio of true positives to the

sum of true positives and false positives.

Precision =

TP+FP

Recall is defined mathematically as the ratio of true positives to the sum of true

positives and false negatives.

TP
TP+FN

Recall =

While all the accuracy measures are essential, this study will focus on the overall
accuracy of the models as well as their sensitivity and specificity as a measure of the
performance of the models. However, the others will be displayed in the outputs of the
KNIME Analysis.
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3.2.4.4. 10-Fold Cross-Validation

This study will use a technique called 10-fold cross-validation to compare the
predicted performance of our models while minimising the bias introduced by the
random sampling of the training and holdout data samples. With this technique, the
data set is randomly split into 10 independent subsets of similar size using 10-fold
cross-validation. There are ten iterations of training and testing the categorisation
model. Every time, we train on all but one fold and then test on that last fold. Figure

3.7.1s a visual representation of a 10-fold cross-validation.

Repeated for
all 10 folds

Figure 3.7. A Visual Representation of a 10-Fold Cross-Validation

3.2.5. The Receiver Operating Characteristic (ROC) Curve

With the ROC curve, the true positive rate is plotted on the y-axis and the false positive
rate on the x-axis in a graphical evaluation method known as the Area Under the ROC
Curve (AUC). A classifier's efficacy is quantified by its area under the receiver
operating characteristic (ROC) curve. A score of 1 would represent a flawless
classifier, while a score of 0.5 would imply a performance no better than chance. In

practice, the scores would fall somewhere in between these two extremes.
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CHAPTER IV

EMPIRICAL FINDINGS

4.1. Business and Data Understanding

In the business understanding stage, we used the data of Bank ABC to build, train, and

test models to predict customers who are likely to churn from the bank. Then, in the

understanding stage, we employed KNIME statistics to view the important properties

of data. Table 4.1. shows the summary of the descriptive statistics. The red question

marks indicate missing values. These values are non-numerical, i.e., they are

categorical variables. For instance, the churn column has two categories, YES and NO.

The former represents those that churned, while the latter represents those that did not.
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4.2. Data Preparation

In the data preparation stage, we pre-process the data by cleaning and transforming it

to make it ready for building the predictive models. This stage is the most time-

consuming one. We used the Column filter to remove the customer ID since each 1D

is unique and IDs do not have any generalisable information. The removal of the

Customer ID reduced the number of columns to 11, while the number of rows remained

10,000. The data that we used had no missing values; thus, after using the column

filter, the next node is the colour manager. We used the colour manager to label all

those that churned as red and all those that did not churn as green. Table 4.2 shows the

results of this step. Matching the first column with the last column shows that all the

YES in the churn column correspond to Red in the Row ID column, while all the NO

in the churn column correspond to Green in the first column.

Table 4.2. Churned Customers and Non-Churned Customers
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Table "default” - Rows: 10000

Spec - Columns: 11

Flow Variables

Row ID

B rowo
B Row1
B Rowz
B rRow3
B Rows
B rRows
B Rows
B row7?
B Rows
B Rowo

B rowl0
B Row11
B row12
B Row13
B Row14
B Row1s
B Rowi6
B row17
B Row1s
B row19
B Rowz0
B Rowz1
B row22
B Rowz3
B rRowz4
B Rowzs

B rowzs
YT

[1]credit... |[S] country |[S] gender |[1]age

619
608
502
699
850
645
822
376
501
684
528
497
476
549
635
616
653
549
587
726
732
636
510
669
846
577
756

France
Spain
France
France
Spain
Spain
France
Germany
France
France
France
Spain
France
France
Spain
Germany
Germany
Spain
Spain
France
France
Spain
Spain
France
France
France
Germany

[ S—

Female
Female
Female
Female
Female
Male
Male
Female
Male
Male
Male
Male
Female
Female
Female
Male
Male
Female
Male
Female
Male
Female
Female
Male
Female
Male
Male

[1]tenure [D]balance |[1] produ...|[S]credit... |[S]active...

