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Digitalisation has changed the banking industry dramatically. Physical bank branches are not 

needed as much as previously since customers can perform financial transactions and pur-

chase banking products entirely digitally. Currently, mobile banks have become the most used 

digital banking channels. Because most of the interaction between the customer and the bank 

happens digitally, the personalised service experience should be reinvented. Thus, one of the 

main issues is to recognise the diversity of the customers as users and develop the services 

accordingly. 

 

The focus of this thesis is to understand the behavioural profiles of mobile bank users. The 

research was conducted for a Finnish bank to increase the knowledge of the customers. K-

means clustering, hybrid clustering, and fuzzy C-means clustering methods were compared 

with different combinations of feature subsets. The subsets of data were determined based on 

feature selection techniques such as correlation, mutual information, and Laplacian Score.  

 

The clustering outcomes were compared with internal validation measures and evaluating the 

cluster structure. Based on the validation, mutual information based feature selection and K-

means clustering provided the best grouping for the users. The findings conclude that differ-

ences between the mobile bank users exist. The analysis identified three different behavioural 

profiles that describe the activity of the users. Profiles were also distinct by customers’ demo-

graphical traits. The profiles can be utilised to develop the mobile banking app and provide 

personalised services for different types of customers. 
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Digitalisaatio on muokannut pankkien toimialaa huomattavasti. Fyysisille pankkien konttoreille 

ei ole samaan tapaan tarvetta kuin ennen, koska asiakkaat pystyvät helposti hoitamaan pank-

kiasiointinsa digitaalisesti. Erityisesti mobiilipankista on muotoutunut pankkien eniten käytetty 

digitaalinen kanava. Koska suurin osa kohtaamisista asiakkaan ja pankin välillä tapahtuu digi-

taalisesti, on yksilöllinen palvelukokemus tuotettava uudella tavalla. Tätä varten asiakkaiden 

eroavaisuudet palvelun käyttäjinä tulee tunnistaa ja hyödyntää palvelun kehityksessä. 

 

Tämän tutkimuksen tavoitteena on tunnistaa erilaisia käyttäytymisprofiileja mobiilipankin käyt-

täjäkunnasta. Tutkimus toteutettiin suomalaiselle pankille tarkoituksena lisätä ymmärrystä 

pankin asiakkaista. K-means, hybridi, ja fuzzy C-means klusterointimenetelmiä vertailtiin eri-

laisten muuttujakombinaatioiden kesken. Datasetistä valittiin erilaisia muuttujakombinaatioita 

muuttujanvalintamenetelmien avulla, joita olivat korrelaatio, keskinäinen tieto ja Laplacian 

Score perustaiset menetelmät. 

 

Klusteroinnin tuloksia verrattiin sisäisten validointimenetelmien avulla sekä vertaillen ryhmien 

rakennetta, joiden perusteella K-means klusterointimalli ja keskinäiseen tietoon perustuva 

muuttujanvalintamenetelmä tuottivat parhaimman lopputuloksen. Tulosten perusteella asiak-

kaissa voidaan tunnistaa eroavaisuuksia perustuen heidän käytökseensä mobiilipankissa. 

Analyysin avulla voitiin tunnistaa kolme käyttäytymisprofiilia, jotka kuvaavat erilaisia käyttöas-

teita. Profiilit olivat myös erilaisia demografisten tekijöiden osalta. Tutkimuksen tuloksena muo-

dostettuja segmenttejä voidaan hyödyntää mobiilipankin kehityksessä sekä yksilöllisten palve-

luiden tarjoamisessa asiakkaille. 
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1 INTRODUCTION 

 

Digitalisation has had an enormous impact on the banking sector. With the use of new tech-

nology, the possibilities for online banking have increased. The digital revolution influences the 

banking industry since customers can create transactions entirely using self-service technol-

ogy. Hence, banks can focus more on customer relationship management and serving cus-

tomers’ needs. Financial technology has made automatisation possible, and thus fewer people 

are needed for manual work. It has also reduced costs and made processes more efficient 

since human intermediary is no longer needed. The decision of, for example, a loan application 

can be completely automatised. (Gupta and Tham 2018) 

 

The ease of the service use encourages customers to adopt the new service and continue 

using it (Giovanis, Assimakopoulos, and Sarmaniotis 2019; Robertson, McDonald, Leckie and 

McQuilken 2016). Therefore, to attract customers to digital banking channels, service quality 

should be invested (Alavi and Ahuja 2016). On the other hand, customer-centricity is crucial 

when products are offered in different channels. Thus, banks should not only focus on devel-

oping the improvements of the channels. (Schoenbachler and Gordon 2002) Instead, concen-

trating on providing a good user experience in the channels with a customer-centric approach 

allows the bank to create value and profitable business (Komulainen and Saraniemi 2019). A 

positive user experience can increase a bank’s creditability by increasing customers’ trust (Ra-

jaobelina, Brun, Sandrine, and Arcand 2018). 

 

To be able to provide personalised services to the customers through online channels, cus-

tomers diversity should be recognised. Customers might have different emotions related to the 

service experience, and they might adapt the service in different ways. They might also use 

the service in various ways, and thus marketing, for example, should be developed to reach 

them in the right way and in the right place. (Calvo-Porral and Lévy-Mangin 2020; Carbo-

Valverde, Cuadros-Solas and Rodríguez-Fernández 2020) According to Zuccaro and Savard 

(2010), segmentation and targeting digital banking customers starts from transaction data. It 

contains vital information about customers’ behaviour, which can be enriched with other cus-

tomer databases (Zuccaro and Savard 2010). Behavioural segmentation increases the 

knowledge of the bank’s customers and enables the development of the service to correspond 

to customers’ needs (Weinstein 2013). 
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1.1    Motivation and background 

 

According to Statistics Finland (2020), 87% of the Finnish population use the internet to con-

duct the financial transaction. The highest adoption rates exist with 25 to 44 years old people, 

of which 98% utilised digital banking services (SVT 2020). The customers have been moving 

from netbank to mobile bank during the previous years. According to Finanssiala (2021), the 

use of mobile banks has increased 170% from 2014 until this day. In addition, Wewege, Lee 

and Thomsett (2020) predicted that by 2025 almost 90% of all banking interaction would hap-

pen through mobile.  

 

In light of these facts, it is essential to allocate resources to develop a mobile banking app 

where the digital experience is convenient and customer centric. It is vital to integrate the tra-

ditional assets with digital resources to be able to provide personalised services and answer 

the rapidly changing customer needs. Therefore, the right customers should be addressed with 

a data-driven approach. (Pousttchi and Dehnert 2018) 

 

This thesis aims to increase the knowledge of a Finnish bank’s mobile bank users with usage 

segmentation. The company remains anonymous, and it is referred to as “the bank” in this 

paper. This study focuses only on retail customers and their user profiles. The data used in the 

segmentation is based on the customers’ transactions in the mobile banking app. The aim of 

the thesis is to provide information about the users and their behavioural differences. The in-

formation enables the bank to offer personalised products to customers, attract new customers 

more efficiently, and develop the mobile bank further. In addition, there are only a few previous 

studies related to mobile bank usage segmentation that are performed with transaction data. 

Therefore, it is important to study the topic. 

 

 

1.2    Delimitations and research questions 

 

This thesis is delimited to retail customers that have used the mobile banking app during March 

and May 2021. The study does not cover other service channels and thus gives only a narrow 

view of the customers’ digital activity. In addition, the behavioural data is gathered from log 

files, and thus the research describes the app usage only within the limits of the data source. 

 

The study aims to understand the mobile bank users and the customers’ characteristics in-

side the segments. Hence, the main research question is formed as follows: 
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What type of users can be discovered according to customers’ mobile banking behaviour? 

 

Three sub-questions were formed to support the main research question and to view the 

study objective comprehensively. The sub-questions are: 

 

1. What kind of behavioural differences exists between the mobile bank users? 

 

2. What are the defining characteristics of customers in the identified customer segments? 

 

3. How can the defining characteristics of customer groups be deployed to offer more per-

sonalized services and attract customers? 

 

 

2 DIGITAL BANKING 

 

Digital banking refers to banks’ digital services, whereby one can conduct banking transactions 

online. These services are typically provided on online platforms such as websites and mobile 

apps. Digital banking has enabled banks to offer new services for shopping and online pay-

ments (Jayawardhena and Foley 2000). Online banking typically refers to banking services 

provided through banks’ websites or internet portals. However, the term is also used as a 

synonym for digital banking. In this thesis, online banking is defined as an internet portal, net-

bank. Hence, websites that do not offer a possibility to conduct banking transactions are not 

described as online banks in this study. (Pikkarainen, Pikkarainen Karjaluoto, and Pahnila 

2004) Additionally, in this thesis, online banking and mobile banking are referred to as subsets 

for digital banking (figure 1).  

 

 

Figure 1: Digital banking 
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Mobile banking can be seen as an extension of the online bank since it allows to perform 

financial and non-financial transactions through smartphones. In other words, a mobile bank 

is a smartphone application (app), which is an alternative service channel for netbank. 

(Pousttchi and Schurig 2004; Manser Payne, Peltier, and Barger 2018) The range of services 

provided in the digital banking platforms is comprehensive. The different digital services are 

described in the next subchapter. In the other subchapters, a brief history of digital banking 

and the adoption challenges are described. Additionally, the future outlook of banking is 

viewed. 

 

 

2.1    Digital banking services 

 

Digital banks can offer services through multiple channels, which usually are online and mobile 

platforms. However, incumbent banks have also physical branches that describe one service 

channel. Typical services a digital retail bank provides are, for example, digital payments, dig-

ital wallet, online products, and a digital financial advisor. These services are presented in table 

1. 

 

 

Table 1: Digital banking services 

Digital banking service Utility 

Multi-channel services Allows the customer to utilise different service 
channels. 

Payments Money transfer and bill payments through digital 
channels. 

Digital wallet Typically, a mobile app that contains digital cards 
and payment possibilities. 

Online products and self-ser-
vice actions 

Daily banking products and actions can be pur-
chased/performed in digital channels. 

 

Digital advisor Robo advisor that utilises AI to answer customer's 
questions. Can include personal financial plan-
ning. 

Or human advisor through the digital channels. 

 

 

The multi-channel approach refers to selling products through two or more sales channels 

(Cortiñas et al. 2010). The approach is categorised under services, as it serves customers by 

enabling to choose the preferred channel. The customers as well as the bank benefit from the 
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efficient way to interact and conduct financial transactions. Customers can perform the actions 

through the chosen channel whenever is most suitable for them. According to Cortiñas et al. 

(2010), most customers utilise all the different channels banks provide, especially customers 

that carry out a significant number of routine transactions. Banks, on the other hand, are able 

to reduce costs with the automated service channels, meaning that usually, human interaction 

is not needed (Jayawardhena and Foley 2000). 

 

Digital payments allow the customer to perform payments and money transfers through mobile 

and netbank. The services typically include domestic and foreign payment possibilities, as well 

as P2P (peer-to-peer) interaction. Digital payments can be offered cost-efficiently since the 

process is automatised. (Lipton, Shrier and Pentland 2016) The digital payment service can 

also be linked to the wallet app, which is considered an alternative solution for online payments 

(Rathore 2016). A Digital wallet is typically a separate mobile app, or it is attached to the mobile 

banking app. Wallet replaces the physical wallet, which means that customers’ cards and pay-

ments can be managed through a mobile app. (Lipton et al. 2016) The wallet solutions are vital 

for value creation in digital business as they also increase the banks’ brand image (Rathore 

2016). 

 

Digital banking enables customers to buy banking products and conduct financial transactions 

online (Jayawardhena and Foley 2000). Nowadays, banks offer almost all retail customer prod-

ucts online. Those digital products include investments, insurances, cards, and loans (Danske 

Bank 2021; Aktia 2021). Additionally, digital banks offer self-service actions such as account 

and account transaction management, bank statement request, card management, and con-

tacting customer service, to mention a few (Nordea 2021; Danske Bank 2021A; OP 2021A; 

Aktia 2021). 

 

A digital advisor supports banks’ multi-channel strategy extending the customer service to 

online and providing round-the-clock services. The advisor can be a human or a robot that 

utilises Artificial Intelligence (AI) to answer customers questions (Lipton et al. 2016). For ex-

ample, a chatbot of a Finnish bank OP (2021B) can answer questions related to daily banking, 

savings and investments, and other services. AI is defined as the ability of computer software 

to obtain and utilise knowledge without human involvement. AI is also able to learn from pre-

vious findings and improve over time. (Kaya, Schildbach, and Schneider 2019) In the case of 

customers questions, the advisor can learn from the previously presented questions. A digital 

advisor provides a great way to increase the interaction between the customer and the bank. 

It can also offer savings and investment guidance, portfolio optimisation, and payment and 

income management. (Lipton et al. 2016; Kaya et al. 2019) Digital advisors are also 
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characterised as ideal for customers who wish to avoid high-level charges from the bank, as 

the automated service is cost-efficient for the bank and thus cheaper or free for the customers 

(Bernardo 2017). 

 

From the consumers’ point of view, the most crucial element of a digital bank is to focus on 

providing the services in the mobile bank. Additionally, the processes should be digital from 

end-to-end, which means that automatisation is utilised in each part of the process, and hence 

human intermediary is not needed. Furthermore, a good digital user experience is required. 

(Lipton et al. 2016) Since mobile banking service is a central object for this thesis, it should be 

reviewed more precisely than the other digital banking services. 

 

According to a study conducted in 2020 in Finland by Statista Global Consumer Survey, 66 

percent of the respondents use mobile as their primary banking channel, 60 percent utilise 

online banking services with a computer, and only six percent physically visit the branches 

(Statista 2021). Typically, mobile apps are simple and easy to use. The provided banking ser-

vices can be divided into different sections of app functionalities, and hence customers can 

effortlessly see the overview of the services. (Skinner 2014) Mobile banking services typically 

include at least digital payments and digital wallet. Money transfers, domestic and international 

payments, automatic bill payments, and P2P payments are described as the most important 

features for consumers. (Lipton et al. 2016; Wewege 2020) 

 

Additionally, the gained advantage of mobile banking is essential for the customers. According 

to Danyali (2018), the advantages are the most significant factors affecting the customers' 

conversion from online banking to mobile banking. These advantages are, for example, the 

possibility to use the services anytime and anywhere, convenience, and ease of use (Singh et 

al. 2010; Rathore 2016). However, to benefit from the mobile bank, customers have certain 

expectations of the service. Pousttchi and Schurig (2004) identified four dimensions of require-

ments for a mobile bank: (1) technical requirements, (2) usability requirements, (3) design re-

quirements, and (4) security requirements (figure 2). 
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Figure 2: Requirements for mobile bank 

 

 

Technical requirements affect the use of mobile banking app significantly, as the customers 

are naturally expecting well-performing service (Giovanis et al. 2019). Therefore, banks should 

continuously focus on investing in software development. Furthermore, the mobile banking app 

should be available for any mobile device and operating system. As the technology and de-

vices evolve, the new devices' technical changes should be considered in the development. 

Additionally, the quantity of the transmitted data should be taken into account. The transmis-

sion process should not take too much time since it has a negative effect on convenience. 

(Pousttchi and Schurig 2004) Speed of the mobile banking service is found as one of the most 

important properties (Komulainen and Saraniemi 2019). Additionally, mobile data transmission 

is costly, and thus consumers might not be willing to pay for large amounts of it (Pousttchi and 

Schurig 2004). 

 

Great user experience and user interface create a base for convenient and easy-use apps 

(Komulainen and Saraniemi 2019). The usability and design requirements are fulfilled with a 

holistic and customisable experience in mobile banking service. The information customer is 

seeking should be available with only a few clicks. An excellent mobile bank provides an over-

view of customers’ financial life with interactive functionalities. Additionally, it allows customers 

to customise the app, for instance, scaling the details shown for the user and managing the 

announcements of important events. (Lipton et al. 2016; Pousttchi and Schurig 2004) Based 

on Danyali (2018) study, there is a significant relationship between the customers’ attitude and 

the ease of the mobile bank’s use. For instance, a difficulty-free way to make payments is 

described as the most valued feature of the digital mobile wallet. Therefore, it is also suggested 

to design the mobile banking app to support the easy way of use (Dayali 2018). 

 

Customers’ experience in banks’ mobile channels has been highlighted in many studies. 

Komulainen and Saraniemi (2019) studied customer experience in mobile banking services, 

including the experience process, use situation and the outcome. They claimed that user 
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experience also includes customers’ past experiences, expected future use, and desired func-

tionalities. Mbama and Ezepue (2018) discovered a significant relationship between customer 

experience, satisfaction, and loyalty. According to them, also quality and usability of the service 

affect the experience. Rajaobelina et al. (2018) examined the impact of mobile banks’ user 

experience on trust and commitment, as Rajaobelina, Brun, Line, and Cloutier-Bilodeau (2020) 

studied the same subject among older customers. Both studies proved that positive experience 

increases commitment as negative experience affects customers’ trust.  

 

Along with the quality of the service, observed risk and trust are associated with mobile banking 

technology (Giovanis et al. 2019; Lee and Kim 2020; Chawla and Joshi 2017; Alavi and Ahuja 

2016). For example, the actual threat of cybercriminal attacks and fraud impair customers’ trust 

in digital banking services (Wewege et al. 2020). On the other hand, Rathore (2016) implies 

that the security of customers’ cards would be more significant in s mobile wallet since the 

wallet is encrypted and backed up. Thus, recovering from a loss is more effortless. 

 

According to Rajaobelina et al. (2020), different age groups have different experiential needs, 

which affects further the trust against the mobile banking service. According to Chawla and 

Joshi (2017), younger consumers have a relatively high level of trust towards mobile banking 

services. Additionally, they are usually the first consumer group adopting mobile services, and 

they can also be characterised as active users of a mobile bank (Chawla and Joshi 2017; 

Manser Payne et al. 2018). However, it is essential to direct resources to develop secure mo-

bile banking services since trust is one of the most critical factors affecting mobile banking 

usage (Manser Payne et al. 2018; Chawla and Joshi 2017). Customers’ trust in digital banking 

services is also viewed in chapter 2.2.1, where the new banking players are introduced. 

 

In the future of digital banking, the mobile bank should not be considered only as an added 

capability or just one more service channel. Instead, the underlying business model should be 

constructed based on digital networks. (Skinner 2014; Lipton et al. 2016) Furthermore, the 

future and challenges of digital banking is discussed more broadly in chapter 2.2.2. 

 

 

2.2    Evolution of digital banking 

 

The digitalisation of the financial service industry started already far before the 2000s when 

the first ATM and internet bank were launched (Gup 2003). Despite the long-lasting develop-

ment, internet banking adoption in 2000 was scarce among the banks and their customers. 