DN W B0 T WD W NV WO R RN @ N e

0 1
83,807.86 1
159,660.8 3
0 2
125,510.821
113,755.782
0 2
115,046.74 4
142,051.07 2
134,603.88 1
102,016.72 2
0 2
0 2
0 2
0 2
143,129.412
132,602.88 1
0 2

0
0
0
0
0
0
0
0
136,815.64

DN N NN R

Yes
No
Yes
No
Yes
Yes
Yes
Yes
No
Yes
No
Yes
Yes
No
Yes
No
Yes
Yes
No
Yes
Yes
Yes
Yes
No
Yes
No
Yes

[

Yes
Yes
No
No
Yes
No
Yes
No
Yes
Yes
No
No
No
No
Yes
Yes
No
Yes
No
Yes
Yes
No
No
Yes
Yes
Yes
Yes

[D]estim... |[S]churn
101,348.88 Yes
112,542.58 No
113,931.57 Yes
93,826.63 No
79,084.1 No
149,756.71 Yes
10,062.8 No
119,346.88 Yes
74,940.5 No
71,725.73 No
80,181.12 No
76,390.01 No
26,260.98 No
190,857.79 No
65,951.65 No
64,327.26 No
5,097.67 Yes
14,406.41 No
158,684.81 No
54,724.03 No
170,886.17 No
138,555.46 No
118,913.53 Yes
8,487.75 No
187,616.16 No
124,508.29 No
170,041.95 No

20 433 3C M

After using the colour manager, we used the x-partitioner to split the data into 80% for

training and 20% for testing using the stratified sampling method on churn. We chose

the x-partitioner for this task because it produces better results than the single-split

45



partitioner. The x-partitioner node helps divide the dataset into ten equal-sized
samples, and during each iteration of the 10-fold cross-validation process, we used
nine partitions to train the model while the remaining one partition was used to test it.
This process takes place ten times until each partition of the data serves as a test set at
least once. This process is advantageous as it facilitates the evaluation of a model's
ability to generalise new data and prevents complications such as overfitting during
the model deployment. Finally, we applied the equal-sized sampling node to the
training dataset to avoid the dominance of the majority class affecting the predictive

accuracy of models.

4.3. Model Building

In this stage, we built the models that we use for the analytics. In this study, we used
DT, RF, LR, SVM and ANN in the customer churn prediction model development.
Then, we combined these models into an ensemble model that is expected to be a
higher-performance predictive model (Azevedo & Santos, 2008; Delen et al., 2018;
Sharda et al., 2020; Vafeiadis et al., 2015). We carried out this activity with the help
of the Column Appender node.

4.3.1. The Performance Measurement of the Predictive Models

In our target column (Churn column), YES means the customer churned, and NO
means the customer did not churn. Thus, YES represents the positive category as far
as the churn is concerned, while NO represents the negative category. This distinction
is useful in interpreting the results. It helps understand the confusion matrix. Deciding
on which class to call positive and which class to call negative can be done arbitrarily
(Carter et al., 2016). That means it is left to the researcher’s discretion®. Hence, we
decided to refer to those who churned as the positive class and vice versa, and we have

been consistent throughout the work.

® https://www.knime.com/blog/from-modeling-to-scoring-confusion-matrix-and-class-statistics
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4.3.2. The Confusion Matrix and Accuracy Statistics

The scoring process of a predictive model consists of a match count. That is, how many
data rows have been correctly classified and how many data rows have been incorrectly
classified by the model? These counts are summarised in the confusion matrix. This
matrix shows the numbers of correct and incorrect predictions. In the matrix, the rows

are the Actual values, and the Columns are the predictions of the actual values.

Initially, we implemented the confusion matrix to assess the performance of binomial
classification (Delen et al., 2018). The aim of this step is to designate one of the two
classes, namely the positive class (those who churned in our case), as the class of
interest. It is necessary to arbitrarily’ select one value as the positive class in the target
column (the churn column in our case). The alternative value (those who did not churn
in our case) is subsequently classified as the negative class by default. It should be
noted that while this assignment is arbitrary, certain class statistics may exhibit varying
values contingent upon the positive class chosen®. In this study, we considered those

who churned as Positive and those who did not as Negative.

In the customer churn prediction, we need to answer several different questions:

I.  How many of the actual churned customers were predicted as churned?
These are referred to as True Positives (TP).
Il.  How many of them were predicted as not churned even though they
churned? They are known as False Negatives (FN).
1. Were some customers who did not churn predicted by the models as
churned? These are referred to as False Positives (FP).
IV.  How many of those who did not churn were predicted correctly as not

churned? They are known as True Negatives (TN).

The answer to all these questions can be found in the confusion matrix.

7 https://www.knime.com/blog/from-modeling-to-scoring-confusion-matrix-and-class-statistics
8 https://www.knime.com/blog/from-modeling-to-scoring-confusion-matrix-and-class-statistics

47


https://www.knime.com/blog/from-modeling-to-scoring-confusion-matrix-and-class-statistics
https://www.knime.com/blog/from-modeling-to-scoring-confusion-matrix-and-class-statistics

4.3.2.1. Sensitivity, Specificity, and Overall Accuracy

To explain sensitivity, specificity, and overall accuracy, we need to display the output
of one of the models that we will refer to. Table 4.3 shows the scorer (JavaScript)
interactive view for the DT model. In Table 4.3, the numbers with the deep-coloured
background were the correctly predicted outcomes, i.e., 5727 and 1428 were the
correctly predicted negatives and positives, respectively. Likewise, the number 609 is
the false negative, while the number 2236 is the false positive. Moreover, in Table 4.3.,
the second table represents the class prediction statistics, while the third table
represents the overall prediction statistics. In the class prediction statistics, the first
four columns are just a repetition of what is in the confusion matrix, while the second
four columns show the accuracy measures, including sensitivity and specificity for
both the positive class (YES) and the negative class (NO). We extracted the confusion
matrix from Table 4.3 and showed how sensitivity, specificity and overall accuracy

are computed in Table 4.4.

Table 4.3. The Scorer (JavaScript) Interactive View for the
Decision Tree Model

[ ] [ ] Confusion Matrix

Scorer View

Confusion Matrix

Rows Number : 10000

No (Predicted)

Yes (Predicted)

No (Actual)

5727

2236

71.92%

Yes (Actual)

609

1428

70.10%

Class Statistics

90.39%

38.97%

Class

True Positives

False Positives

True Negatives

False Negatives

Recall

Precision

Sensitivity

Specificity

F-measure

5727

609

1428

2236

71.92%

90.39%

71.92%

70.10%

80.10%

Yes

1428

2236

5727

609

70.10%

38.97%

70.10%

71.92%

50.10%

Owerall Statistics

Overall Accuracy

Overall Error

Cohen's kappa ()

Correctly Classified

Incorrectly Classified

71.55%

28.45%

0.324

7155

2845

The sensitivity of a model indicates how well it identifies occurrences belonging to the
positive category (YES category in the churn column). Therefore, sensitivity in
customer churn prediction is the extent to which the predictive model can predict those

who churn. A model that is 100% sensitive will detect all churned clients. Any model
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is unlikely to be completely sensitive®. A model with 85% sensitivity will identify 85%
of churned consumers but will miss 15%. A highly sensitive model can be useful for
ruling out a customer who is projected not to churn. The reasoning is that it is highly
accurate in forecasting who will churn. This means that if it claims this customer would
not churn, we can potentially rule them out. Our DT model achieved the sensitivity
value of 0.701, meaning that 70.1% of the customers in the dataset who churned were

correctly predicted by the model as churned.