9 
 

During the time, the provided services were limited since banks were experiencing uncertainty 

about the future. Additionally, the banks were not willing to welcome the new service channels 

and adjust the old ones. (Jayawardhena and Foley 2000; Mols 2001) In the early 2000s, inter-

net banking was claimed to have disadvantages compared to traditional branches since cus-

tomer deposits and cash withdrawals could not be performed in digital channels. During the 

time, cash was a popular payment method. These cash related services were linked to con-

venience, which internet banks were missing. (Gup 2003) However, Jayawardhena and Foley 

(2000) predicted that in the future, banks would offer more financial products such as invest-

ments and insurance policies through the internet. 

 

In the early 2000s, the purpose of the mobile bank was simply to provide information about 

customers’ account balances (Mallat, Rossi, and Tuunainen 2004; Skinner 2014). However, 

Pousttchi and Schurig (2004) presented four different use cases for the mobile bank: request 

of the account balance, observation of the account movements, money transfers, and account 

administration. However, during the time, mobile banking technology was not believed to 

achieve fully working solutions that would satisfy the customers if the service did not provide 

better usability and a wider range of functionalities (Pousttchi and Schurig 2004). The devel-

opment of mobile financial services was in an early phase, and thus, to reach broader potential, 

an easier and faster service with better usability was essential to develop (Mallat et al. 2004). 

 

The advantages of mobile banking technology started to emerge gradually as mobile technol-

ogy developed further. A new, faster, and wireless mobile network technology, 3G, provided 

faster access to the internet, which offered functionality development for mobile apps (Abu and 

Tsuji 2010). For example, after 2011, mobile networks increased tremendously in Finland 

(StatFin 2021). As the availability of mobile networks grew in households, more possibilities 

for mobile banking development emerged. Customers were able to perform financial transac-

tions regardless of time and place, and hence convenience was found as the most crucial 

factor affecting customers’ continued usage of the mobile bank. Still, the adoption rates were 

not increasing because the alternative digital banking options were experienced to be more 

secure. (Shaikh, Karjaluoto, and Chinje 2015; Singh, Srivastava, and Srivastava 2010) In 

2010, Cortiñas et al. (2010) claimed that customers are going to continue using the banks’ 

physical branches, which would be the key channel for the upcoming years. However, the 

branches needed to adjust the digital transformation by making changes as well. 

 

Among the retail banks operating in Finland, Danske Bank was the first to launch a mobile 

banking app in 2010 (Danske Bank 2021B). Respectively, in 2010 Nordea’s app was launched 

(Nordea 2011).  OP introduced its mobile bank in 2011 (OP 2012) and mobile payment app 



10 
 

Pivo in 2013 (Pivo 2021). The later mobile banking adopters in Finland launched their apps 

long after, for example, Ålandsbanken in 2015 and Aktia 2017 (Ålandsbanken 2015; Aktia 

2017). However, Aktia’s Wallet for online payments and card management was introduced in 

2016, which was before the mobile banking app (Aktia 2016). 

 

One force boosting the digitalisation generally was consumers changed expectations of the 

services. Consumers were familiarised with the all-time availability of the services, which pres-

sured the banks for the development. (Tinnilä 2012) After the millennials (people born in the 

1980s) became consumers, the trends towards, for example, personalised services and more 

healthy and sustainable choices started to emerge. After the 2008 financial crisis, the millen-

nials were particularly the consumer group willing to welcome the new solutions of financial 

services. (Gupta and Tham 2018) 

 

Digitalisation enabled the development of financial technology (fintech). Fintech is defined as 

the utilisation of digital solutions and technology in financial processes (Tanda and Schena 

2019; Puschmann 2017). Initially, fintech solutions were utilised to automate traditional banks’ 

internal practices. Banks wanted to gain efficiency for their processes such as compliance, 

transactions, payments, and portfolio management. For example, the assessment of a cus-

tomer’s creditworthiness for a loan could be automated. Process automation enables lower 

costs, increased efficiency, and possibly even more accurate decisions. (Puschmann 2017; 

Gupta and Tham 2018) 

 

Currently, fintech solutions have begun to utilise more for customer processes (Mention 2021). 

Digital development has changed the customer relationship as new service channels have 

developed alongside the traditional branches (Son, Kwon, Tayi and Oh 2020). Previously, the 

interaction with the bank took place between humans. Today’s interaction happens mostly 

remotely. (Skinner 2014) Additionally, consumers are demanding more personalised solutions 

that can be formed according to their individual needs. To serve a large mass of customers 

personally through internet, advanced big data analytics is required. (Skinner 2014; Bernardo 

2017) Personalised services include, for instance, video meetings, robo-advisory, and online 

credit applications. Customers might also be able to open bank accounts remotely as facial 

recognition technologies are developed. (Puschmann 2017; Gupta and Tham 2018) 

 

While technology has lowered the cost and the risk, the barrier for new entrants and competi-

tors have lowered. The competition leads to innovations which further opens possibilities for a 

wider service range for customers. (Gupta and Tham 2018) The new competitors’ business 

models are based on fintech, and thus they are typically called Fintechs themselves (Wewege 
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et al. 2020; Tanda and Schena 2019). The ongoing phase of banks’ digitalisation path still 

contains the digital leap of the traditional banks, but it also includes the battle between them 

and the newcomers. (Gupta and Tham 2018) 

 

 

2.2.1    Digital-only banks 

 

Incumbent banks have received competitors from banks operating only online. These entrants 

can be either financial or non-financial organisations. The non-financial competitors are mainly 

providing products with low risk. (Molnár 2018) From the customers’ point of view, the new 

players with digital-only approaches are missing one of the most critical traits of incumbent 

banks: trust. Traditional banks have competitive advantages in case of customers’ trust, which 

has been built over time as traditional banks typically have had a place in the market for quite 

a long time. The trust is also supported by the strong regulation of the financial industry. The 

banking institutions need to have, for instance, a banking license and specific insurances for 

customer deposits. (Wewege et al. 2020; Molnár 2018) 

 

The ability to capture and analyse data along with an intelligent implementation form the base 

for digital-only bank’s business models (Gupta and Tham 2018). Two business models of 

Fintech entrants have been presented to be successful so far: (1) financing solutions and (2) 

payment services (Tanda and Schena 2019; Molnár 2018). The activities are presented in 

table 2. The difference between the two business models is that the first one provides a digital 

platform for lending, as the latter operates as a digital banking platform. Fintech payment ser-

vice providers are usually called Neobanks. What these business models have in common is 

that there typically is no physical network and branches. (Molnár 2018) 

 

 

Table 2: Neobank business models 

Fintech activity Focus Example of the services 

Financing solutions Lending and financing • P2P lending 

• Crowdfunding 

 

Payment services Daily banking • Money transfer 

• Payments and deposits 
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Financing solutions of the digital-only banks are provided through digital platforms where loans 

are offered for (and by) consumers or small businesses. One example of the business model 

is peer-to-peer (P2P) lending. (Molnár 2018) P2P lending is a way to borrow money between 

individuals and businesses (Bachmann, Becker, and Buerckner 2011). The online platform can 

also be used for crowdfunding, which is defined as the practice to obtain money from a large 

crowd in the form of donations, loans, or other similar (Hemer 2011). Neobanks provide typi-

cally daily banking services through a digital-only strategy. Neobanks are mainly operating 

through the internet and mobile, offering traditional banking products. However, their opera-

tions differ significantly from the incumbent banks. For instance, Neobanks do not have a bank-

ing licence, and they are not operating together with financial institutions. (Molnár 2018; 

Wewege et al. 2020) 

 

Digital-only banks are able to attract customers with user-focused design and easy to use 

mobile apps. Their functionalities are fast, easy, convenient, and mostly free. (Molnár 2018) 

Digital-only banks can offer payment services more cost-efficiently than incumbent banks. 

Thus, they can utilise competitive pricing (Lipton et al. 2016). The revolutionary idea behind 

Neobanks is that they do not offer credit directly to customers, and thus no large reserves and 

capital is needed. However, digital-only banks are not competitors for the traditional banks in 

the area of asset management and liquidity providing because of the limitations concerning 

the regulation and the banking licence. (Molnár 2018; Wewege et al. 2020) Nevertheless, mo-

bile-driven banking with a great user experience will be the source of competitiveness in the 

future retail banking industry (Lipton et al. 2016; Komulainen and Saraniemi 2019). In that field, 

fintech Neobanks are already leading. 

 

Younger consumers usually adopt quickly digital banking services (Manser Payne et al. 2018; 

Skinner 2014). Fintech companies’ strategy is to target the younger generation. This customer 

group has grown up to use digital services with personalised solutions, and thus their consumer 

habits differ from their elders. The risk of this approach is connected to customers’ assets. 

Typically, younger consumers have a lower level of financial wealth. Thus, fintech companies 

are not able to gain enough profit even with a large mass of younger customers. Additionally, 

even if the assets of younger customers would increase as time passes, the fintechs might not 

be able to retain these customers. Fintech companies should increase the number of custom-

ers with more considerable financial wealth to become more profitable. This implies that also 

older generation should be attracted to the service. (Bernardo 2017) 

 

According to a study of Jünger and Mietzner (2020), a large number of consumers would be 

willing to change their service provider from a traditional institution to a new Fintech neobank, 
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which indicates that a substantial market share could potentially be taken from the incumbent 

banks. Switching is related to customers’ loyalty towards the bank. Those who are experienc-

ing a lower level of loyalty are more likely to switch the bank. (Athanassopoulos 2000) On the 

other hand, consumers that are not satisfied with their bank’s services are also potential bank 

switchers (Calvo-Porral and Lévy-Mangin 2020). This topic is also discussed in chapter 3.3.1 

where segmentation studies related to customers’ loyalty are viewed. However, the readjust-

ment of the whole financial industry is like to be seen even more noticeably in the future when 

a more significant number of customers have adopted the new service models (Puschmann 

2017).  

 

 

2.2.2    The future prospects of digital banking 

 

In the future, the banking industry will face many challenges. Payments are predicted to be-

come even more separate from the banks, as lending and deposits will be extensively scat-

tered across multiple platforms, as presented in the case of digital-only banks. Furthermore, 

more personalised services and more diverse products are demanded. (Kobler, Bucherer and 

Schlotmann 2016) Wewege et al. (2020) state that by 2025 almost 90 percent of retail banking 

interaction will happen through mobile. 

 

Kobler et al. 2016 presented three different scenarios for the banking future: (1) domination of 

traditional banks, (2) banking reinvention, and (3) a new banking ecosystem. The first scenario 

is the continuance of the incumbent banks’ dominant position. To succeed to keep the current 

business model, traditional banks are required to adapt to the changing expectations of the 

customers. Furthermore, banks need to adopt new technologies promptly. (Kobler et al. 2016) 

According to Gupta and Tham (2018), the way banks are able to adapt defines whether sur-

viving in the new digital world is possible. The second scenario highlights new banking models 

with innovative technological solutions. Customers might gain trust in new digital-only neo-

banks, which weaken the position of the incumbent banks. In the third scenario, successful 

traditional banks are able to convert their services into flexible platforms offering digital ser-

vices as the customer service management is provided by smaller external providers. (Kobler 

et al. 2016) 

 

Traditional banks should appraise the core capabilities in order to face the digital development 

and the new trends of the financial industry. They should determine their strategic objectives 

to compete with the latest digital entrants. (Kobler et al. 2016) According to Gupta and Tham 
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(2018), new business models formed as a result of fintech utilisation appear within and outside 

the traditional financial services institutions, implying that incumbent banks can also collabo-

rate with fintech companies. Thus, banks can focus on their core activities while gaining the 

advantages of advanced technology, keeping up with the fintech development, and saving 

costs and time. (Wewege et al. 2020; Moussavou 2020) 

 

Hawser (2018) stated that profitable future banks are customer-centric. Better customer un-

derstanding can be achieved through advanced segmentation, personalised pricing models, 

and improved user experience in digital channels (Hawser 2018). The customer-centricity was 

also suggested by Shaikh et al. (2015). According to them, banks should enhance the mobile 

banking features based on the different customer segments. The right customers need to be 

reached at the right time and with the right approaches (Pousttchi and Dehnert 2018). 

 

The pressure of the digital-only competitors has pushed the traditional banks to embrace their 

digital strategy focusing on online services (Molnár 2018). Moreover, according to Lipton et al. 

(2016), the digital retail bank should at least be able to provide a mobile app with the possibil-

ities for different payment services, for example, e-payment, peer-to-peer payments, money 

transfers, and automated bill payments. Additionally, investments in service quality, design, 

and personalisation are crucial (Pousttchi and Dehnert 2018). 

 

 

3 CUSTOMER SEGMENTATION 
 

To maintain a customer-centric approach, organisations need customer relationship manage-

ment. Customer relationship management aims to construct, manage, and maintain a long and 

loyal relationship with the customers. Customers are considered as unique entities with dis-

tinctive preferences, needs, and behaviours. (Tsiptsis and Chorianopoulos 2011) Different cus-

tomer groups should be identified to succeed with customer relationship management (Lee 

and Park 2005). For this purpose, segmentation methods can be utilised (Khalili-Damghani, 

Abdi and Abolmakarem 2018). The following subchapters present segmentation in contexts 

important for this thesis. In the next chapter, segmentation theory is discussed briefly. In addi-

tion, chapter 3.2 reviews behavioural segmentation related to service usage. Furthermore, 

chapter 3.3 focuses on customer segmentation in the retail banking industry. 
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3.1    Segmentation 

 

Customer segmentation is defined as a process to group customers according to their charac-

teristics. The purpose is to divide the customer base into diverse groups containing similar 

qualities and needs. The formed groups might express similar purchasing behaviour, and thus 

the segments can be used to develop, for instance, personalised marketing strategies.  (Wein-

stein 2013; Tsiptsis and Chorianopoulos 2011) Weinstein (2013) describes the objective of 

segmentation to analyse markets, find opportunities for niche segments, and gain a competi-

tive advantage (Weinstein 2013). Shaikh et al. (2015) stated that customer segmentation could 

be utilised even for customising a mobile banking app for different segments, which would in 

turn enhance the customer engagement to the bank. Moreover, segmentation is crucial in to-

day’s digital world since customers expect solutions modified to their individual needs (Ber-

nardo 2017). When a segmentation strategy and the gained information is utilised properly, 

the value is created for both, the customer and the company (Alavi and Ahuja 2016). 

 

The defining characteristics of the segments can be demographical, value-based, or relate to 

customers’ needs. However, retail customers and corporate customers have their own specific 

traits. Corporate customers can be segmented based on the industry and service type, as we 

all as the value proposition. Retail customers, on the other hand, are easy to group by their 

demographic, socioeconomic, geographic, and psychographic characteristics. Also, benefits, 

service usage, and loyalty can be used as the segmentation base. (Payne 2012; Kotler and 

Keller 2016) Different retail customer segmentation criteria are presented in figure 3. 

 

 

Figure 3: Retail customer segmentation criteria 

 

Demographic and socioeconomic traits are common information associated with customer pro-

file construction. These characteristics are, for instance, sex, age, income, education, and so-

cial class. Geographical factors are used when customers are grouped according to their lo-

cation, postal codes, cities, or countries. (Weinstein 2013; Kotler and Keller 2016) However, 
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these traits may not provide accurate results for the complex business environment (Lee and 

Park 2005). Therefore, customers should not be treated only according to their characteristics 

as they are also different in terms of other attributes (Tsiptsis and Chorianopoulos 2011). 

 

Additionally, retail customers can be grouped according to the benefits they are expecting from 

a service or a product. In psychographic segmentation, customers’ lifestyles, personalities, and 

attitudes are used as the segmentation criteria. To get more information about the services 

and the product use, customers can be segmented based on usage. The usage may be pre-

sented, for example, as the number of orders, frequency of purchases, or volume of purchases. 

(Payne 2012; Weinstein 2013) The behavioural usage data gives more precise measures than 

the demographical factors, such as evaluating a customer’s financial activities (Lipton et al. 

2016). This thesis focuses on usage segmentation which is reviewed in more detail in chapter 

3.2. 

 

Segmentation strategies can be divided further into differentiation, concentration, and person-

alisation (presented in figure 4). This division defines the segmentation level, which is guided 

by several aspects. These are the available customer information, customer profitability, costs, 

and how the customers are going to be reached. Additionally, in the corporate customer seg-

mentation, organisations’ industry type defines the segmentation strategy. (Payne 2012; Wein-

stein 2013) 

 

 

Figure 4: Segmentation strategies 

 

The differentiation strategy focuses on identifying and actively focusing marketing for several 

different segments. In turn, the concentration strategy focuses on serving only one customer 

group. Thus, for example, a product’s marketing is directed only to a particular segment. The 

costs of this strategy are lower than the differentiation strategy since only one group is served 

instead of multiple groups.  (Weinstein 2013) The differentiation and concentration strategies 



17 
 

both include a selection of the most attractive segments to focus the services and marketing 

strategies on. This process is called targeting. (Alavi and Ahuja 2016) 

 

The idea behind the personalisation strategy is to divide the customer base into an individual 

level. The strategy is also called one-to-one segmentation. The purpose is to offer customised 

services and products personally for the individual customer. (Weinstein 2013) Especially in 

the retail business, the personal level segmentation is crucial (Tsiptsis and Chorianopoulos 

2011). Customers are demanding personalised services, and thus organisations cannot just 

provide different choices. They need to be able to deliver precise solutions for customers’ 

needs. (Payne 2012)  

 

To succeed in personalised segmentation in the digital world with a large number of customers, 

segmentation on an individual level must be done through mass personalisation, which can be 

achieved effectively only with advanced data analytics (Skinner 2014; Bernardo 2017). The 

digital environment makes it possible to obtain data of customers’ visits on a company’s online 

platforms. This kind of information of service use can be utilised further to gain knowledge of 

customers’ interests and needs on an individual level. The more the customer visits the online 

service, the more detailed profile can be drawn. (Payne 2012) Hence, the organisation is able 

to create accurate, personalised recommendations (Lipton et al. 2016). 