Table 4.4. Sensitivity, Specificity, and Prediction Accuracy
for the Decision Tree Model

Predicted Class | Predicted Class

Negative (NO) Positive (YES)
ACtual CIaSS Spec|f|c|ty = TN
FP+TN
Negative (NO) | TN =5727 FP =2236 5727
" 2236+5727
=71.92%
Actual  Class Sensitivity =
FN+TP
positive (YES) | FN =609 TP =1428 1428
T 609+1428
=70.10%
Overall Accuracy =
TP+TN
TP+TN+FP+FN
1428+5727
 1428+5727+2236+609
=71.55%

Specificity, on the other hand, is the extent to which a model can predict occurrences
belonging to the negative category (the NO category in our case). The DT has a
specificity of 0.7192, meaning that 71.92% of those that did not churn were correctly

identified as not churned.

°®  https://towardsdatascience.com/how-do-you-measure-if-your-customer-churn-predictive-model-is-
good-187a49a9%eee3
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Finally, the DT model had an overall prediction accuracy of 71.55%, meaning that
71.55% of the 10,000 cases were correctly predicted.

4.3.2.2. The AUC of the ROC Curve

The total capacity of a test to accurately differentiate positive from negative or normal
from abnormal can be quantified using the AUC of an ROC curve. According to Carter
et al. (2016), a flawless test will yield an AUC score of 1.0, indicating the absence of
both false positives and false negatives. Conversely, a value of 0.5 shows that the test
result is no more accurate than if it were determined randomly. The AUC cannot be
less than 0.5. The interpretation of the AUC values is as follows: a value of 1.0
indicates a perfect test, a range of 0.9-0.99 shows an excellent test, a range of 0.8-0.89
indicates a good test, a range of 0.7-0.79 shows a fair test, a range of 0.51-0.69

indicates a poor test and a value of 0.5 indicates no value.

4.4. The Evaluation of the Performance of the Models

In this section, we analysed the confusion matrix and the ROC curves of each model,

including the ensemble model.

4.4.1. Decision Tree Model

Table 4.3 shows that the DT model had a sensitivity of 70.1%, specificity of 71.9%,
and overall accuracy of 71.6%, meaning that the DT’s accuracy at predicting the
churners (sensitivity) is 70.1% and non-churners (specificity) is 71.9%, and it has
71.6% accuracy at predicting. Figure 4.1 displays the ROC curve of the DT model
presenting the AUC score, showing that the DT has an AUC score of 72.6%. This
score falls within the range of 0.7 - 0.79 and, thus, indicates a fair test. Since the closer
the AUC is to 1, the better the model is at distinguishing between classes, a 72.6%
means the DT model is good at separating churners and non-churners. The DT has an
accuracy of 72.6% according to the AUC of the ROC curve.
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ROC Curve

True positive rate (sensitivity)

- —@ - random classifier
—@— P (churn=Yes)_DT (AUC=0.726)

False positive rate (1 - specificity)

Figure 4.1. The ROC Curve of the Decision Tree Model

4.4.2. Artificial Neural Network (ANN) Model

Before building the NN, we used the one-to-many node to convert all non-numeric
variables to numeric ones except the target variable, i.e., churn, since NNs, LR, SVM,
and nearest neighbour algorithms use numeric derivations. We also normalised the
data using the normaliser node in KNIME so that the value of every variable is between
0 and 1, and we replicated it for all subsequent models. Table 4.5 shows the scorer
(JavaScript) interactive view for the ANN. Table 4.5 shows that the ANN had a
sensitivity of 72.7%, specificity of 77.71%, and overall accuracy of 76.69%, meaning
that the ANN’s accuracy at predicting the churners (Sensitivity) is 72.7%, non-
churners (specificity) is 77.71%, and it has a 76.69% overall accuracy.