 

Segmentation offers an important base for other marketing strategies. Segmentation provides 

detailed customer research, which increases understanding about the customers. Thus, the 

products and services can be developed to serve customers better, which in turn lead to in-

creased profits. (Hawser 2018; Weinstein 2013) Better knowledge about the customers also 

enables more effective and cost-efficient marketing campaigns, which means that resources 

can be allocated better. Additionally, segmentation provides insights into current marketing 

strategies. New segments might be discovered, and thus new marketing strategies can be 

formulated. (Weinstein 2013; Tsiptsis and Chorianopoulos 2011) 

 

On the other hand, applying a segmentation strategy causes an increase in costs. All new 

marketing campaigns, customised products, and development in the channels increase ex-

penses. For instance, personalisation is more expensive compared to traditional segmentation 

strategies. Traditional segmentation strategies usually work reasonably well since customers 

typically have similar needs and behaviour. Thus, costs can be saved by utilising the traditional 

strategies instead of personalisation. (Weinstein 2013) Therefore, previously customer seg-

mentation strategies such as personalisation were rarely applied by smaller organisations 
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(Bernardo 2017). However, Wind and Cardozo (1974) stated that when customers are treated 

alike, possibilities for a significant increase in profits will be lost. 

 

Considerable commitment is also required for segmentation implementation and utilisation. 

Segmentation itself does not provide much value for the company without the involvement of 

other departments of the company to act upon the insights gained from the segmentation. 

Therefore, support and actions from the company’s other functions are needed. For instance, 

strategies for product development, marketing, pricing, and customer service should be con-

structed accordingly. Furthermore, the required customer data might not always be available, 

and the process of addressing the limitation can be challenging. (Meadows and Dibbs 1998; 

Weinstein 2013) 

 

The customer segments obtained are generally dependent on the data, and thus data mining 

techniques are valuable tools for segmentation (Khalili-Damghani et al. 2018; Kotler and Keller 

2016). Data mining algorithms are either supervised or unsupervised. The difference between 

these two techniques is the presence of labels in the original data. (Berry, Mohamed, and Yap 

2020) A typical data mining technique used for customer segmentation is clustering which is 

an unsupervised method. The clustering algorithm identifies distinct customer traits and divides 

the customer base into clusters with similar profiles. This is done by measuring the similarity 

between the individual customer and the formed clusters. (Tsiptsis and Chorianopoulos 2011; 

Payne 2012) Moreover, supervised classification methods are also often applied to a segmen-

tation problem. Classification is useful in cases when some of the outcome variables are known 

beforehand or when the segment membership of a customer is predicted. (Khalili-Damghani 

et al. 2018; Chapman and Feit 2019) In this study, clustering methods are used as segmenta-

tion techniques since the potential customer groups are unknown. Therefore, this work focuses 

on unsupervised segmentation methods which are reviewed on a detailed level in chapter 4.3. 

 

 

3.2    Usage segmentation 

 

When an individual accesses the internet, makes transactions or goes through any online ac-

tions, a digital identity is formed. Digital identity is a digitally gathered set of information about 

user behaviour and characteristics. It contains factors such as date of birth, social media ac-

tivity, visits on the page, browsing patterns, and purchasing behaviour. Many organisations are 

able to analyse digital behaviour and thus improve the service channels and marketing strate-

gies. (Gupta and Tham 2018) 
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Usage can be used as a segmentation criterion (presented in chapter 3.1), and it can be used 

to group customers into profiles with common usage behaviour (Germanakos, Tsianos, Lek-

kas, Mourlasa, and Samaras 2008). The usage data is typically gathered from a company’s 

databases, and it is analysed with appropriate clustering models. Typical factors used in the 

behavioural analysis are frequency and variety of the service or product use. The usage fre-

quency describes how often the service is used as the usage variety presents the different 

ways to utilise the service. The attributes can be, for instance, type and frequency of transac-

tions, the history of payments and revenues, or web activity. (Weinstein 2013; Tsiptsis and 

Chorianopoulos 2011) According to Hamka, Bouwman, Reuver, and Kroesen (2014), usage 

segmentation also includes user’s loyalty status, benefits, and attitudes towards the product or 

service. 

 

Figure 5 illustrates four typical behavioural profiles describing the extent of the use that can be 

detected with usage segmentation: heavy users, medium users, occasional users, and non-

users (Payne 2012; Weinstein 2013). The heavy users are typically the group marketing should 

be targeted. However, the competition of heavy users in the retail market can be intense since 

other companies might be able to detect the same customers. The heavy users tend to be less 

loyal when it comes to product purchases since they might simply just frequently buy a specific 

product regardless of the company. Additionally, it should be noted that customers are likely 

to have distinct characteristics and needs inside the usage segment. (Weinstein 2013) Fur-

thermore, customers might have different reasons to browse various pages and use a diverse 

amount of time on a specific page (Xie and Phoha 2001). Therefore, a sub-segmentation is 

valuable (Weinstein 2013). The division into subgroups of the usage segments can be based 

on demographic, psychographic, and psychological characteristics (Germanakos et al. 2008). 

 

 

Figure 5: Usage profiles 
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While usage segmentation has benefits that enable understanding the markets and possibly 

increasing service usage (Weinstein 2013), it also creates challenges. For instance, personal 

app usage data might cause privacy concerns since people are sensitive about the collection 

processes and the utilisation purposes. The deployment needs to be conducted under privacy 

policies, and in most cases, the user’s permission should be obtained. Additionally, several 

aspects affect the behaviour, which can lead to deviation in the usage patterns. (Zhao, Li, 

Ramos, Luo, Jian, Dey and Pan 2019) User behaviour can be affected by multiple factors such 

as service quality, social influence, and habits. (Baabdullah, Alalwan, Rana, Kizgin, and Patil 

2019) However, according to Lee and Kim (2020), trust towards the service positively affects 

customers’ behavioural choices (Lee and Kim 2020). Furthermore, customers’ behaviour is 

changing over time, and therefore behavioural segmentation should not be considered as a 

one-time action. Segmentation should be seen as a permanent and continuous process. (Mi-

hova and Pavlov 2018) 

 

Studies of web usage and mobile app usage have been examined from the view of behavioural 

segmentation. Web user profiles can be exploited to create recommendations, targeted mar-

keting, and personalised web content (Xie and Phoha 2001). On the other hand, identifying 

the app usage profiles provides possibilities to improve the design and user experience of the 

app and enhance marketing. Moreover, based on the user profiles, context-aware tools that 

learn from the user’s actions and personalise the content based on that can be developed to 

improve customers’ life quality. (Zhao et al. 2019) 

 

The data used for web user segmentation is typically gathered from log files, which according 

to Xie and Phoha (2001), are highly accurate containing requests from every user. The behav-

ioural data can also be collected with questionnaires which, however, result in a static profile 

that describes the behaviour on a specific moment and cannot contain all the information even 

if repeated several times (Germanakos et al. 2008). Traditionally usage segmentation utilises 

information of the behaviour enriched with user characteristics (Germanakos et al. 2008; Cas-

tellano, Fanelli, Mencar, and Torsello 2007). However, Germanakos et al. (2008) extended 

web user profiling by adding visual, cognitive, and emotional characteristics to the model. 

 

Studies related to web usage segmentation are listed in table 3. The table contains information 

of the used clustering methods as well. For instance, Wan, Li, Xiao, Yang, Wang, and Guo 

(2010) presented a chaotic ant swarm (CAS) clustering method to identify the usage profiles. 
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Table 3: Studies related to web usage segmentation 

Author Clustering Technique Purpose 

Xie and Phoha 
(2001) 

Greedy clustering using 
belief function 

Web user profiling 

Castellano et al. 
(2007) 

Similarity-based fuzzy 
clustering 

Web user profiling 

Xu and Liu 
(2010) 

 

K-means clustering Web usage clustering 

Wan et al. (2010) CAS and K-means 
clustering 

Web usage clustering 

 

 

The analysis of Xie and Phoha (2001) was carried out as an experimental study. They found 

that the users’ behaviour on the web was quite fluctuating. Different users might have various 

reasons to browse a specific page. Additionally, different amounts of time could be used for 

the same purpose on the same page. (Xie and Phoha 2001) Therefore, Xie and Phoha (2001) 

claimed that behavioural macro trends that describe the behaviour in a bigger picture should 

be detected instead of micro trends that detect all small variation. The number of clusters in 

the study was determined manually beforehand. However, the resulted segments presented 

distinct behavioural groups. (Xie and Phoha 2001) Distinctive usage profiles were also de-

tected by Castellano et al. (2007). The fuzzy similarity measure provided higher similarity of 

the user sessions inside the clusters compared to the cosine similarity measure. The user 

profiles were formed according to the segmentation results, and the profiles were used for 

recommendations. (Castellano et al. 2007). 

 

The studies of Xu and Liu (2010) and Wan et al. (2010) were both implemented as experi-

mental. Xu and Liu (2010) found six different behavioural segments as Wan et al. (2010) de-

tected five. Wan et al. (2010) claimed that traditional clustering methods might easily get 

trapped in a locally optimal solution, and therefore they applied CAS based clustering algo-

rithm, which is able to find the global optimal. The results indicated that CAS clustering was 

more effective for clustering web users than the K-means clustering method. (Wan et al. 2010) 

 

Pachidi, Spruit, and van de Weerd (2014) presented three software usage mining methods for 

user behaviour analysis: classification, user profiling, and clickstream analysis. Classification 

analysis was used to find factors from customer navigation behaviour that affect the decision 

to buy a product. User profiling identified customer profiles from the usage behaviour, as click-

stream analysis detected usage patterns from the data. The clustering methods used in the 

user behavioural profiling section were K-means, K-medoids, fuzzy C-means, and Kohonen 
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maps (also referred to as Self-organizing Maps). Each clustering method resulted in a different 

number of segments. For example, two clusters were obtained with K-medoids, which also 

gave the best scores from validation measurements. The two clusters divided the customer 

base clearly into heavy users and lighter users. On the other hand, K-means clustering found 

five segments that present different usage profiles. One of the groups showed the lighter users, 

which contained most of the observations. Furthermore, the classification analysis revealed, 

for instance, that customers that spent a long time using the software bought the product. 

(Pachidi et al. 2014) 

 

The segmentation studies of application usage are summarised in table 4. The studies are 

different in terms of the clustering technique. Jesdabodi and Maalej (2015) detected 13 differ-

ent activity types with K-means clustering as Lee, Park, Cho, and Choi (2018) found ten differ-

ent usage profiles with the Gaussian mixture model. The segments presented different 

smartphone usage habits. For instance, some groups use the phone only to interact with oth-

ers, as some mostly to listen to music. (Lee et al. 2018) Hamka et al. (2014) utilised latent 

class analysis to segment mobile users. They found six other user profiles which presented 

users from lighter users to heavy users. The heavy users' group consisted of mostly young 

people with higher education. The medium users were somewhat older and had an above-

average income level. (Hamka et al. 2014) 

 

 

Table 4: Studies related to software usage segmentation 

Author Clustering Technique Purpose 

Pachidi et al. 
(2013) 
 

K-means, K-medoids, 
fuzzy C-means, Ko-
honen maps 

Software usage profiling 

Jesdabodi et al. 
(2015) 

K-means App usage clustering 

Lee et al. (2018) 
 

Gaussian mixture 
model (GMM) 

App usage clustering 
 

Hamka et al. 
(2014) 

 

Latent class analysis 
(LCA) 

Mobile phone usage segmentation 
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3.3    Customer segmentation in banking sector 

 

According to Meadows and Dibbs (1998), segmentation is easier to utilise in financial indus-

tries than in various other industries because of the nature of the provided services. Financial 

organisations can gather detailed information about the customers, for example, income, ex-

penses, and socio-democratic status (Meadows and Dibbs 1998). The improvement of seg-

mentation is one of the main concerns of the banks as it also increases the banks’ competi-

tiveness (Mihova and Pavlov 2018). Carbo-Valverde et al. (2020) emphasise segmentation as 

part of personalised digital services recommendation, which helps to onboard and retain digital 

customers. Identification of the customer groups is crucial since different customer segments 

have different attitudes and satisfaction levels towards the services banks provide (Atha-

nassopoulos 2020; Chawla and Joshi 2017). 

 

Segmentation of retail banking customers can be based on the typical segmentation factors: 

demographic and psychographic traits, user behaviour, and transactions (Hassan and 

Tabasum 2018). Psychographic-based segmentation includes factors such as personality, life-

style, and attitudes (Payne 2012). On the other hand, according to Kotler and Keller (2016), 

attitudes are classified under behavioural segmentation. 

 

Customer segmentation in the banking sector is comprehensively covered in the literature. For 

instance, customers are clustered according to their attitudes, emotions, and loyalty. As online 

services have recently become a crucial service channel for banks, banking related studies 

have focused more on digital banking. Therefore, online banking and mobile banking adoption 

is used as the segmentation criteria. The adoption-based segmentation reveals digitally active 

customer segments. Similar groups can also be detected when online or mobile banking usage 

data is applied. 

 

 

3.3.1    Psychographic and loyalty factors 

 

Machauer and Morgner (2001) categorised banking customers according to customers’ expe-

rienced benefits and attitudes. They stated that indicators such as demographical traits and 

customers’ financial information are not good enough factors for discovering customers’ needs. 

The resulted four revealed more detailed profiles than the demographical-based segmentation. 

(Machauer and Morgner 2001) Calvo-Porral and Lévy-Mangin (2020), on the other hand, ap-

plied customers’ emotions experienced during the use of banking services as the segmentation 

criteria. They stated that the importance of emotional-based segmentation is related to 
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behavioural differences. Those differences could be detected from the customers’ use of bank-

ing services. Customers with positive emotions were using the services most. Additionally, the 

resulted segments revealed distinct profiles in terms of demographical characteristics. (Calvo-

Porral and Lévy-Mangin 2020) 

 

The results of the study of Calvo-Porral and Lévy-Mangin (2020) provide information for tar-

geted marketing. For instance, the customer group with positive emotions towards the banking 

services experienced satisfaction. Since satisfaction leads to loyalty, those customers em-

braced higher loyalty towards the bank. Furthermore, the group with negative emotions had 

low satisfaction levels. Those customers are a great challenge for the banks since they include 

people who may switch their primary bank. (Calvo-Porral and Lévy-Mangin 2020) 

 

According to Machauer and Morgner (2001), a successful bank needs to gain customers’ loy-

alty. Loyalty-based segmentation enables to identify customer groups with intentions to switch 

the bank. Mihova and Pavlov (2018) identified three customer groups based on the loyalty 

levels. The loyalty was measured according to credit card usage. The study aimed to find a 

proper clustering method based on the targeting strategy to encourage different types of cus-

tomers. Banks’ targeting strategy can be, for example, seeking loyal customers with good 

credit history. (Mihova and Pavlov 2018) 

 

Kaur, Sharm, and Mahajan (2014) studied specifically the switching and loyalty factors. Clus-

tering revealed two different groups with different loyalty levels. However, the customers in the 

group with a lower level of loyalty had only modest intentions to switch the bank. (Kaur et al. 

2014) The switching behaviour was examined also based on satisfaction by Athanassopoulos 

(2000). Five statistically different segments were formed. The highest satisfaction was de-

tected for middle-aged customers without higher education. Additionally, age was found to 

positively impact loyalty, which means that the younger customers are more likely to switch 

the bank. However, among all the respondents, only 16 percent had switched their primary 

bank over the last two years. (Athanassopoulos 2000) 

 

The segments in the study of Machauer and Morgner (2001) also revealed attitudes towards 

online banking services. The segments representing the younger generation were interested 

in online services. One additional differentiating factor between these segments was the per-

ceived importance of personalisation. The younger customer groups found personalisation 

more important than the older customers. (Machauer and Morgner 2001) The experience of 

the online banking services has been used as the segmentation criteria as well. Mäenpää 

(2006) detected four different customer groups indicating the perceptions of the online 
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channels of banks. Again, the younger customer groups had positive attitudes towards online 

services. They were also the only group appreciating the experimental features. However, the 

study was conducted in 2006, and therefore the results might be different in the 2020s and 

onwards. (Mäenpää 2006) 

 

Internet banking customers were also clustered by and Rajaobelina, Brun, and Toufaily (2013). 

They found six customer segments from demographic and relationship-based factors. Four of 

these segments had higher relationship levels towards online banking, which means that these 

customers are most likely to use digital services. The highest share of wallet for online trans-

actions was detected for the younger customers, around 25-44 years old, as the lowest per-

centage hold the customers around 45-64 years old. One customer group consisted of older 

men with high relationship levels towards all factors. Those customers also had the longest 

relationship with the bank. (Rajaobelina et al. 2013) 

 

Table 5 summarises the above-mentioned studies. Most of the studies utilised survey as a 

data collection method. Survey data is essential for the studies related to customers’ emotions, 

opinions, and attitudes since those are hard to observe quantitatively. Mihova and Pavlov 

(2018) and Mäenpää (2006) utilised only K-means clustering as Machauer and Morgner (2001) 

and Athanassopoulos (2000) employed the hierarchical clustering method. These two meth-

ods were also utilised together. The studies of Calvo-Porral et al. (2020) and Rajaobelina et 

al. (2013) applied a two-step clustering method, including first hierarchical clustering which 

defined the initial clusters. This information was applied for the K-means clustering. Kaur et al. 

(2014) utilised both K-means and hierarchical clustering methods for comparison. 

 

 

Table 5: Studies related to segmentation based on psychographic 

Author Data Clustering Technique Region Purpose 

Machauer and 
Morgner (2001) 

Survey Hierarchical clustering Germany Segmentation according to the expected benefits 
and attitudes 

Calvo-Porral et 
al. (2020) 

Survey Two-step clustering Spain Customer segmentation according to emotions 

Mihova and Pav-
lov (2018) 

Database K-means clustering Bulgaria Customer segmentation according to loyalty (credit 
card transactions) 

Kaur et al. (2014) Survey K-means and hierar-
chical clustering 
 

India Customer segmentation according to loyalty 

Athanassopou-
los (2000) 

Survey Hierarchical clustering Grece Customer satisfaction segmentation 

Mäenpää (2006) Survey K-means clustering Finland Clustering based on customers' opinion of internet 
banking  

Rajaobelina et al. 
(2013) 

Survey Two-step clustering Canada Online banking customer profiling based on demo-
graphic and relationship-based variables 
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3.3.2    Digital banking adoption 

 

Segmentation studies related to the adoption of digital banking services are summarised in 

table 6. All studies presented in the table applied K-means clustering except the study of 

Patsiotis, Hughes, and Webber (2012), where only hierarchical clustering was used. In some 

cases, both methods were used (Durkin 2004; Chawla and Joshi 2017). 

 

 

Table 6: Studies related to segmentation according to digital banking adoption 

Author Data Clustering Technique Region Purpose 

Durkin (2004) Survey Hierarchical and K-
means clustering 

UK Cluster internet banking customers 

Patsiotis et al. 
(2012) 

Survey Hierarchical clustering Greece Segmentation of internet banking adopters and non-
adopters 

Laukkanen et al. 
(2008) 

Survey K-means clustering Finland Clustering the non-adopters of internet banking  

Chawla and 
Joshi (2017) 

Survey Hierarchical and K-
means clustering 

India Segmentation according to mobile banking adoption 

Alavi and Ahuja 
(2016) 

Survey K-means clustering India Segmentation according to customers' adoption and 
usage of mobile banking apps 

 

 

According to the research of Durkin (2004), the customers tend to adopt internet banking ser-

vices is not clear for the banks. The study focused on clustering banking customers according 

to the adoption decision. The analysis resulted in four segments with different adoption inten-

tions and demographical characteristics. One of these segments included customers with no 

preferences towards face-to-face interaction. They were rather technology-oriented with a de-

sire for well-functioning services. (Durkin 2004) 

 

Patsiotis et al. (2012) studied internet banking adoption and resistance with segmentation. The 

purpose of the study was to identify the customer group resisting the service. The resulted 

three segments revealed different characteristics between the adopters and non-adopters. 

One of the segments had adopted internet banking well. Additionally, this customer group used 

all financial services frequently. Income was the only demographical factor differentiating the 

clusters. These so-called advanced users had higher incomes than the other groups. Two of 

the other segments did not use internet banking services. Customers in the other segment did 

not experience concerns related to digital services. However, 90 percent of these customers 

did not use internet banking at all. Therefore, according to Patsiotis et al. (2012), internet bank-

ing marketing should not be targeted to this group. 
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Laukkanen, Sinkkonen, and Laukkanen (2008) clustered the non-adopters of internet banking 

to understand those groups better. Three segments emerged from the analysis. Customers in 

one of the segments experienced mostly negative thoughts related to internet banking. Ac-

cording to the survey, this group usually do not have the intention to adopt internet banking 

services. Therefore, the group is the most challenging for targeting. Another group included 

customers who wanted to postpone the adoption because they were afraid of losing the pin 

codes. The last group was thinking about adopting the services in the future. (Laukkanen et al. 

2008) 

 

The adoption of mobile banking was studied by Chawla and Joshi (2017) as well as Alavi and 

Ahuja (2016). According to Chawla and Joshi (2017), age is one of the most critical factors 

affecting the adoption and usage of mobile banking technology. They found three different 

segments with distinct adoption objectives. The segments also differed by demographics. The 

youngest customer group was named as technology acceptance leaders. This group associ-

ated mobile banking with trust, usefulness, convenience, and efficiency. 68 percent of the cus-

tomers in the group had a smartphone, and they tend to utilise mobile banking for checking 

account balances, payments, and fund transfers, to mention a few. According to the study, the 

group of technology acceptance leaders is the most important customer group to target mobile 

banking application marketing. It is also crucial to retain these customers since the segment is 

likely to contribute higher revenue and profitability. (Chawla and Joshi 2017) 

 

Additionally, Alavi and Ahuja (2016) clustered mobile bank users according to the adaption 

and usage. Two out of the three segments were optimistic about using digital banking services. 

The so-called internet-savvy inquisitive customer segment experienced mobile banking as 

easy to use with low risks and costs. On the other hand, the customer group with less positive 

opinions of digital banking associated risks with the mobile bank. Hence, they preferred alter-

native service channels. They did not recognise the usefulness of mobile banking, and there-

fore they need continuously new information related to the app. Hence, Alavi and Ahuja (2016) 

stated that marketing should provide targeted information for these kinds of customers. 

 

 

3.3.3    Behaviour in digital channels 

 

According to Alavi and Ahuja (2016), mobile banking usage segmentation enables understand-

ing of users’ behaviour. Additionally, Rajaobelina et al. (2013) stated that channel use is one 

of the most critical factors for banking customer profile creation. Furthermore, banking 
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channels should be developed accordingly to support the segmentation strategy (Meadows 

and Dibbs 1998). 

 

Customers’ transaction data has often been used in studies related to behavioural segmenta-

tion in digital banking channels. Zuccaro and Savard (2010) utilised transaction data for two-

step clustering analysis which covered the first part of a hybrid segmentation method. Hybrid 

segmentation was used to combine the segments from the transactional clustering with popu-

lation insights. Also, K-means and hierarchical clustering methods were applied for behavioural 

segmentation (Khobzi, Akhondzadeh-Noughabi, and Minaei-Bidgoli 2014; Algiriyage, Jay-

asena, and Dias 2015; Mansingh, Rao, Osei-Bryson, and Mills 2015; Wu and Lin 2005). How-

ever, Mansingh et al. (2015) did not utilise the transaction data. The data for the study was 

collected with a survey. These above-mentioned studies related to behaviour in banks’ digital 

services are summarised in table 7. 

 

 

Table 7: Studies related to digital banking customer behavioural segmentation 

Author Data Clustering Technique Region Purpose 

Mansingh et al. 
(2015) 

Survey Hierarchical and K-
means clustering 

Jamaica Internet banking usage profiling 

Zuccaro and Sa-
vard (2010) 

Database Two-step clustering Canada Internet banking usage segmentation 

Algiriyage et al. 
(2015) 

Database Hierarchical clustering Sri-Lanka Internet banking web usage profiling 

Khobzi et al. 
(2014) 

Database K-means clustering Iran Segmentation according to e-payment behaviour 
with CLV and RFM 

Wu and Lin 
(2005) 

Database K-means clustering China Credit card behaviour segmentation with RFM 

 

 

 

Mansingh et al. (2015) created profiles for internet banking users from demographic, attitudi-

nal, and behavioural factors. The purpose of the study was to understand the digital banking 

users and non-users. The clustering divided the customer base into two segments. The first 

cluster included almost evenly users and non-users. Another cluster contained mostly non-

users, and those customers had used the internet and computer for quite a short time. 

(Mansingh et al. 2015) Zuccaro and Savard (2010) discovered four different user types in the 

first part of their segmentation analysis, where transaction data was used. One of the clusters 

represented the heavy users that have high account balances and high value of personal 

loans. Two other clusters represented the light users and the third the medium users. (Zuccaro 

and Savard 2010) 
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Algiriyage et al. (2015) applied behavioural segmentation to understand a bank’s web users. 

The purpose was to identify customers with comparable interests. Ten different browsing be-

haviour profiles were identified with clustering. Some segments indicated customers with only 

random behaviour as others performed certain transactions. One cluster presented customers 

that only logged in and did not display any actions after. (Algiriyage et al. 2015) 

 

A commonly used approach for behavioural analysis in the retail industry is a RFM analysis. 

Customers’ behavioural relationship with the company is measured with Recency, Frequency, 

and Monetary (RFM). The recency measures the time since the last purchase, the frequency 

how frequently the purchases have been made, and the monetary measures of the value of 

the purchases. The model enables detecting purchasing patterns and customers’ interests. It 

also allows identifying the most important customers of the company. (Tsiptsis and Chorianop-

oulos 2011) The RFM scoring model has also been applied in studies regarding customer 

behaviour in banking channels. Additionally, Khobzi et al. (2014), as well as Wu and Lin (2005), 

used the RFM model to analyse payment behaviour. 

 

 

4 METHODOLOGY 

 

The purpose of this thesis is to segment mobile bank users based on their behaviour on the 

app. Clustering is used as the segmentation method to find customers with similar behaviour. 

Different clustering methods are compared, and the clustering with the best scores on the 

validation measures is selected. This chapter presents the research model in phases that are 

further reviewed in the subchapters. 

 

According to Tsiptsis and Chorianopoulos (2011), behavioural segmentation analysis starts 

with characterising the segmentation process. It follows the collection and preparation of the 

data. Then a clustering algorithm is applied to identify the segments. After that, the model 

performance is evaluated, and the gained information is utilised further. (Tsiptsis and Choria-

nopoulos 2011) Srivastava, Cooley, Deshpande, and Tan (2000) divided the user profiling pro-

cess into three sections: pre-processing of the data, pattern discovery and analysis of the re-

sults. Xu and Wunsch (2009), on the other hand, defined clustering analysis with four steps 

which are feature selection, designing of the clustering algorithm, validation of the results, and 

result interpretation. The research model of this study (figure 6) is formulated based on these 

frameworks. This chapter presents the methodology used in this research. In addition, quanti-

tative clustering models are introduced. 
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Figure 6: Research model 

 

 

The segmentation process starts with collecting and preparing the data for the clustering 

model. The data collection requires selecting all the behavioural dimensions that are used in 

the modelling phase. Additionally, the customer information utilised to gain a deeper under-

standing needs to be gathered. (Tsiptsis and Chorianopoulos 2011) The pre-processing phase 

contains converting the data from different sources into a coherent set of data that can be 

applied for the pattern recognition model (Srivastava et al. 2000). The data pre-processing is 

followed by feature selection which is used to reduce the dimensionality of the data (Li and Liu 

2017). Feature selection is presented in chapter 4.2.  

 

As the data utilised in this study is unlabelled, an unsupervised learning algorithm, clustering, 

is used for the segmentation. The modelling step involves selecting the appropriate clustering 

model with a suitable similarity measure. All clustering models cannot be applied to all prob-

lems, and therefore it is critical to thoroughly examine the segmentation objective in order to 

select the suitable clustering model. (Xu and Wunsch 2009) The modelling phase of this study 

contains a comparison of different clustering models: hierarchical clustering, K-means cluster-

ing, and hierarchical K-means clustering. The models are presented in chapter 4.3. Different 

clustering models typically produce a different outcome, and thus the results of the models 

should be critically compared (Tsiptsis and Chorianopoulos 2011). 

 

As the results are dependent on the clustering model, an evaluation is necessary (Xu and 

Wunsch 2009). According to Tsiptsis and Chorianopoulos (2011), the evaluation step contains 

a technical validation of the clustering results as well as the profile formulation of the segments. 

The profile creation is part of the evaluation phase since it supports the business perspective 

of the validation, which is as important as the technical validation (Chapman and Feit 2019; 

Tsiptsis and Chorianopoulos 2011). The evaluation of the clustering results is introduced in 

more detail in chapter 4.4. 
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4.1    Pre-processing 

 

Real-world data typically contains incomplete and inconsistent elements. In order to analyse 

the data with a data mining model, the data should be pre-processed to correspond to the 

format the model can effectively work with. The steps to prepare the data (figure 7) include (1) 

data integration, (2) data validation and cleaning, and (3) data transformation. (García, Luengo, 

and Herrera 2015; Zhao et al. 2019; Pachidi et al. 2014) 

 

 

Figure 7: Data pre-processing 

 

 

When the data is gathered from different sources, all the elements must be merged to form a 

single data set. Without a proper integration process, the inconsistencies and redundancies in 

the data can affect the accuracy and speed of the model that is later build based on this data 

(García et al. 2015). Additionally, the aggregation level needs to be defined. For instance, 

when behavioural segmentation focuses on bank customers, the data should be aggregated 

on a customer level. (Srivastava et al. 2000; Tsiptsis and Chorianopoulos 2011) The aggre-

gated attributes can be, for instance, login frequencies, length of the sessions, and the total 

product usage time (Pachidi et al. 2014). 

 

The validation and cleaning phase aims to detect and handle the inconsistencies and errors 

appearing in the data. The data can be explored and validated with descriptive statistics and 

visualisation. (Tsiptsis and Chorianopoulos 2011; García et al. 2015) So-called dirty data typi-

cally includes incorrect and missing observations. Dirty data refers to errors resulting from 

entries, updates, data transmissions, or bugs in the system. This kind of dirty data point should 

be removed or repaired. (García et al. 2015) In addition, the data might include observations 

that do not follow the typical patterns of the specific feature. These samples are called outliers. 

Some of the clustering models are susceptible to outliers because the algorithm calculates the 

mean values of the formed segments with a similarity measure. Therefore, outliers might distort 

the results. (Tsiptsis and Chorianopoulos 2011) The noisy observations can be detected by 

plotting a distribution. The outliers are located at the tails, far from all the other observations. 

The outliers create noise to the data and might thus be irrelevant or meaningless to the goal 

of the analysis. Therefore, removing them should be considered. (Zhao et al. 2019)  
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The purpose of data transformation is to reshape the data to correspond to a form that is 

applicable for the data mining models. (García et al. 2015; Changyong, Hongyue, Naiji, Tian, 

Hua, and Ying, 2014) Log transformation is a method to deal with skewed data, which refers 

to data where most of the observations are located at the other side of the distribution. Log 

transformation aims to make the data correspond to the normal distribution and hence increase 

the validity of the used model. (Changyong et al. 2014)  

 

The clustering algorithms are also sensitive to the differences in the variables’ measurement 

scales. When some fields are measured with smaller values and others with larger values, the 

clustering results will be distorted since variables with high variation in the values might be 

misleadingly considered important. Hence, the variables should be on the same scale to avoid 

such a distortion. (Tsiptsis and Chorianopoulos 2011) Normalisation is a sub-concept of trans-

formation. Typically, normalisation refers to min-max normalisation, but other techniques have 

been presented. The purpose of min-max normalisation is to scale the feature values into an 

interval, which usually is between zero and one. However, interval [-1, 1] is also often used. 

(García et al. 2015) The feature value x is transformed into x’ with the following formula: 

 

𝑥′ =  
𝑥𝑗  − 𝑚𝑖𝑛(𝑥)

𝑚𝑎𝑥(𝑥) −  𝑚𝑖𝑛(𝑥)
           (1) 

 

where 𝑚𝑖𝑛(𝑥) and 𝑚𝑎𝑥(𝑥) express the original minimum and maximum values of the feature 

x and  𝑥𝑗 stands for an observation (García et al. 2015). 

 

 

4.2    Feature selection 

 

In recent years, the amount of stored data in organisations has increased substantially. Addi-

tionally, the complexity of the data has expanded through a higher number of features (varia-

bles), including redundant, irrelevant, and noisy attributes. Machine learning techniques are 

able to extract meaningful information from these high volume and complex datasets. How-

ever, when high-dimensional data is utilised in machine learning applications, a problem called 

the curse of dimensionality appears. The phenomenon of the curse of dimensionality refers to 

an issue of data containing a large number of features and observations, which thus can cause 

the overfitting of the learning model and increase the memory storage along with computational 

costs. (Bolón-Canedo, Alonso-Betanzos and Sánchez-Maroño 2015; Li, Cheng, Wang, 
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Morstatter, Trevino, Tang and Liu 2018) These reasons along with the desired simplicity, are 

the main reasons to apply dimensionality reduction methods (Chandrashekar and Sahin 2014). 

 

Dimensional reduction methods provide a solution to address the problem of dimensionality 

for a data mining model. The methods also confirm that a greater amount of information is not 

always better when utilising machine learning techniques. (Chandrashekar and Sahin 2014) 

Dimensional reduction methods can be divided into two categories: feature extraction and fea-

ture selection. Feature extraction produces a subset of new features with low dimensionality. 

Feature selection, on the other hand, refers to the selection of a subset of features from the 

original features in the data set. (Bolón-Canedo et al. 2015; Li et al. 2018) 

 

Feature selection is described as an efficient technique for high-dimensional data handling. 

The purpose of the method is to find and select the most important features (variables) for the 

machine learning model. The method constructs a subset of relevant features as the irrelevant 

and redundant variables are excluded. (Li and Liu 2017; Jain and Stańczyk 2015) A feature is 

redundant when it can be obtained from another feature and irrelevant if it does not affect the 

accuracy of the model (García et al. 2015). Dash and Liu (20013) define feature selection as 

a process to search the best subset among the different feature set combinations using some 

evaluation criteria.  

 

Feature selection improves the performance of the machine learning model and increases the 

generalisation of the results. It also provides insights into the data along with process under-

standing. By removing the redundant and irrelevant variables, the computational costs and 

storage problems can be reduced, and hence resources can be directed elsewhere. Still, no 

information will be lost. (Chandrashekar and Sahin 2014; Bolón-Canedo et al. 2015; Li and Liu 

2017; Li et al. 2018) 

 

The relevance of the feature is defined based on the desired goal (Blum and Langley 1997). 

The feature relevance can be determined according to its usefulness for the model building 

(Jain and Stańczyk 2015), which is typically measured with correlation and consistency (Kha-

lid, Khalid and Nasreen 2014). When the class labels are known, supervised feature selection 

can be used. Hence the feature importance can be evaluated, for example, according to the 

correlation of the feature and the class labels. Without the class labels, unsupervised feature 

selection is utilised. The relevance of the variable is assessed for instance, through similarity, 

data reconstruction error, or local discriminative information. (Li and Liu 2017) 
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As mentioned, the availability of the labelled data guides the feature selection method. The 

techniques can be categorised as (1) supervised, (2) semi-supervised, and (3) unsupervised 

methods (figure 8). Supervised feature selection is usually utilised with classification and re-

gression analyses. The selected variables strongly affect the training phase of supervised ma-

chine learning models since the models are trained according to the feature selection subset. 

Unsupervised feature selection methods are used with clustering, where class labels are not 

needed for the analysis. (Li et al. 2018) The real-world data usually does not contain label 

information, or only a limited number of the features are labelled. Semi-supervised feature 

selection methods are able to select the relevant features among both labelled and unlabelled 

variables. (Li et al. 2018; Sheikhpour, Sarram, Gharaghani, Ali and Chahooki 2017) 

 

 

Figure 8: Feature selection types 

 

As the relevance in supervised feature selection is defined according to the feature’s and class 

variable’s relationship (Liu and Yu 2005), unsupervised feature selection needs to utilise alter-

native ways to determine the importance (Liu and Yu 2005; Li et al. 2018). Unsupervised fea-

ture selection methods can apply, for example, ranking of the features based on a score (Cai, 

Zhang, and He 2010). To measure the score in case on unsupervised feature selection, all 

available instances should be utilised which means, for example, measuring the similarity or 

correlation between the features (Liu and Yu 2005; Li et al. 2018). 

 

 

4.2.1    Feature selection approaches 

 

Figure 9 presents that the feature selection approaches are generally divided into three cate-

gories: (1) filter, (2) wrapper, and (3) embedded methods (Li et al. 2018). The categorisation 

is based on the relationship between the feature selection algorithm and the used inductive 
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learning technique (Blum and Langley 1997; Bolón-Canedo et al. 2015). However, different 

categorisations are also presented. 

 

 

Figure 9: Feature selection approaches 

 

 

 

Filter methods 

 

Filter methods are not based on a learning algorithm and are hence more efficient than wrap-

per and embedded methods (Li and Liu 2017). Since filter methods are independent of any 

algorithm and rely only on the characteristics of the data, they enable straightforward and fast 

computation even with extremely high-dimensional data (Bolón-Canedo et al. 2015). The most 

common form of filter method is feature ranking methods (which use individual evaluation), 

which typically start by ranking the features based on an evaluation criterion. A univariate or 

multivariate scheme can be used for the evaluation. The univariate process ranks the variables 

independently without considering the other features. The multivariate system, on the other 

hand, in some form take feature dependencies into account. After the variables are ordered, 

the features with the lowest score are filtered out. (Li et al. 2018) As the bias of the learning 

algorithm is not considered with filter methods, the resulted features might not be optimal for 

the specific learning model (Li and Liu 2017). 