Figure 4.2 presents the ROC curve of the ANN model, showing the AUC score of the
model. Figure 4.2 shows that the ANN has an AUC score of 83.4%. This score falls
within the range of 0.8-0.89 and, thus, indicates a good test. Since the closer the AUC
is to 1, the better the model is at distinguishing between classes, an 83.4% AUC score
means that the ANN is good at separating churners and non-churners. The ANN has

an accuracy of 83.4% according to the AUC of the ROC curve.
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Table 4.5. The Scorer (JavaScript) Interactive View for the ANN Model

[ ] Confusion Matrix
Scorer View
Confusion Matrix
Rows Number : 10000 No (Predicted) Yes (Predicted)
No (Actual) 6188 1775 71.71%
Yes (Actual) 556 1481 72.70%
91.76% 45.49%
Class Statistics
Class | True Positives | False Positives | True Negatives | False Negatives | Recall | Precision | Sensitivity | Specificity | F-meast
No 6188 556 1481 1775 77.71% | 91.76% T1.71% 72.70% 84.159
Yes 1481 1775 6188 556 72.70% | 45.49% 72.70% T1.71% 55.96%
Overall Statistics
Overall Accuracy | Overall Error | Cohen's kappa (k) | Correctly Classified | Incorrectly Classified
76.69% 23.31% 0.412 7669 2331

ROC Curve

14

True positive rate (sensitivity)

. —@ - random classifier
- —@— P (churn=Yes)_NN (AUC=0.834)

0.40 0.60 0.80 1

False positive rate (1 - specificity)

Figure 4.2. The ROC Curve of the ANN Model

4.4.3. Logistic Regression (LR) Model
Table 4.6. shows the scorer (JavaScript) interactive view for the LR model. Table 4.6

shows that the LR model had a sensitivity of 69.51% for the positive class, a specificity

of 71.76%, and an overall accuracy of 71.3%, meaning that the LR’s accuracy at
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predicting the churners (sensitivity) is 69.51%, non-churners (specificity) is 71.76%,

and it has a 71.3% overall accuracy in making the right predictions.

Table 4.6. The Scorer (JavaScript) Interactive View for the

Logistic Regression Model

[ ] [ ] Confusion Matrix
Scorer View
Confusion Matrix
Rows Number : 10000 No (Predicted) Yes (Predicted)
No (Actual) 5714 2249 71.76%
Yes (Actual) 621 1416 69.51%
90.20% 38.64%
Class Statistics
Class | True Positives | False Positives | True Negatives | False Negatives | Recall | Precision | Sensitivity | Specificity | F-meast
No 5714 621 14186 2249 71.76% 90.20% 71.76% 69.51% 79.93%
Yes 1416 2249 5714 621 69.51% | 38.64% 69.51% 71.76% 49.67%
Overall Statistics
Overall Accuracy | Overall Error | Cohen's kappa (k) | Correctly Classified | Incorrectly Classified
71.30% 28.70% 0.318 7130 2870

Figure 4.3 is the ROC curve of the LR model, showing the AUC score of the model.
In Figure 4.3, it is obvious that the LR has an AUC score of 76.9%. This score falls
within the range of 0.7-0.79 and, thus, indicates a fair test. Since the closer the AUC
is to 1, the better the model is at distinguishing between classes; a 76.9% AUC score
means the LR is good at separating churners and non-churners. The LR has an accuracy
of 76.9% according to the AUC of the ROC curve.
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Figure 4.3. The ROC Curve of the Logistic Regression Model

4.4.4. Support Vector Machine (SVM) Model

Table 4.7 shows the scorer (JavaScript) interactive view for the SVM model. Table 4.7
shows that the SVM model had a sensitivity of 70.1% for the positive class, a
specificity of 72.4%, and an overall accuracy of 71.93%, meaning that the accuracy of
SVM at predicting the churners (sensitivity) is 70.1%, non-churners (specificity) is

72.4%, and it has a 71.93% overall accuracy in making the right predictions.

Table 4.7. The JavaScript Scorer Interactive View for the SVM Model

Scorer View

Support Vector Machine (SVM)

Conlusion Matrix

Confusion Matrix

Rows Number : 10000 No (Predicted) Yes (Predicted)
No (Actual) 5765 2198 72.40%
Yes (Actual) 609 1428 70.10%
90.45% 39.38%
Class Statistics
Class | True Positives | False Positives | True Negatives | False Negatives | Recall | Precision | Sensitivity | Specificity | F-measure
No 5765 609 1428 2198 72.40% | 90.45% 72.40% 70.10% 80.42%
Yes 1428 2198 5765 609 70.10% 39.38% 70.10% 72.40% 50.43%

Overall Statistics

Overall Accuracy

Overall Error

Cohen's kappa (x)

Correctly Classified

Incorrectly Classified

71.93%

28.07%

0.329

7193

2807
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Figure 4.4 is the ROC curve of the SVM model, showing the AUC score of the model.
In Figure 4.4, it is obvious that the SVM has an AUC score of 77%. This score falls
within the range of 0.7-0.79 and, thus, indicates a fair test. Since the closer the AUC
is to 1, the better the model is at distinguishing between positive and negative classes;
a 76.9% AUC score means that the SVM is good at separating churners and non-
churners, and the SVM has an accuracy of 76.9% according to the AUC of the ROC

curve.

ROC Curve

True positive rate (sensitivity)
IS
3
\
\

- —@ - random classifier
e —@— P (churn=Yes)_SVM (AUC=0.770)

0.20 0.40 0.60

False positive rate (1 - specificity)

Figure 4.4. The ROC Curve of the SVM Model

4.4.5. Random Forest (RF) Model

Table 4.8 shows the scorer (JavaScript) interactive view for the RF model. Table 4.8
shows that the RF model had a sensitivity of 73.83% for the positive class, a specificity
of 80.21%, and an overall accuracy of 78.91%, meaning that the RF’s accuracy at
predicting the churners (sensitivity) is 73.83%, non-churners (specificity) is 80.21%,
and it has a 78.91% overall accuracy in making the right predictions. These scores
make the RF model better than all the other models.
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Table 4.8. The Scorer (JavaScript) Interactive View for the RF Model

Scorer View

Random Forest (RF)

‘Confusion Matrix

Confusion Matrix

Rows Number : 10000 No (Predicted) Yes (Predicted)
No (Actual) 6387 1576 80.21%
Yes (Actual) 533 1504 73.83%
92.30% 48.83%
Class Statistics
Class | True Positives | False Positives | True Negatives | False Negatives | Recall | Precision | Sensitivity | Specificity | F-measure
No 6387 533 1504 1576 80.21% 92.30% 80.21% 73.83% 85.83%
Yes 1504 1576 6387 533 73.83% | 48.83% 73.83% 80.21% 58.78%
Overall Statistics
Overall Accuracy | Overall Error | Cohen's kappa (k) | Correctly Classified | Incorrectly Classified
78.91% 21.09% 0.454 7891 2108

Figure 4.5 shows that the RF has an AUC score of 85.3%. This score falls within the
range of 0.8-0.89 and, thus, indicates a good test. Since the closer the AUC is to 1, the

better the model is at distinguishing between positive and negative classes; an 85.3%

AUC score means the RF is good at separating churners and non-churners. The RF has

an accuracy of 85.3% according to the AUC of the ROC curve. By the AUC metrics,

the RF is the best-performing model according to the overall accuracy measure from

the confusion matrix.

True Positive Rate

ROC Curve

0.1 0z

® P (churn=Yes) RF @ random

03 0.4

0.5

0.6 0.7

08

Figure 4.5. The ROC Curve of the RF Model

P (churn=Yes)_RF (0.853)

0.9

1.0

False Positive Rate
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4.4.6. Ensemble Model

Table 4.9 shows the scorer (JavaScript) interactive view for the Ensemble model.