 

 

Wrapper methods 

 

The wrapper methods are based on the evaluation of the selected features using a pre-defined 

learning algorithm. The process is performed in two stages which are the selection of the var-

iables and evaluation. First, a subset of the features is generated. Secondly, the relative use-

fulness of the subset is assessed according to the learning performance of a pre-defined 

model. This procedure is repeated after a stopping criterion is achieved. The feature subset 
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having the highest learning performance after the iteration is selected. (Li and Liu 2017; Li et 

al. 2018) Nevertheless, wrapper methods have some disadvantages, such as the computa-

tional time and costs of calling the learning algorithm for each subset separately (Blum and 

Langley 1997; Kohavi and John 1997; Li and Liu 2017). Wrapper methods might cause over-

fitting of the model, which is a less critical problem than the computational issues but usually 

occurs with smaller training sets (Kohavi and John 1997). 

 

 

Embedded methods 

 

Embedded methods combine the benefits of both wrapper and filter methods. The embedded 

methods do not evaluate the feature subset iteratively and are thus more efficient than wrapper 

methods. (Li and Liu 2017) The learning is not separated from the feature selection stage, 

which means that the feature selection is combined with the learning algorithm and is per-

formed in the model training phase. Consequently, the used learning algorithm needs to in-

clude the feature selection method in it. (Bolón-Canedo et al. 2015) Regularisation models are 

the most used embedded methods. The models minimise the fitting error and, at the same 

time, force the coefficient smaller. (Li et al. 2018) A disadvantage with embedded methods is 

that they are also dependent on the learning algorithm (Bolón-Canedo et al. 2015). 

 

Since the wrapper methods rely on the classification algorithm, the results tend to be more 

accurate than filter methods. As the advantage of the filter methods is the excellent generalisa-

tion capability. On the other hand, embedded methods can find the optimal feature subset for 

the used algorithm. However, any of the feature selection models cannot be classified as the 

best, and hence it is better to try to find a decent method for a specific task. (Bolón-Canedo et 

al. 2015) 

 

 

4.2.2    Feature Selection Process 

 

The general process of feature selection consists of (1) subset generation, (2) evaluation, (3) 

stopping criteria, and (4) result validation (Liu and Yu 2005). A search strategy is used in the 

subset generation phase to construct subsets for the evaluation, where the subset candidates 

are rated. The stopping criterion determines when the process needs to be finished. Finally, 

the resulted subset is validated. (Dash and Liu 2003; Liu and Yu 2005) The process is visual-

ised in figure 10. 
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Figure 10: Feature selection process. Reproduced from Dash and Liu (2003) with permission of the 
publisher 

 

 

Subset generation 

 

The first step, subset generation, is a search process for suggesting different subsets for the 

evaluation. At first, a starting point for the search needs to be decided. The starting point can 

be either forward, backward, bidirectional, or random. The forward search starts with an empty 

set of features and continues to add features. As backward, in contrast, begins with a complete 

set and pursues to remove the variables. Bidirectional search starts together with both ends 

and simultaneously removes the features. Randomly started search starts with a subset ran-

domly selected. (Liu and Yu 2005) 

 

A search strategy forms the candidate subsets among all the features. This part is essential 

for the feature selection process since the number of potential subsets increases exponentially 

when the number of features increases. For a dataset with N features, the number of candi-

dates is 2𝑁. (Dash and Liu 2003; Liu and Yu 2005) Handling all the possible feature combina-

tions would consume a lot of time, especially for feature sets of moderate to large size (Jain 

and Stańczyk 2015). Three search strategies have been presented to assist these computa-

tionally heavy searches: (1) exhaustive/complete, (2) sequential, and (3) random search (Liu 

and Yu 2005). The complete search begins with the complete feature set and utilises different 

heuristic functions to shrink the space needed for the search. Thus, it ensures the optimal 

result based on the evaluation criteria. (Dash and Liu 2003; Liu and Yu 2005) In contrast, the 

sequential search cannot guarantee to find the optimal subset since the variables are removed 

or added one at a time, and thus the completeness is lost. The random search chooses the 

subset first randomly and continues either with the sequential search or pursues to generate 

the following subset randomly. (Liu and Yu 2005) 
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Subset evaluation 

 

When the subset is generated, it is evaluated according to an evaluation criterion, which is the 

second step of the process. The evaluation function compares a subset’s goodness measure 

with the previous best subset. If the new subset receives a better evaluation, it replaces the 

prior best subset. (Dash and Liu 2003) The evaluation functions can be categorised into inde-

pendent and dependent criteria. The filter methods typically utilise the independent criterion, 

which is further divided into (1) distance, (2) information, (3) dependency, and (3) consistency 

measures. (Liu and Yu 2005) 

 

The distance measure compares two different features with a two-class conditional probability. 

The information measure utilises the information gained from a feature defined according to 

the difference between prior and posterior uncertainty. The purpose of the dependency meas-

ure (or correlation measures, similarity measures) is to review the feature’s capability to predict 

another’s value. For the classification problem, the relationship between the feature and the 

class is measured. As for the clustering tasks, the similarity between the two features is re-

viewed. (Liu and Yu 2005) 

 

The consistency measure tries to find the smallest possible number of features to separate the 

classes as well as possible. Dependent criterion is used in the wrapper models. An algorithm 

for the specific task is determined beforehand. Its performance is used to evaluate the selected 

subsets of features. The accuracy of a classification model is used to measure the perfor-

mance. As for the clustering problem, the goodness of the resulted clusters is evaluated. (Liu 

and Yu 2005) According to Khalid et al. (2014), the consistency and dependency measures 

considerably effectively remove irrelevant and redundant variables. 

 

 

Stopping criterion 

 

It is important to specify when the iteration of the feature selection process should be stopped. 

As stated by Khalid et al. (2014), the required number of iterations is typically the number of 

features squared. Stopping criteria can be specified with a number that determines a bound 

needed to reach. It can be, for instance, a number of iterations or a minimum number of fea-

tures. It can also be determined according to a situation when adding or removing features 

does not generate improvement for the evaluation criteria. (Liu and Yu 2005) 
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Result validation 

 

The purpose of the validation is to measure the goodness of the subset (Dash and Liu 2003). 

The validation phase is separate from the feature selection process since it is used, for exam-

ple, to compare the results with another feature selection method. The validation can also be 

done by comparing the results with earlier performed results. (Liu and Yu 2005; Dash and Liu 

2003) If synthetic data is used, the validation is done by comparing the known feature set with 

those selected from the feature selection process. However, indirect methods, such as a 

change in the algorithm performance, are needed in the case of real-world data. (Liu and Yu 

2005) 

 

 

4.2.3    Feature selection methods of this study 

 

In this study, three different feature selection methods are used: (1) correlation, (2) mutual 

information, and (3) Laplacian score. The methods were selected according to the availability 

of the functions and specialised feature selection toolboxes in the used systems. This chapter 

introduces the methods. 

 

 

Correlation 

 

Correlation as a feature selection method is a filter based method, and more specifically, mul-

tivariate filter method (Solorio-Fernández, Carrasco-Ochoa, and Martínez-Trinidad 2020). As 

mentioned before, filter methods are not dependent on the learning algorithm and are thus 

efficient (Li and Liu 2017). The purpose of the correlation in unsupervised feature selection is 

to measure the correlation between all the features (Solorio-Fernández et al. 2020). In the 

method used in this study, the features are ranked based on the highest correlation, which 

describes the relevance of the features. The irrelevant features are the ones having the lowest 

correlation with other variables since they are not likely to have an important role in clustering. 

(Talavera 2000) Correlation between all the other features can be measured with average 

correlation (Haindl, Somol, Ververidis, and Kotropoulos 2006). The Pearson correlation coef-

ficient that is used in this study is presented with the following formula: 

 

𝜌𝑋, 𝑌 =  
𝑐𝑜𝑣(𝑋, 𝑌)

𝜎𝑋𝜎𝑌
             (2) 
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where 𝑐𝑜𝑣 is the covariance, 𝜎𝑋 is the standard deviation of 𝑋, and 𝜎𝑌 is the standard deviation 

of 𝑌. The covariance in the equation measures the joint variability of two variables. Covariance 

is divided by the standard deviation to normalise the covariance measure. Thus, the resulted 

value is in a range [-1,1]. (Liu, Mu, Chen, Li, and Guo 2020) 

 

 

Mutual information 

 

Mutual information is described as a univariate filter method that measures dependency be-

tween variables. Mutual information is presented as a difference between entropy and condi-

tional entropy. (Estévez, Tesmer, Perez, and Zurada 2009; Solorio-Fernández et al. 2020) 

Entropy measures the uncertainty for a discretised probability distribution of a variable as con-

ditional entropy measures the entropy in terms of another discrete variable (Rényi 1961; Esté-

vez et al. 2009). Mutual information can measure any type of relationship between the features, 

unlike correlation, which measures only the linear relationship between the variables (Solorio-

Fernández et al. 2020; Estévez et al. 2009). Mutual information between two discrete variables 

X and Y is presented as: 

 

𝐼(𝑋; 𝑌)  =  ∑ ∑ 𝑝(𝑥, 𝑦) 𝑙𝑜𝑔
𝑝(𝑥, 𝑦)

𝑝(𝑥)𝑝(𝑦)
𝑦∈𝑌𝑥∈𝑋

         (3) 

 

where 𝑝(𝑥, 𝑦) presents the probability mass function, and 𝑝(𝑥) and 𝑝(𝑦) are the marginal prob-

abilities (Estévez et al. 2009; Faivishevsky and Goldberger 2012). In the unsupervised feature 

selection, mutual information is computed between each feature and all the other features. The 

specified number of features having the highest scores are selected as the new subset of 

features. (Faivishevsky and Goldberger 2012) 

 

 

Laplacian score 

 

Laplacian Score is also a univariate filter method. It measures the feature importance by its 

variance and its locality preserving power. (Solorio-Fernández et al. 2020; He, Cai and Niyogi 

2005) The method gives higher weights to features that maintain the Laplacian matrix structure 

best. The idea behind the Laplacian Score is that the features that are close to each other are 

likely to be related to the same cluster. Therefore, the features that have comparable values 
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for items close to them and disparate values for items far away are the most relevant ones. 

(He et al. 2005; Solorio-Fernández et al. 2020)  

 

The algorithm of the Laplacian Score can be presented as follows (He et al. 2005): 

 

1. The method starts with constructing a nearest neighbour graph by using a distance 

measure. 

 

2. Then a weight matrix for 𝑖-th sample is calculated with the following equation: 

 

𝑆𝑖𝑗 =  𝑒− 
‖𝑥𝑖−𝑥𝑗‖

2

𝑡          (4)  

where 𝑡 is a constant.  

 

3. Then for 𝑟-th feature the followings are defined:  

𝒇𝑟 =  [𝑓𝑟1 , 𝑓𝑟2 , … , 𝑓𝑟𝑛 ],  

𝐷 = 𝑑𝑖𝑎𝑔(𝑆𝟏),  

𝟏 =  [1, … , 1]𝑇, 

𝐿 = 𝐷 − 𝑆,  

𝒇𝑟̃ = 𝒇𝑟 − 
𝒇𝑟

𝑇𝐷𝟏

𝟏𝑇𝐷𝟏
1, 

 

4. Finally, the Laplacian Score for 𝑟-th feature is presented as follows: 

 

𝐿𝑟 =  
𝒇𝑟

𝑇̃𝐿𝒇𝑟̃

𝒇𝑟
𝑇̃𝐷𝒇𝑟̃

         (5) 

 

 

 

4.3   Clustering 

 

Clustering is a descriptive data mining technique that aims to classify patterns into groups 

(Jain, Murty, and Flynn 1999; Madhulatha 2012). The key concept of clustering is to group 

observations according to a similarity or distance measure. The method is widely used in seg-

mentation problems, as it enables to detection of distinct customer groups with similar profiles. 

(Tsiptsis and Chorianopoulos 2011) Along with the attempt to group and investigate entities, 
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other goals for clustering are defined. Clustering can be utilised as a preliminary stage for 

classification model development to assign the class labels. Additionally, it can be applied for 

hypothesis generation and testing. (Xu and Wunsch 2009) 

 

Clustering methods have been utilised in a broad range of fields. In computer science, cluster-

ing can be applied for image segmentation, pattern classification, and web mining. In medical 

science, clustering can help to identify diseases. Economics fields may utilise clustering to 

detect customer characteristics and behavioural patterns. The method can also be applied for 

analysing stock trends. (Jain et al. 1999; Xu and Wunsch 2009) Clustering is a valuable method 

for profiling users based on their behaviour since similar users may use similar apps in a com-

parable way (Zhao et al. 2019).  Additionally, other fields such as social science, astronomy, 

and engineering science broadly utilise clustering (Xu and Wunsch 2009). 

 

Clustering is an unsupervised modelling technique, denoting that the input data is not labelled, 

and all features are considered similarly as inputs (Tsiptsis and Chorianopoulos 2011; Berry 

et al. 2020). Thus, pattern recognition is conducted without a target variable. Unsupervised 

learning techniques are able to detect rules that characterise the relationship between the fea-

tures. Contrariwise, supervised learning encompasses predetermined output classes, which 

are used as inputs to train the model. The model aims to predict and classify the observations. 

(Berry et al. 2020) 

 

Clustering techniques have advantages in analysing complex data patterns and handling many 

features. The groups are determined based on the data patterns without the label information. 

(Tsiptsis and Chorianopoulos 2011) However, the complexity of evaluating the results is a 

critical disadvantage of clustering models. Since the results of unsupervised models are typi-

cally based on the input data, it is difficult to measure the performance of the model. (Zhao et 

al. 2019) The topic is reviewed in chapter 4.3.4. 

 

Clustering techniques can be divided into (1) hierarchical, (2) partitional, (3) density, (4) model-

based, and (5) grid-based clustering (figure 11). The categorisation is based on the properties 

of the formed clusters. (Rokach and Maimon 2005; Xu and Wunsch 2009) Hierarchical clus-

tering methods are based on the selected distance measure which is used to divide observa-

tions repetitively into clusters using a hierarchical structure. Partitional methods define all clus-

ters at once by iteratively rearranging the observations into groups without a hierarchical struc-

ture. Since finding the global optimum may require numerous iterations, the initial clusters are 

specified beforehand. (Madhulatha 2012; Xu and Wunsch 2009; Rokach and Maimon 2005) 

Hierarchical and partitional are the most common methods. However, three other methods can 
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be applied as well. Density-based clustering utilises a probability distribution to assign the 

points to the clusters, as the model-based clustering aims to optimise the fit of the data and 

the model. Grid-based clustering forms a grid structure where the space is divided into a fixed 

number of units. (Rokach and Maimon 2005) 

 

 

Figure 11: Clustering techniques 

 

 

Hierarchical clustering models differ in the manner of the similarity measure (Rokach and Mai-

mon 2005). Examples of partitional clustering methods are K-means clustering and K-medoids 

clustering (Madhulatha 2012). Other methods such as neural networks and fuzzy clustering 

have been introduced as well (Rokach and Maimon 2005). This study focuses on hierarchical 

clustering, K-means clustering, a combination of both methods, which is referred to as the 

hybrid clustering method in this study, and fuzzy C-means clustering. These methods are pre-

sented in the following chapters. 

 

 

4.3.1    Hierarchical clustering 

 

Hierarchical clustering models utilise hierarchical structure to arrange data according to a sim-

ilarity measure. The similarity is measured with the distance between the observations. (Xu 

and Wunsch 2009; Chapman and Feit 2019) The clusters can be constructed by a top-down 

or bottom-up practice. These methods are called agglomerative and divisive hierarchical clus-

tering. (Rokach and Maimon 2005; Madhulatha 2012) The agglomerative clustering starts with 

adding all observations in their own clusters. Then the distance of the clusters is measured, 

and the clusters are joined with the closest ones. The procedure is continued until all observa-

tions are connected. (Chapman and Feit 2019) Contrariwise, divisive hierarchical clustering is 

performed in the opposite way. The method begins with all observations in the same cluster. 

The cluster is divided according to the similarity of the observations until all clusters are sepa-

rated. (Xu and Wunsch 2009) 
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The results are presented in a dendrogram where the first node presents the whole data set, 

and the leaf nodes are the data points. The mid nodes express the division based on the 

similarity. Additionally, typically the height of the dendrogram represents the distances be-

tween the clusters. The desired similarity level defines the final resulted clusters, which is used 

to cut the dendrogram. The representation of the dendrogram is a highly informative visualisa-

tion and description of the hierarchical clustering structure and the results. (Rokach and Mai-

mon 2005; Xu and Wunsch 2009)  

 

According to Madhulatha (2012), the central part of hierarchical clustering is to select a dis-

tance measure for the distance calculations. One of the most used distance measures is Eu-

clidean distance (Chapman and Feit 2019). It calculates the distances between the variables 

and then sums the squares of the distances. Finally, a squared root is calculated from the sum. 

Another, more simple similarity measure is Manhattan distance. It is calculated as the sum of 

the absolute distances of the variables. (Madhulatha 2012) The way similarity measure is ap-

plied defines the hierarchical clustering model. (Rokach and Maimon 2005). 

 

The single-link clustering model utilises the minimum distance of all pairs of patterns to calcu-

late the similarity of two clusters. On the other hand, the complete-link method calculates the 

maximum distance of all pattern pairs of the two clusters. The complete-link method typically 

generates more useful clusters for hierarchical structure. Both methods utilise a minimum dis-

tance criterion to combine two clusters from a bigger cluster. (Jain et al. 1999) As the single-

link utilise the minimum distance and the complete-link maximum distance, the average-link 

clustering technique considers average distance. The single-link clustering is also referred to 

as the nearest neighbour method or minimum method. In contrast, the complete-link method 

is also known as the maximum method or furthest neighbour method, and the average-link is 

called the minimum variance method. (Rokach and Maimon 2005) 

 

Hierarchical clustering models have two advantages: (1) versatility and (2) multiple partitions. 

Especially the single-link method is efficient with data comprising separated and concentric 

clusters. Hierarchical clustering generates multiple nested sections from which the researcher 

can choose the preferred level of similarity. However, hierarchical clustering methods encom-

pass disadvantages. The procedures do not have the back-tracking ability, and therefore pre-

viously done phases cannot be undone. Hierarchical clustering has non-linear complexity, 

which leads to an inability to scale well. (Rokach and Maimon 2005; Jain et al. 1999) The 

divisive clustering is not commonly used because the practice is computationally heavy even 

with small data sets (Xu and Wunsch 2009). Partitioning methods, mainly K-means clustering, 
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are computationally more efficient than hierarchical methods (Rokach and Maimon 2005). To 

be able to utilise hierarchical clustering for large data sets, it is proposed to use hybrid cluster-

ing models to overcome the computational issues (Embrechts, Gatti, Linton, and Roysam 

2013). This type of hybrid model is presented in chapter 4.3.3. 

 

 

4.3.2    K-means clustering 

 

K-means clustering is a partitional clustering algorithm that is based on an initially defined 

number of clusters where the data points are iteratively assigned (Madhulatha 2012).  K-means 

is a popular clustering method (Chapman and Feit 2019). According to Rokach and Maimon 

(2005), the popularity is based on the linear complexity of the model, and therefore it is efficient 

even with larger data sets. The model is also relatively simple and easy to construct. (Tsiptsis 

and Chorianopoulos 2011; Rokach and Maimon 2005) 

 

The K-means clustering aims to find a K number of clusters that are not overlapping with each 

other (Wu 2012). The objective of the algorithm is to minimise the sum of the squared error 

criterion (Xu and Wunsch 2009). The algorithm of the method is presented as follows: 

 

1) Initialisation of cluster centres (k). The set of cluster centres are defined randomly or 

with a heuristic method.  

2) Each data point is designated to the closest centroid based on a membership measure 

𝑚(𝐶𝑗|𝑥𝑖), which typically is Euclidean distance. Thus, the membership is calculated: 

 

𝑚(𝐶𝑗|𝑥𝑖) =  {1;  𝑖𝑓 arg 𝑚𝑖𝑛𝑗 ‖𝑥𝑖 −  𝑐𝑗‖
2

 

0; 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
             (6) 

 

3) The centroids are continuously updated to the mean values of the data points in the 

cluster.  

4) Steps 2 and 3 are repeated until convergence or maximum number of iterations is 

achieved (Wu 2012; Rokach and Maimon 2005; Chapman and Feit 2019) 

 

The objective function of K-means (sum of squared errors) is: 

 

min
𝑗∈{1…𝑘}

∑ ∑  ‖𝑥𝑖 − 𝑐𝑗‖
2

𝑛

𝑘=1

𝑘

𝑗=1

             (7) 
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where 𝑘 is the number of clusters, 𝑛 is the number of observations, and 𝑥𝑖 is a datapoint that 

belongs to cluster Cj  which presents the centroid of cluster 𝑗 (Wu 2012).  

 

As stated, K-means clustering requires the selection of the number of clusters, K, produced 

with the model. According to Madhulatha (2012), a simple rule of thumb for data with n number 

of features is to take a squared root of n divided by two. Thus, the calculation of the number of 

clusters can be presented as follows: 

 

𝐾 = √
𝑛

2
            (8) 

 

Furthermore, internal clustering validation methods can be applied to determine the number of 

clusters. The purpose of the internal methods is to explore the clustering structure without a 

piece of external information. Different clustering validation methods are reviewed in chapter 

4.4. Internal clustering validation methods are, for instance, the sum of squared errors, Ca-

linski-Harabasz index, and Silhouette index. (Liu, Li, Xiong, Gao, and Wu 2010; Xu and Wun-

sch 2009) 

 

The required selection of the initial starting points is the greatest weakness of the K-means 

clustering algorithm. In reality, prior knowledge is not always accessible, and thus the model 

is considerably dependent on the initial selection. (Rokach and Maimon 2005; Arai and Bar-

akbah 2007) Additionally, the method considers all observations in the data, including the out-

liers. Forcing the outliers to the clusters distorts the clusters. Thus, the model is sensitive to 

noisy data and outliers. (Xu and Wunsch 2009) Even one outlier might increase the squared 

error significantly. Furthermore, the K-means clustering algorithm considers only numerical 

variables since the calculation of mean values are required. (Rokach and Maimon 2005) 

 

 

4.3.3    Hybrid clustering 

 

Combinations of two or more clustering methods are called hybrid clustering methods. They 

are suggested to overcome the inadequacies that are associated with the single clustering 

algorithms. (Wu 2012) When combining two clustering methods, the first model can be used 

to create pre-clusters to present subsets of the original data, which are in the second step 

grouped further with the other model. (Tsiptsis and Chorianopoulos 2011) 
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To combine the advantages of the computationally efficient K-means clustering and the highly 

accurate hierarchical clustering models, hybrid clustering methods have been presented (Arai 

and Barakbah 2007; Chen, Tsai, Chen, Lin, Chen, Li, and Chen 2005; Embrechts et al. 2013; 

Peterson, Ghosh, and Maitra 2018). The hybrid methods presented offer different approached 

for the combination of k-means clustering and hierarchical clustering methods. For instance, 

Arai and Barakbah (2007) introduced hierarchical K-means clustering where K-means is ap-

plied several times, and all the results are then utilised for the hierarchical clustering algorithm. 

In the Rajaobelina (2013) study hierarchical clustering algorithm was used to obtain the initial 

cluster centroids, and those were then applied for the K-means clustering model. Embrechts 

et al. (2013) used K-means clustering to obtain cluster centres that could be then applied for 

hierarchical clustering. Also, Peterson et al. (2018) and Chen et al. (2005) introduced similar 

methods where K-means is used to divide the original dataset into groups, which are then 

merged with the hierarchical clustering method. 

 

The purpose of the method used in this study is first to apply K-means clustering with an ex-

tremely large number of K cluster centres. Then the cluster centres are used in hierarchical 

clustering to determine the final clusters. An advantage of combining K-means clustering and 

hierarchical clustering is that the allows to use hierarchical clustering with large and complex 

datasets saving time costs. In other words, it inherits the computational strength of the K-

means method. Moreover, the method has the strengths of hierarchical clustering to be able 

to handle even oddly shaped clusters. (Embrechts et al. 2013; Rajaobelina 2013; Peterson et 

al. 2018; Chen et al. 2005) 

 

 

4.3.4    Fuzzy C-means clustering 

 

(Fuzzy) C-means clustering is an unsupervised clustering technique, and it extends the tradi-

tional K-means clustering. As the K-means applies so-called hard clustering, the fuzzy C-

means utilises soft clustering. The difference between the methods is that the hard clustering 

divides an observation only into one cluster, but the soft clustering allows the observation to 

belong more than one cluster. (Suganya and Shanthi 2012) The fuzzy C-means utilises a 

membership function that assigns the observations with membership degree between 0 and 1 

partially to all the cluster centres (Bezdek, Ehrlich, and Full 1984). The algorithm of the method 

is presented as follows (Bezdek 2013; Suganya and Shanthi 2012; Kutbay 2018): 
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1) Initialisation of cluster centres randomly or with a selected method.  

2) Membership degree 𝑚(𝐶𝑗|𝑥𝑖) of each datapoint to each cluster centre is calculated with 

the following formula: 

𝑚(𝐶𝑗|𝑥𝑖) =   
‖𝑥𝑖 − 𝑐𝑗‖

−2/(𝑟−1)

∑ ‖𝑥𝑖 − 𝑐𝑗‖
−2/(𝑟−1)

   𝑘
𝑗=1

          (9) 

 

 and according to that the cluster centres are recomputed. 

3) Steps 2 is repeated until the maximum number of iterations is met. 

 

The objective function of the fuzzy C-means clustering can be presented as follows: 

 

∑ ∑ 𝑚(𝐶𝑗|𝑥𝑖)
𝑟

‖𝑥𝑖 − 𝑐𝑗‖
2

𝑘

𝑗=1

𝑛

𝑖=1

             (10) 

 

where 𝑖 is the index of observation 𝑥𝑖 as the number of observations is 𝑛, 𝑗 is the index of the 

cluster centre 𝑥𝑖 as the number of clusters is 𝑘, 𝑚 presents the membership function, and 𝑟 is 

the fuzziness parameter on a range [1, ∞]. (Wu 2012; Bezdek 2013; Suganya and Shanthi 

2012; Kutbay 2018) 

 

The fuzzy C-means algorithm is described as a powerful clustering method, and it is a com-

monly used clustering method since it is typically reliable for many different applications and it 

is easy to use. One of the advantages of the algorithm is that it allows an observation to belong 

to more than one cluster. However, the fuzzy C-means clustering algorithm is computationally 

heavy and sensitive to extreme values. (Kutbay 2018; Suganya and Shanthi 2012) The method 

is described as a better model to avoid local minima than K-means clustering. However, the 

fuzzy C-means algorithm might still meet the local minima of the squared error criterion. 

(Rokach and Maimon 2005) 

 

 

4.4    Clustering evaluation 

 

Clustering results can be evaluated with descriptive statistics and technical measures. The 

descriptive statistics to illustrate the clusters' structure are standard deviations, maximum dis-

tance from the centroid, and distance between the cluster members. (Tsiptsis and Chorianop-

oulos 2011; Zhao et al. 2019) Clustering validation measures can be divided into three: (1) 
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external validation, (2) internal validation, and (3) relative validation indices. The external clus-

tering validation measures rely on external information such as class labels which are used as 

a base to compare the results. External information is usually not presented in clustering prob-

lems, and thus external validation methods are impractical in such cases. Therefore, internal 

validation methods are typically the only alternative for cluster validation. Internal clustering 

validation measures can be utilised for choosing the cluster number, as presented above. They 

can also be used to select the best clustering algorithm. The methods consider the clustering 

structure without any external information. The relative criteria compare the structures of the 

clusters. The objective is to find the best model to uncover the characteristics of the groups. 

(Xu and Wunsch 2009; Liu et al 2010)  

 

Examples of the internal clustering validation measures are the sum of squared errors, Ca-

linski-Harabasz index and Silhouette index. Sum of squared errors (SSE) is a simple and often 

used criterion for K-means cluster validation (equation 7). When the sum of squared errors is 

used as the specification of the number of K, the validation method is called the Elbow criterion. 

The criterion defines the number of clusters by iterating the clustering model with a different 

number of initial clusters. The number of clusters is revealed by plotting the sum of squared 

errors against the cluster numbers. The graph forms an angle when adding more clusters de-

crease the sum of squared errors. The best possible number of clusters is the point after adding 

another cluster will not decrease the sum of squared errors significantly more. (Madhulatha 

2012) 

 

Calinski-Harabasz index is used to validate the clustering performance according to the aver-

age sum of squares between and within-clusters which is illustrated as follows: 

 

𝐶𝐻 =
∑ 𝑛𝑖𝑑2(𝑐𝑖, 𝑐)/(𝑁𝐶 − 1) 𝑖

∑ ∑  𝑥∈𝑐𝑖
𝑑2 (𝑐𝑖, 𝑐𝑖 )/(𝑛 − 𝑁𝐶)

             (11) 

 

 

where 𝑛 is the number of observations, 𝑐 is the cluster centres, 𝑁𝐶 is the number of clusters, 

𝑐𝑖 is the 𝑖–th cluster (Liu et al. 2010).  

 

Silhouette index evaluates clusters based on the pairwise distance between and within-cluster. 

The maximum value of these indices determines the number of clusters. Average Silhouette 

index, on the other hand, can be used to measure the clustering performance. The method is 

presented with the following equation: 
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𝑆 =
1

𝑁𝐶
∑ {

1

𝑛𝑖
 ∑

𝑏(𝑥) − 𝑎(𝑥)

𝑚𝑎𝑥[𝑏(𝑥), 𝑎(𝑥)]
}

𝑥∈𝑐𝑖𝑖
             (12) 

 

 

where 𝑎(𝑥) describes the average dissimilarity between the observation 𝑥 and other observa-

tions in the cluster, 𝑏(𝑥) describes the smallest average dissimilarity between the observation 

𝑥 and other observations in the cluster, 𝑛 is the number of observations, and 𝑁𝐶 is the number 

of clusters (Liu et al. 2010)  

 

The performance of the clustering algorithm can also be measured by replicating the clustering 

with a different sample taken from the same population (Clatworthy, Buick, Hankins, Weinman, 

and Horne 2005). Furthermore, along with the technical validation measures, the actual mean-

ing of each cluster is important to acknowledge (Tsiptsis and Chorianopoulos 2011). The vali-

dation should also consider the business value (Chapman and Feit 2019). For that purpose, 

profiles of the customer segments should be formed. Profiling the segments involves an ex-

amination of the cluster centroids, visualising the segment structures, and utilising all available 

information to gain richer information of the groups. Additionally, the profiles are typically la-

belled according to the defining characteristics of the segments. (Tsiptsis and Chorianopoulos 

2011) When adding demographic and psychographic information to behavioural segments, the 

target users or customers can be better recognised (Hamka et al. 2014). Additionally, external 

information can be utilised as well (Tsiptsis and Chorianopoulos 2011). For instance, Zuccaro 

and Savard (2010) applied external financial segments of the population to create comprehen-

sive profiles for behavioural segmentation results. Furthermore, the profile creation offers a 

possibility to create hypotheses for future work (Hamka et al. 2014). 

 

 

5 EMPIRICAL ANALYSIS AND RESULTS 
 

This chapter follows the research model presented in chapter 4. First, data collection and pre-

processing are presented. Then the data is viewed with summary statistics. In addition, the 

feature selection methods and produced subsets are presented along with the clustering meth-

ods and outcomes. Finally, the results are discussed by comparing the models and creating 

profiles from the clusters. 
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The pre-processing and analysis were performed with RStudio (R-3.6.3) and Matlab (2019B) 

software. RStudio is an Integrated Development Environment (IDE) for a programming lan-

guage called R. RStudio offers free, open-source tools for R programming language. (RStudio 

2021) Matlab, on the other hand, is a programming platform for analysing data, creating and 

developing algorithms and models (MathWorks 2021). 

 

 

5.1    Data collection and pre-processing 

 

The dataset used in this study was collected from the bank’s databases. The data was gath-

ered from two different sources since the information of customers’ behaviour in the mobile 

bank existed in another source as the customers’ demographical information. The behavioural 

dataset was formed from log data of the mobile bank use. The log data correspond to all ac-

tions customers have performed during the mobile app usage session. These actions are such 

as opening a view or pressing a button to call the system to show some information to the 

customer (named with GET), updating some information to the system, or conducting a trans-

action. 

 

The behavioural data was collected from the 1st of March to the 31st of May 2021. The three 

most recent months were selected for the timeframe since behavioural analysis should give a 

recent view of customers actions (Tsiptsis and Chorianopoulos 2011). The three-month 

timeframe is also justified with descriptive statistics in chapter 5.2 by describing that enough 

usage data of an average customer was collected. The data shows that, on average, a cus-

tomer uses the service five times a week, which concludes that the data consists of actions for 

65 usage sessions for an average customer. 

 

Customer information variables that were assumed to be valuable for a bank were selected for 

the customer profiling. For instance, customer’s lending volume that describes the amount of 

loans they have in the bank is one of the most important factors defining customers' profitability 

(Nazari and Alidadi 2013). Features related to the customer demographics, such as customer 

age, gender, and education, were selected based on the previous studies. According to, for 

instance, Machauer and Morgner (2001), Mäenpää (2006), and Rajaobelina et al. (2013), the 

digitally active customer groups consist of typically younger people. This kind of digitally active 

customer also has a somewhat high income compared to the other customers (Zuccaro and 

Savard 2010; Patsiotis et al. 2012; Rajaobelina et al. 2013). According to the segmentation 

study of Zuccaro and Savard (2010), digitally active customers also have a high amount of 
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loans in the bank. In addition, the bank’s own customer category and segment information 

were added to the dataset. 

 

The behavioural dataset required a lot of pre-processing since it was initially large and incom-

plete and, therefore, inadequate for modelling. The objective of the pre-processing was to 

merge the different datasets, aggregate the data on the desired level, clean and process it to 

make it suitable for the feature selection methods and clustering models. The data pre-pro-

cessing was conducted in three phases which were introduced in chapter 4.1: (1) data integra-

tion, (2) data validation and cleaning, and (3) data transformation. R programming language 

and RStudio was used to perform the pre-processing steps. 

 

 

5.1.1    Data integration  

 

The raw behavioural data was initially in the format of log files. An internal system of the bank 

for log data handling was used to search and export the data in table format. In order to process 

the data, it was initially searched from the system on an action (for example, payment trans-

action) level. Thus, one row in the dataset contained a specific action a customer has done, 

customer identifier, session identifier, and timestamp. Since customers typically conduct many 

activities in the mobile app, the data set aggregated on action level contained millions of rows 

per day. For that reason, the dataset was aggregated to the customer level in sections. 

 

Since the study focuses on customer segmentation, customer level aggregation was the most 

suitable form of the data. Frequencies and session lengths were used as the aggregated at-

tributes, as suggested by Pachidi et al. (2014). For each action that was mentioned earlier in 

chapter 5.1, the session length in seconds was calculated for the customers. In other words, 

the dataset was formed from variables that represent how much time was used for the session 

when the specific action was conducted. The purpose of not calculating the time used to per-

form each specific action was that customers typically conduct only one particular action during 

the session, and the fastest users usually do not spend much time with one action. Further-

more, the purpose of the study is not to describe whether the functionality in the app is fast or 

easy to use. Thus, calculating the time used in the session was more informative for this study. 

Detecting behavioural trends on the bigger picture instead of focusing on details was also 

suggested by Xie and Phoha (2001) for behavioural analysis.  

 

Frequencies of performed transactions were added to the dataset as well. The frequency of 

each confirmed transaction during the time window was calculated for each customer. A 
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confirmed transaction represents, for example, a confirmed payment. For the actions where 

information is only shown to the customer (named with GET), the frequency was not calculated 

since no transaction is performed. Also, this type of action occurred rather frequently, and 

therefore it does not necessarily describe the behaviour of the user to count the frequencies. 

 

After the aggregation, the data containing the customer’s demographical information was 

merged with the aggregated behavioural data. Customer identifier was used as the common 

variable. A new customer identifier was then created for each customer randomly to be able 

to secure customers’ privacy. Hence, the final clustering results could not be linked back to a 

specific customer. After the pre-processing phase, the dataset contained 66 variables, of which 

49 presented navigation behaviour, 16 customer information, and one customer identifier (cus-

tomer ID). 