Table 4.9 shows that the Ensemble model had a sensitivity of 70.1%, specificity of

71.9%, and overall accuracy of 71.6%, meaning that the accuracy of the model at

predicting the churners (sensitivity) is 70.1%, non-churners (specificity) is 71.9%, and

it has 71.6% accuracy at predicting. Figure 4.6 is the ROC curve of the Ensemble

model showing the AUC scores of all the models in a single visual representation.
Figure 4.6 indicates that the RF model with an AUC score of 85.3% is the best-
performing model. This is followed by the ANN model, which has an AUC score of

83.4%. Finally, with a score of 72.6%, the least-performing model, according to the
AUC scores, is the DT.

Scorer View

Ensemble Model

Confusion Matrix

Confusion Matrix

Rows Number : 10000

No (Predicted)

Yes (Predicted)

No (Actual)

5727

2236

71.92%

Yes (Actual)

609

1428

70.10%

90.39%

38.97%

Class Statistics

Class

True Pc

False Po:

True Neg:

False Negatives

Recall

Precision

No

5727

609

1428

2236

71.92%

90.39%

71.92%

70.10%

80.10%

Yes

1428

5727

609

70.10%

38.97%

70.10%

71.92%

50.10%

Qverall Statistics

Overall Accuracy

Overall Error

Cohen's kappa (k)

Correctly Classified

Incorrectly Classified

71.55%

28.45%

0.324

7155

2845

Table 4.9. The Scorer (JavaScript) Interactive View for the Ensemble Model
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Figure 4.6. The ROC Curve of the Ensemble Model

4.5. The Selection of the Model for Deployment

The deployment stage is the final stage of the CRISP-DM methodology. In this stage,
we select the best-performing one among the models for deployment. Table 4.10
shows the summary of the performance of the predictive models. In Table 4.10, it is
evident that the RF is the best predictive model by all standards, followed by the ANN
model. Although the scores of the DT, LR and SVM models are not so low, they are

not good enough and need improvement.

Table 4.10. The Summary of the Performance of the Predictive Models

Model Sensitivity (True Specificity (True Overall AUC
Positive Rate) Negative Rate) Accuracy

Decision Tree 70.10% 71.92% 71.55% 72.60%
ANN 72.70% 77.71% 76.69% 83.40%
LR 69.51% 71.76% 71.30% 76.90%
SVM 70.10% 72.4% 71.93% 77.00%
RF 73.83% 80.21% 78.91% 85.30%
Ensemble Model 70.10% 71.92% 71.55% 72.60%
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Finally, although the RF is the best model by all standards and is recommended for
deployment, its performance could be improved. To improve the performance of the
models in general and the RF in particular, one should focus on how to improve the
sensitivity and the overall accuracy of the models. The sensitivity determines the
ability of a model to predict those that will churn from the list of customers in the
dataset, i.e., the objective of the churn prediction. The sensitivity should be as close to
100% as possible. If a model has a 100 % sensitivity, it correctly predicts every person
who will churn from the services of the bank. Although specificity is also important
and should be as close to 100% as possible, it is not as important as sensitivity in
customer churn prediction. The reason is that specificity only tells us those who will
not churn so that the bank ignores them in designing marketing campaigns for

customers at the risk of churning.

4.6. Variable Importance Graphic

After building and evaluating the predictive models, we used the Excel writer node in
KNIME to create a variable importance graphic by using the output data of the RF
predictor. We do this to ascertain the ranking order of how important each of the
variables in the data is in building the RF predictor that happened to be the best-
performing model in this study. Figure 4.7 shows the graphical representation of the
variable importance graphic that we generated in Excel after exporting the output data
of the RF predictor and by using the Excel Reader node in KNIME.
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Figure 4.7. The Variable Importance Graphic

Figure 4.7 shows that the most important variables in building the best predictive
model were the product_number, followed by the credit score and age. Similarly, the
least important variables were Yes credit card and No_credit _card. This result
indicates that having a credit card or not does not matter much in using the RF model

to predict the customers that are likely to leave the bank'’s services.
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CHAPTER V