 

 

5.1.2    Data validation and cleaning 

 

The purpose of the validation and cleaning phase was to detect and process the missing val-

ues and errors in the data. The merged data revealed a few missing values in the customer 

information. For an unknown reason, for some customers, the customer ID did not find a match 

from the customer information database, and for some customers, the customer data was 

missing essential variables such as age. Overall, 0.1% of observations, including missing val-

ues, were removed. Missing values, for instance, in customers’ income were replaced with 

zero. Furthermore, customers lacking gender attributes were represented by the term “Other”. 

 

The validation and cleaning phase also included outlier removal. The descriptive statistics of 

the features before the outlier removal and data transformation is presented in appendix 2.  All 

the behavioural variables were skewed to the right, which means that most of the observations 

are on the left of the distribution (Brown 2011). Therefore, discovering outliers was difficult. 

Skewness higher than 1 describes a highly skewed distribution (Brown 2011) which can be 

detected for all the features. Especially, the features related to savings and investments were 

the most skewed (skewness value more than 100). Additionally, the behavioural features were 

leptokurtic, which means that the central peak of the distribution is higher, and tails are longer 

compared to the normal distribution that has a kurtosis of 3 (Brown 2011). 

 

Most of the observations were following the skewed distribution of the variable, and therefore 

most of the observations far from the mean were not classified as outliers. When visually ex-

ploring the variables, some outlier observations could be detected with a boxplot figure. For 
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instance, variables presenting login frequency, payments, messages, and investment pur-

chases and sales included clear outliers. Ten outlier observations were removed after the de-

tection. Variables contributing to customer information were not covered in the outlier detection 

phase since those variables were not used in the modelling step. 

 

 

5.1.3    Data transformation 

 

The behavioural features were highly skewed. Therefore, log transformation was applied to 

convert the variables closer to normal distribution. The data contained a considerable number 

of zero values because of the nature of the variables: some customers had not used the spe-

cific functionalities on the app at all. The natural logarithm of zero produces minus infinity val-

ues. Thus, R build-in function for the natural logarithm that adds 1 for each value was used to 

normalise the data. Hence, the problem with zero values was avoided. 

 

Since the behavioural variables were measured in two different scales, as frequencies and 

session lengths in seconds, the variables were transformed with normalisation into the same 

interval. Min-max normalisation was used as the normalisation technique. The variables were 

normalised into an interval from 0 to 1. Features representing the customer information re-

mained the same since those were not used in the modelling but only in the subsequent anal-

ysis of the results. 

 

 

5.2    Descriptive statistics 

 

After the pre-processing phase, the dataset included 65 features. Each variable with a brief 

definition is presented in appendix 1. The dataset includes an ID variable which is used to 

identify and separate different customers. In addition, the dataset contains 5 different groups 

of variables that describe either the functionalities in the mobile bank or customer information. 

Apart from the ID variable, 6 variables present the login and summary page, 14 payments, 14 

savings and investments, 14 other services, and 16 customer information. Summary statistics 

of the feature before the outlier removal and data transformation is presented in appendix 2. 

In addition, distributions of the behavioural features after the pre-processing can be found from 

appendix 4. 
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5.2.1    Behavioural features 

 

Some of the most interesting behavioural variables in terms of the results are presented in this 

chapter. The login frequency feature measures the number of logins during the time window. 

The summary statistics of the variable before the pre-processing is presented in table 8. The 

minimum of the variable shows that customers that did not use the service during the time 

period were not included in the dataset, and thus the smallest possible value is one. An aver-

age customer logged in to the mobile app 65.31 times, which is 21.77 times per month and 

5.02 times per week. According to the maximum value presented in the table, the most fre-

quently logged user used the app during the three months period 185.92 times a week which 

is 26.27 times a day. However, this customer was categorised as an outlier and removed from 

the dataset. 

 

Table 8: Descriptive statistics – Login frequency 

Variable Min.    Mean    Median  Max.    STD 

login_freq 1 65.31 44 2 417 73.84 

 

 

As mentioned earlier in chapter 5.1.2, the features representing the savings and investment 

functionalities were highly skewed. The frequency measures describe the general behaviour 

of the users; they do not use the savings and investments functionalities that often. The same 

type of behaviour can be seen with the other services as well as payment edit and delete 

functionalities. In contrast, the payment services (also presented in table 9) have been utilised 

rather often. An average customer used payment functionality 3.82 times a month and money 

transfer between own accounts functionality 2.55 times a month. 

 

Table 9: Descriptive statistics – Payments 

Variable Min.    Mean    Median  Max.    STD 

payment_freq 0 11.45 9 226 12.09 

own_transfer_freq 0 7.661 1 604 16.63 

 

 

The distributions of the most leptokurtic and skewed features did not change much after the 

pre-processing phase. It can be visually detected from the distributions of the variables in ap-

pendix 4. However, those distributions improved slightly towards normal distributions. For 

some features, for instance, the payments and logins, the log transformation changed the dis-

tribution somewhat close to normal distribution. 
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The features that were related to the same functionalities had a high positive correlation be-

tween each other. The correlation matrix is not presented due to a large number of features. 

However, a few of them are viewed in the feature selection chapter 5.3 in table 10. When two 

steps were identified for a specific transaction, for instance, purchase and the confirmation of 

it, the variables were highly positive correlated (value more than 0.90). Some of these types of 

features were assumed to be redundant and removed in the feature selection phase. Variables 

that present the most used functionalities had a strong positive correlation with each other. For 

instance, the payment functionalities were correlated with account functionalities since cus-

tomers typically check their account balances before or after the payment transactions. The 

additional functionalities, such as savings and investments, messages, and other applications, 

did not have a strong absolute correlation with any other variables except the ones presenting 

the functionalities in the same group. 

 

 

5.2.2    Customer information 

 

A brief overview of the mobile bank users of the bank is presented in this chapter. More detailed 

information of the variables is presented in appendix 3 and appendix 4. The average age of 

the mobile bank users over the time period is around 42. Figure 12 visualises the age distribu-

tion before the outlier removal. The age distribution is slightly skewed to the right, which illus-

trates that the users are somewhat young. In addition, almost the same number of females 

and males are using the service. 

 

 

Figure 12: Age distribution 
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The majority of the users are either married or single, own a house and have a regular full-time 

job. Most mobile bank users also belong to the first and second customer categories and the 

first customer segment, which are both the bank’s internal segmentation categories. The job 

titles of the users vary more than the other variables. However, the largest job title group is 

employees. The features corresponding to incomes and assets under management were all 

skewed to the right, which means that most of the customers’ income and assets under man-

agement can be located from the left side of the distributions. There are users with relatively 

high income or a large amount of assets under management that are potential outliers. How-

ever, those observations were not removed since the customer information features were not 

applied to the modelling. 

 

The correlations between the customer variables were not considered in this study since the 

study focus on clustering the behavioural variables. The customer information is only utilised 

to analyse the clustering results in more detail. However, correlations between the behavioural 

features and customer information were detected. The variables did not have any strong ab-

solute correlations, but some weaker positive and negative correlations could be identified. 

Customer age and own transfer functionalities had a weak negative correlation (-0.17), which 

means that older customers might not perform the transactions as often as the younger. Addi-

tionally, the payment volume, which describes the amount of money in the bank accounts, did 

not correlate highly with the features presenting payment functionalities. Thus, it could be con-

cluded that a high account balance does not necessarily mean that the customer makes a lot 

of payments. On the other hand, the reason could be that those customers having a high pay-

ment volume might perform the payments in the netbank (web version of the online bank) 

rather than the mobile bank. However, lending volume correlated positively with the variable 

describing the view of customer’s loans which means that the customers having a loan are 

checking their loan details with the mobile bank. 

 

 

5.3    Feature selection 

 

Three different filter methods were used for feature selection: (1) correlation, (2) mutual infor-

mation, and (3) Laplacian score. These filter techniques are feature ranking methods and, thus, 

do not propose a ready subset of features. They only rank the variables based on their im-

portance. Thus, the number of features in the subsets was decided based on the computational 

capacities of the used local computer and the validation of the models. According to the clus-

tering evaluation criteria, including more than ten features affected the clustering results 
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negatively. In addition, most of the clustering evaluation functions were not able to handle more 

than ten features due to the computational power of the used device. Hence, ten best-ranked 

features were included in the subsets. 

 

R Studio and Matlab software were both used to conduct the feature selection. Two different 

software were used due to the availability of unsupervised feature selection functions and li-

braries. R Studio was used to implement correlation and mutual information. Function for cor-

relation was available in the base system of R Studio, and thus no additional toolboxes were 

required. For mutual information, a toolbox package called “infotheo” was utilised. Feature 

selection with Laplacian Score was implemented with Matlab toolbox “Feature Selection Li-

brary” (available from the Matlab Exchange).  

 

Before the actual feature selection, six features were removed due to significantly high corre-

lation. Since the dataset is formed with variables that describe customers’ behaviour on the 

app and certain actions happen in two sequential phases, the features are assumed to be 

correlated. For example, two steps are recorded for the payment procedure: the payment 

transaction and confirmation of it. In some cases, both steps are performed. However, in some 

cases, customers do not proceed with the transaction to the confirmation phase. In the case 

of variables presented in table 10, the variables hold almost the same information. The issue 

affects the feature selection algorithms since, for instance, correlation or mutual information 

between each variable were measured. Thus, the other corresponding feature was removed 

for each pair. 

 

Table 10: Highly correlated variables 

Variable 1 (removed) Variable 2 Correlation 

investment_change_init_time investment_change_time 0.9999 

own_transfer_init_time own_transfer_time 0.9999 

investment_redeem_init_time investment_redeem_time 0.9999 

payment_init_time payment_time 0.9951 

GET_productSummary GET_summary 0.9869 

message_send_init_time message_send_time 0.9842 

 

 

Pearson correlation coefficient was used to measure the correlation between the variables. 

For each feature, an average correlation with all the other variables was calculated. The fea-

tures were ranked based on the highest absolute average correlation in descending order, 

which are presented in figure 13. The highest correlations could be detected for features 



59 
 

describing the usage of summary and account details pages, payment functionalities and 

logins. The lowest correlations were related to other services and savings and investment ser-

vices. Thus, the first subset was constructed of features describing the typical usage of the 

mobile bank: the customer logs in to the app, checks the account balances, and performs 

some payments. 

 

 

 

Figure 13: Feature ranking 

 

 

Mutual information between all the features was calculated for each feature. The features were 

ranked based on the score of mutual information in descending order (figure 13). Similarly, as 

correlation-based feature selection suggested, the most important features were related to the 

summary page and login properties. The least important features included mostly savings and 

investment functionalities and a few related to the other services pages. However, savings and 

investments page views were included in the ten most highly ranked features.  

 

The results of the Laplacian Score feature selection method differed a lot from the other meth-

ods. The feature ranking is visualised in figure 13. Unlike the other feature selection methods 

utilised in this study, the Laplacian Score ranked highest the features that are related to various 

functionalities of the mobile bank. Most of the features selected to the subset had somewhat 

low variance compared to the others. The highest-ranked features of each of the methods can 

be seen in table 11. 
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Table 11: The most important features 

Rank Correlation (Subset 1) Mutual Information (Subset 2) Laplacian Score (Subset 3) 

1 GET_summary GET_summary message_send_time 

2 GET_payments login_freq payment_time 

3 payment_freq GET_account own_transfer_time 

4 payment_time GET_payments GET_savings 

5 GET_account payment_time GET_investments 

6 payment_new_time payment_new_time payment_edit_init_time 

7 payment_edit_init_time payment_freq GET_payments 

8 login_freq GET_customer message_reply_time 

9 GET_customer GET_savings payment_edit_time 

10 payment_edit_time GET_investments GET_esalary 

 

 

5.4    Clustering and evaluation 

 

After pre-processing the data and selecting the feature subsets, three different clustering meth-

ods were applied to divide the dataset into groups. In addition, all three different subsets of 

features were used in the modelling. In this chapter, the clustering and evaluation of the models 

are presented for each combination. The selection of the best model and the results are dis-

cussed in more detail in chapter 5.5. Clustering was performed with Matlab’s clustering and 

evaluation functions. Each clustering combination was evaluated with different internal and 

relative validation criteria. Internal validation measures such as the Calinski-Harabasz index 

and Silhouette index were used. The relative validation criterion covered comparing the cluster 

structures. For cases where the optimal number of clusters was inconclusive before the mod-

elling, the clustering outcomes were compared to help to decide the optimal cluster number. 

 

 

5.4.1    K-means clustering 

 

For K-means clustering, the number of clusters needs to be specified beforehand. For that 

purpose, the Elbow method, Calinski-Harabasz index, and Silhouette index were used. The 

scores of the methods are visualised in figures 14, 15, and 16. The point where the Elbow 

graph, that visualise the sum of squares errors (SSE), forms an angle is the suggested number 

of centres. The suggestions of the Calinski-Harabasz index and Silhouette index for the optimal 

number of clusters are the largest values in the graphs. For the feature subset generated from 

the correlation-based feature selection (subset 1), clustering validation methods suggested 

using three cluster centres except for the Silhouette index that suggested two clusters. 
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However, both two and three centres were further analysed to conduct the final selection for 

the number of clusters. Three clusters were also recommended for the subset generated with 

mutual information (subset 2) since the Elbow graph formed an angle in that point and the 

Calinski-Harabasz and Silhouette indices displayed the largest values for three clusters. The 

selection of groups for the Laplacian score subset (subset 3) was not that straightforward. The 

Elbow method proposed to use three cluster centres as the Calinski-Harabasz index sug-

gested only two clusters. In contrast, based on the Silhouette index, four clusters should be 

used with the subset 3. Therefore, all three different combinations were analysed and evalu-

ated with subset 3 to select the optimal number of clusters. 

 

 

Figure 14: Number of clusters (subset 1: Correlation) 

 

 

Figure 15: Number of clusters (subset 2: Mutual information) 

 

 

Figure 16: Number of clusters (subset 3: Laplacian Score) 
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Two cluster centres with the subset 1 divided the data into clusters unevenly. The first group 

contained 75% of the observations, as the second one contained 25%. In contrast, three cen-

tres with the same subset divided the population so that the first group included 46% of the 

observations, the second 19% and the third one 35%. The internal validation measure, mean 

Silhouette index, was 0.6072 for two centres and 0.5224 for three centres. Thus, the pairwise 

distances were slightly smaller with two clusters, and thus the observations fit better to the 

groups than in the other case. However, according to Calinski-Harabasz index, the average 

sum of squares would be smaller with three centres, and therefore the objects matched to the 

clusters better with three centres. The Calinski-Harabasz index values were 48 795 for two 

centres and 49 943 for three centres. In addition, according to the Elbow graph, increasing the 

number of clusters from two to three considerably decreases the sum of squares. Since two 

out of three methods suggested using three centres, the number of clusters was decided to be 

three with subset 1. It also divided the dataset into groups more evenly than using two centres. 

 

The cluster structures with the subset 1 are presented in table 12. The outcome of the cluster-

ing produced distinct groups in terms of the cluster centre values. However, groups two and 

three had centre values somewhat near each other. The second and the third groups were 

more active at logging in to the app and used the payment functionalities significantly more 

than the first group. 

 

Table 12: K-means clustering with subset 1 

Cluster 
%-of ob-
serva-
tions 

Cluster centres 

GET_ 
summary 

GET_ 
payments 

payment_ 
freq 

payment_ 
time 

GET_ 
account 

payment_ 
new_time 

payment_ 
edit_init_time 

login_freq GET_ 
customer 

payment_ 
edit_time 

1 46% 0.505 0.2869 0.0199 0.0522 0.3815 0.0236 0.0143 0.2955 0.2217 0.0046 

2 19% 0.7344 0.7415 0.5123 0.683 0.6262 0.6391 0.5722 0.5334 0.449 0.2898 

3 35% 0.6705 0.6535 0.3953 0.6062 0.5575 0.5679 0.0241 0.4631 0.3277 0.0013 

 

 

The outcome of the K-means clustering for subset 2 with three centres produced a higher 

mean Silhouette value (0.662) than the results with subset 1. Also, the index value of Calinski-

Harabasz was considerably higher: 68 941. Hence, K-means with subset 2 suggested a better 

clustering of the data. 

 

The observations were divided into groups where the first included 50% of the observations, 

the second 32%, and the third 19% (also presented in table 13). The smallest group, cluster 

3, differed considerably from the others: the group contained users that did not use any of the 

service functionalities as much as the two other groups. As can be detected from the cluster 
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centres in table 13, the third group had lower values for almost each feature. However, the 

third group used the investment functionalities more than group 2. Clusters one and two were 

rather similar in terms of the used features. Only variables differing considerably with the centre 

coordinates of groups one and two were related to the investments and savings functionalities.  

 

Table 13: K-means clustering with subset 2 

Cluster 
%-of  

observa-
tions 

Cluster centres 

GET_ 
summary 

login_freq GET_ 
account 

GET_ 
payments 

payment_ 
time 

payment_ 
new_time 

payment_ 
freq 

GET_ 
customer 

GET_ 
savings 

GET_ 
investments 

1 50 % 0.714 0.5181 0.6067 0.7034 0.6484 0.6037 0.459 0.007 0.5807 0.5514 

2 32 % 0.6721 0.4526 0.5551 0.6716 0.6233 0.5873 0.4232 0.0038 0.0147 0.0121 

3 19 % 0.5042 0.2964 0.3813 0.283 0.0462 0.0203 0.0178 0.0015 0.253 0.235 

 

 

The third subset produced weaker results in terms of the internal validation criteria. The mean 

Silhouette value was 0.3887 with two centres, 0.3868 with three centres, and 0.3890 with four 

centres. Thus, according to that measure, using four centres would produce only slightly better 

results than the others. The Calinski-Harabasz index values had a bigger difference: 20 817, 

17 455, and 15 366, and hence the measure suggested two centres. 

 

With two clusters, the data was divided almost equally into groups. In contrast, with three cen-

tres, the groups contained 49%, 18%, and 32% of the observations. However, clustering with 

four centres assigned only a few observations to the fourth cluster, and therefore it was ex-

cluded from the assessment. Since the Silhouette index and the Calinski-Harabasz index pro-

vided slightly larger value for two centres, it was decided to use in the clustering instead of 

three. The cluster structures can be seen from table 14. 