CONCLUSIONS AND DISCUSSIONS

The rate of customer attrition has shown an upward trend in recent years, given the
increasing competition across sectors. To deal with customer churn, companies
formulate customer-centric strategies to enhance service quality and ensure sustainable
customer relationships. The anticipation of customer churn also empowers companies
to optimise resource allocation and minimise costs. Although there are many studies
held on the prediction of customer attrition in the banking sector (Alizadeh et al., 2023;
An et al., 2022; Belém, 2018; Bharathi et al., 2022; Charandabi, 2023; Guliyev &
Tatoglu, 2021; Karvana et al., 2019; Kaur & Kaur, 2020; Kaur et al., 2013; Khine &
Myo, 2019, 2023; Li & Wang, 2018, 2018; Muneer et al., 2022; Seid &
Woldeyohannis, 2022; Tran et al., 2023; Verma, 2020; Zoric, 2016), there are
relatively few studies that employ CRISPM DM in conjunction with KNIME
Analytics (Kumar & Ravi, 2008). In this study, we employed a data-driven approach
and several predictive models, i.e., decision tree, random forest, logistic regression,
artificial neural networks, support vector machine, and ensemble models, to forecast
the customer churn of a multinational bank, i.e., ABC Multinational Bank, by using
one month period data, from July 31, 2022, to August 29, 2022.

The results show that the random forest model has the highest performance in
accurately predicting the churn of bank clients by its high overall accuracy of 78.91%
and AUC score of 85.3%. This result is in line with the findings of the prior studies
(Kaur & Kaur, 2020; Lemos et al., 2022; Rahman & Kumar, 2020; Verma, 2020). We
also find that the decision tree model, which has an overall accuracy of 71.55% and an
AUC score of 72.6, and the logistic regression model, which has an overall accuracy
of 71.3% and an AUC score of 76.9%, are the least performing predictive models.
Using the AUC score, we find that our model accurately identifies all customers that
are likely to churn with an accuracy of 85.3%. Similarly, based on the overall accuracy
metric, our model has the capability to identify customers who are likely to churn with
an accuracy rate of 78.91%. The findings also identify the factors that have the highest
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predictive power for potential customer churn. Historical records of the customer with
the bank, its credit score, and age are more effective predictors than other factors
related to transaction volume. Hence, enhancing the ties with customers may serve to
mitigate customer churn in the banks.

5.1. Implications of the Study

This study offers valuable insights for financial institutions. By using reliable
predictive models, banks may identify potential clients that are likely to switch to other
financial institutions. This identification would allow banks to design innovative
marketing strategies, powerful customer relationship management, and rewarding
loyalty programs to prevent consumers from churning. In this frame, banks may act
proactively in managing the preferences of customers to foster a strong relationship
with them. Banks can also use their resources more efficiently and decrease their costs
related to promotional activities, as they would commit fewer resources to retain

clients.

5.2. Limitations of the Study and Future Research

We acknowledge that this study has some limitations. First, the validity and reliability
of the findings are contingent upon the representativeness of the data obtained from
Kaggle. Future studies may collect the data directly from the banks to produce more
refined results. Second, the results rely on the selected model implemented in the
KNIME platform. More sophisticated deep learning models like Convolutional Neural
Networks and Gradient Boosting Machines like XGBoost, LightGBM, and CatBoost
can produce better results. Third, we do not consider external factors, such as economic
conditions or industry-specific variables, that may affect customer churn prediction.
Future research may include these variables to measure their effects on the findings of
the predictive models. Moreover, the data covers only a short period, i.e., one month,
disregarding the changing behaviour of customers in the long run. Future studies may
use long-term data to build predictive models for producing more accurate results.
Finally, the findings of this study show the reflection of customers in a single
international bank and cannot be generalised to encompass all multinational banks.
Future research may assess the applicability of the results to other multinational banks

operating under the same circumstances.
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Figure A.1. Complete KNIME Workflow
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