 

Table 14: K-means clustering with subset 3 

Cluster 
%-of 

obser-
vations 

Cluster centres 

message_ 
send_time 

pay-
ment_ 
time 

own_transfer_ 
time 

GET_ 
savings 

GET 
_investments 

payment_ 
edit_init_time 

GET_ 
payments 

message_ 
reply_time 

payment_ 
edit_time 

GET_ 
esalary 

1 53 % 0.0737 0.6089 0.3958 0.5845 0.5551 0.2808 0.6887 0.051 0.1425 0.2268 

2 47 % 0.0318 0.4391 0.2311 0.0693 0.0624 0.1439 0.5333 0.018 0.061 0.1063 

 

 

Distinct behaviour can be detected from the cluster centre values. For instance, the first cluster 

used all the functionalities more than the second group. The users of the group used particu-

larly more the savings and investments functionalities. 
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5.4.2    Hybrid clustering 

 

A combination of K-means clustering and hierarchical clustering was used in the hybrid clus-

tering method. The K-means was first performed with K = 1000 number of clusters using Eu-

clidean distance. The centres of the thousand clusters were then used as the input to the 

hierarchical clustering. Euclidean distance was used as the distance measure since, for in-

stance, cosine similarity did not improve the results. From the different linkages, the average 

was considered the best for each of the subsets by providing more easily readable dendro-

grams. 

 

The final number of clusters was determined based on the dendrograms (figure 17). The den-

drograms were plotted only with 50 leaf nodes to be able to visualise the results better. The 

height between the nodes indicates the distance between the clusters, and therefore the den-

drograms were cut in the place where the distance was clearly the largest. The number of 

centres of the subsets produced with subset 1 and subset 2 was evidently two. The height 

between two cluster centres and others was high, which indicates a considerable difference 

between those options. Thus, two centres were used in the clustering. However, for the third 

subset, the representation was not that simple. According to the figure, three and four clusters 

were decided to be analysed further. 

 

 

 

Figure 17: Dendrograms 

 

The outcomes of the hybrid method were reviewed in the same way as typical hierarchical 

clustering results. As two cluster centres were decided to be used with the subset 1, the den-

drogram was cut from that level creating the clustering outcome. The dataset was divided into 

two groups of which the first contained 20% of the observations and the second 80%. The 

mean values (presented in table 15) of the groups indicated differences in the segments’ 
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activity. For example, the smaller group utilised considerably less payment functionalities and 

logged in to the app more rarely. The mean Silhouette value of the model was 0.6288. 

 

Table 15: Hybrid clustering with subset 1 

Cluster 
%-of  

observa-
tions 

Mean values 

GET_ 
summary 

GET_ 
payments 

payment_ 
freq 

payment_ 
time 

GET_ 
account 

payment_ 
new_time 

payment_ 
edit_init_time 

login_freq GET_ 
customer 

payment_ 
edit_time 

1 20 % 0.5008 0.2559 0.0017 0.0039 0.3807 0.0056 0.0027 0.2988 0.2264 0.0004 

2 80 % 0.6937 0.6865 0.4379 0.6325 0.5818 0.5862 0.2584 0.4875 0.3752 0.1245 

 

 

Two groups were also generated for the subset 2. The model produced slightly higher Silhou-

ette value (0.6354) than the subset 1. 18% of the observations were assigned to the first group 

as 82% to the other. The mean values of the variables in the groups (table 16) were different 

in a way that the smaller group utilised most of the functionalities more rarely than the second 

group. The results of the hybrid model with subset 1 and subset 2 were almost identical. Both 

models produced two groups of which another described users that on average, utilised the 

app slightly more often to make payments. Considerable differences in other functionalities, 

such as savings and investments, could not be detected.  

 

Table 16: Hybrid clustering with subset 2 

Cluster 
%-of  

observa-
tions 

Mean values 

GET_ 
summary 

login_freq GET_ 
account 

GET_ 
payments 

payment_ 
time 

payment_ 
new_time 

payment_ 
freq 

GET_ 
customer 

GET_ 
savings 

GET_ 
investments 

1 18 % 0.5021 0.3009 0.3855 0.2568 0.0001 0.006 0 0.0015 0.2546 0.237 

2 82 % 0.6935 0.4871 0.5809 0.6864 0.6335 0.5863 0.4383 0.0056 0.3587 0.3397 

 

 

The dendrogram of the third subset was cut from two levels: three and four. However, the 

outcome of the four cluster centres produced such poor results leaving only a few observations 

to the fourth group. Hence, three cluster centres were decided to utilise in the clustering with 

the subset. The mean Silhouette index value was 0.3875, which is much lower than the previ-

ously presented. However, according to the mean values, the model was able to detect some-

what distinct groups, which can be seen from table 17.  
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Table 17: Hybrid clustering with subset 3 

Cluster 
%-of 

obser-
vations 

Mean values 

message_ 
send_time 

payment_ 
time 

own_transfer_ 
time 

GET_ 
savings 

GET 
_investments 

payment_ 
edit_init_time 

GET_ 
payments 

message_ 
reply_time 

payment_ 
edit_time 

GET_ 
esalary 

1 31 % 0.0402 0.6182 0.3064 0.0006 0.0004 0.2181 0.6676 0.023 0.0943 0.1446 

2 53 % 0.0716 0.6418 0.3893 0.5676 0.5375 0.281 0.6972 0.0492 0.141 0.2203 

3 16 % 0.0228 0 0.112 0.2542 0.2365 0.0054 0.2559 0.0144 0.004 0.0564 

 

The smallest user group, the third one, used mainly only investment functionalities, which can 

be seen from the mean values: most of the other variables have mean values close to zero. 

The first cluster, which was also the second largest group, utilised mostly payment functional-

ities but not savings and investments. In contrast, the largest group used all the functionalities 

on average rather frequently. 

 

 

5.4.3    Fuzzy C-means clustering 

 

For the fuzzy C-means clustering, the number of used cluster centres needed to be specified 

before the clustering (same as with K-means). For that purpose, the internal validation method, 

the Silhouette index, was used. Other methods, such as the Calinski-Harabasz and Elbow 

methods were not available in the used software and for the C-means clustering. Thus, only 

Silhouette method was used. The mean Silhouette index values for each subset are visualised 

in figure 18. 

 

 

Figure 18: Silhouette index for C-means clustering 

 

According to the Silhouette index, the optimal number of clusters for subset 1 was two (S = 

0.5474). Since the fuzzy C-means clustering enables an observation to belong to all the de-

fined centres, the centre with the highest membership degree was chosen for each observa-

tion. Hence, 32% of the observations were assigned to the first cluster and 68% to the second 

cluster. According to the cluster centres (table 18) the two groups were different in terms of the 

features used in the model: users that used the service somewhat frequently could be identified 
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in the larger group. The users in the smaller group used, for instance, the payment functional-

ities more rarely than the other group. However, in the logins and page views, the difference 

was not considerably large.  

 

Table 18: C-means clustering with subset 1 

Cluster 

%-of ob-
serva-
tions 

Cluster centres 

GET_ 
summary 

GET_ 
payments 

payment_ 
freq 

payment_ 
time 

GET_ 
account 

payment_ 
new_time 

payment_ 
edit_init_time 

login_freq GET_ 
customer 

payment_ 
edit_time 

1 32 % 0.5436 0.3997 0.1067 0.2318 0.4211 0.186 0.0182 0.3289 0.2194 0.005 

2 68 % 0.7168 0.7155 0.4862 0.6667 0.6078 0.6316 0.3081 0.5155 0.4115 0.15 

 

 

The number of clusters was defined to be three as the mean Silhouette index value was 0.6565 

for that combination. The dataset was divided into groups as follows: 49% to the first cluster, 

32% to the second, and 19% to the third cluster. Based on the cluster structures, groups one 

and two were somewhat similar as the third group was more distinct. However, groups one 

and two were different in terms of the investment features. 

 

Table 19: C-means clustering with subset 2 

Cluster 

%-of ob-
serva-
tions 

Cluster centres 

GET_ 
summary 

login_freq GET_ 
account 

GET_ 
payments 

payment_ 
time 

payment_ 
new_time 

payment_ 
freq 

GET_ 
customer 

GET_ 
savings 

GET_ 
investments 

1 49 % 0.7149 0.5186 0.6078 0.7043 0.6492 0.6044 0.4599 0.007 0.5845 0.5554 

2 32 % 0.6735 0.456 0.5573 0.6731 0.625 0.59 0.4258 0.0038 0.0213 0.0179 

3 19 % 0.5045 0.2953 0.3801 0.2874 0.0542 0.0263 0.0208 0.0014 0.2494 0.2316 

 

 

The outcomes of the C-means clustering with subset 3 suggested using two centres. The mean 

Silhouette value was 0.34 on that point, which is considerably lower than the previously pre-

sented. Thus, could be concluded that the observations did not match that well for the groups 

with subset 3. The data was divided equally into two groups which were different in terms of 

the cluster centre values (table 20).  

 

Table 20: C-means clustering with subset 3 

Cluster %-of  
observa-

tions 

Cluster centres 

message_ 
send_time 

payment_ 
time 

own_transfer_ 
time 

GET_ 
savings 

GET 
_investments 

payment_ 
edit_init_time 

GET_ 
payments 

message_ 
reply_time 

payment_ 
edit_time 

GET_ 
esalary 

1 50% 0.0781 0.6429 0.4449 0.5585 0.531 0.3308 0.7106 0.0537 0.1729 0.2553 

2 50% 0.0296 0.4143 0.1908 0.1237 0.1135 0.1012 0.5199 0.0171 0.0349 0.0843 

 

 

The first cluster had larger centre values in each used feature which means that the users used 

these functionalities more than the second group. The more active group, for instance, made 
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more payments and utilised more savings and investments functionalities. They also checked 

their e-salary through the mobile bank more often than the other group. 

 

 

5.5    Analysis and discussion of the results 

 

This chapter compares the results of the clustering models with different subsets, and the best 

combination is selected to form the user profiles. In addition, the profiles of each user group 

are presented in detail and compared to the previous studies. 

 

 

5.5.1    Comparison between the models 

 

The feature subsets created with feature selection methods of correlation (subset 1) and mu-

tual information (subset 2) mainly contained the same variables since both are dependency 

measures. The features selected to the subset 1 were mainly connected to the payment func-

tionalities as the subset 2 also included variables of savings and investments. As mentioned 

in chapter 5.2.1, payments were the most used functionalities of the mobile bank. Thus, the 

use of them is likely to correlate with all the other functionalities. In addition, the dataset in-

cludes many payment related variables, and thus it is logical that those were correlated with 

each other. Therefore, the subset 1 was mostly constructed from the payment features. 

 

According to the mean Silhouette value, the hybrid clustering model produced the best clus-

tering outcome for the subset 1. The K-means clustering performed the second best, and the 

fuzzy C-means clustering was the weakest model with the subset. Even though the subset 1 

and subset 2 were somewhat similar in terms of the features, and the internal clustering vali-

dation measures indicated almost as good results, the subset 1 produced weaker results since 

the savings and investment functionalities were not included in the model. Thus, the model 

could not identify differences in the usage of them. 

 

The feature subset produced with the Laplacian score feature selection method (subset 3), on 

the other hand, performed the weakest based on the internal validation method, the Silhouette 

index. However, the cluster structures revealed differences in the cluster centres and the mean 

values of the features. Since the Silhouette index produced low values with each model with 

the subset 3, it can be concluded that with those features, the models could not find appropriate 

groups for the observations. In addition, some of the features selected to the subset described 
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rarely used features of the mobile bank. Those were, for example, related to messages and 

checking the e-salary. Thus, those variables did not describe the common behaviour of the 

users and rather explained some more unusual actions in the app.  

 

As mentioned, the subset 2 differed from the subset 1 with features that represent savings and 

investment functionalities. The subset 2 resulted in the best performance when applied with 

each of the presented clustering models. The Silhouette values with subset 2 are presented 

visually in figure 19.  The highest mean Silhouette score could be detected with K-means clus-

tering (S = 0.6602). However, the results were almost identical with the fuzzy C-means clus-

tering results, which resulted in a slightly lower Silhouette value (S = 0.6565). The models 

produced almost the same division to the groups. Only 1% of the observations were assigned 

to different groups. 

 

 

The Silhouette score of the hybrid model was smaller than the others. The results of the model 

differed more from the others since only two cluster centres were suggested based on the 

hierarchical dendrogram. Almost all the observations that were assigned to the third cluster in 

the K-means clustering were designated to the first cluster with the hybrid method. All the other 

observations were in the second group. To be able to see the difference between the outcomes 

of the models, two features (GET_summary and GET_investments) that illustrated the struc-

ture most clearly were plotted against each other (figure 20). 

 

 

Figure 19: Silhouette graphs 



70 
 

 

Figure 20: Clustering outcomes (subset 2) 

 

 

K-means clustering and fuzzy C-means clustering results were also compared with the obser-

vations’ distances from the centres which the models provide. The maximum distances of each 

group were slightly smaller in the C-means clustering outcome. However, the measure de-

scribes only the observations that are furthest from the means, and thus those observations 

might not fit to the specific cluster that well. Therefore, the distances of each group were visu-

alised to illustrate the structure. Figure 21 reveals that the K-means clustering contained more 

outliers than the C-means clustering. On the other hand, the first group of C-means outcomes 

included many observations far from the centres. The minimum distances indicated the same 

as the smallest distance of K-means results was 0.001 and C-means was 0.04. Removing the 

outliers did not improve the quality of the models: the Silhouette values remained the same, 

as did the structure of the groups. The only measure that improved was the maximum distance 

of the K-means clustering groups. Thus, the outliers were kept in the dataset. 

 

 

 

Figure 21: Distances from the centres 

 

The structure of the clusters was also viewed from the point of all the original non-normalised 

and non-transformed behavioural features and the customer information. The hybrid method 
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divided the data into two distinct groups that describe the activity of the app use. The smaller 

group represents the non-active users that have a relatively small amount of assets under 

management in the bank. The larger group contains users that logged in to the mobile bank 

more often during the time frame. However, since the larger group has more than 80% of the 

observations, it might include more user groups that could not be identified through the hybrid 

clustering model. K-means and fuzzy C-means clustering models were better at identifying the 

differences inside the active user group. Since the structure of the clusters of these two models 

did not differ considerably, the final decision of the best model was made based on the internal 

clustering validation measure and observations’ distances from the cluster centres. Hence, the 

K-means with mutual information based feature subset (subset 2) and three centres were se-

lected to describe the different usage profiles of the mobile bank. 

 

 

5.5.2    User profiles 

 

Three user profiles were formed based on the clustering results. The groups were named ac-

cording to the activity of the use and the terms used in the literature: heavy users, medium 

users, and occasional users (Payne 2021; Weinstein 2013; Zuccaro and Savard 2020). A sum-

mary of the segments is presented in table 21. Factors the groups have in common are, for 

example, that young users within the groups use the mobile bank most frequently. All the 

groups also include customers with different educational backgrounds. In addition, each group 

include mostly customers that are married and own a house. However, in each group, the 

highly educated invest more generally and through the mobile bank. 
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Table 21: Summary of the user profiles 

 

Heavy users Medium users Occasional users 

Share of users 
50% 32% 19% 

Activity 
More active than an aver-

age user 
As active as an aver-

age user 
Less active than an aver-

age user 

Use of payment 
functionalities High High Low 

Use of investment  
functionalities High Low Average 

Age 
20-50 20-50 <30 and 50-60 

Socioeconomic status 
Employee or upper-level 

employee 
Employee 

Employee, student, or 
pensioner 

Income 
High Average Low 

Account balance 

Average Average Average 

Amount of investments 
High Low High 

Amount of loans 

High Average Low 

Profitability to the bank 

High Average Average 

 

 

Chawla and Joshi (2017) also found three different segments of the mobile banking adoption. 

Those can be compared to the results of this thesis since the segments also described the 

activity of the users. Zuccaro and Savard (2020) identified four behavioural profiles of internet 

bank use. In comparison, they discovered the heavy users' group containing only around 16% 

of the sample, as this study identified 50% of the observations to include the heavy users' 

segment. In addition, Mansingh et al. (2015) found only two equal-sized groups of internet 

bank users, of which the second one mainly represented the non-users as Algiriyage et al. 

(2015) identified ten distinct usage profiles based on the internet bank usage. Since the heavy 

users' segment in this study is quite large, it might contain subgroups that could not be identi-

fied with the clustering methods. However, this chapter views the profile structures more com-

prehensively, and the future research suggestions are discussed in chapter 6.3.  
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Heavy users 

 

The customer segment of the heavy users includes users that are significantly more active 

than an average user of the mobile bank. An average user of the mobile bank logged in to the 

app around five times a week. The heavy logged in to the service on average more than six 

times a week. In addition, the group used all the app functionalities more than the other groups, 

especially the payment and investment functionalities. For instance, the users made payments 

and own transfer transactions more than an average user. Furthermore, they checked their 

investment and savings page considerably more than the average user and the other groups. 

Therefore, it seems that many of them have investments in the bank. Chawla and Joshi (2017) 

discovered similar results. The customers that used mobile bank the most utilised it, for exam-

ple, to check their account balances and to make payments and investment transactions. 

 

The assumption of the heavy users’ investments was supported with the customer information 

data. The user group has more money in investments and savings than an average user and 

three other groups (figure 22). In addition, male users hold a more considerable amount of 

investments than female users. The heavy users’ group differs from the others with more loans 

and more money on the accounts, which can also be detected in figure 22. The group also has 

an average higher monthly net income than the other groups (2 800 €). The results are in line 

with the study of Zuccaro and Savard (2020), where the heavy users’ segment also had high 

account balances and loan amounts in the bank. High income level was linked to the active 

user segments in other studies as well (Patsiotis et al. 2012; Rajaobelina et al. 2013). The 

group of heavy users in this study is the most profitable group for the bank since the customers’ 

have more products that accumulate profit for the bank based, for instance, on fees. The 

group's profitability was also proved by calculating the customers’ profit for the last twelve 

months. 
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Figure 22: Assets in the Bank by Segment 

 

 

The age distribution does not differ significantly from the distribution of the original complete 

dataset. Most of the users are around 20-50 years old, and the most active users within the 

group are around age 20. The digitally active users were also identified to be younger custom-

ers in the studies of Machauer and Morgner (2001), Mäenpää (2006), Rajaobelina et al. (2013), 

and Chawla and Joshi (2017). In addition, Chawla and Joshi (2017) found that active users 

are also highly educated. That kind of educational difference could not be identified in this 

study. The heavy users’ segment has an equal number of customers with career school and 

university backgrounds. Besides, the largest socioeconomic group in the segment is employ-

ees. The second largest group is upper-level employees, which contains a relatively large 

number of users compared to the other user groups. In addition, the users in the segment have 

significantly larger income levels, which is in line with their socioeconomic status. 

 

 

Medium users 

 

The medium users' segment describes the average user of the mobile bank by the usage 

behaviour. The medium users logged in to the app on average 4.5 times a week. The group 

used the payment functionalities almost as often as the heavy users but rarely checked their 

account and loan details. In addition, they hardly ever viewed the investments and savings 

pages or made any investment transactions. The group rarely used other functionalities of the 

mobile bank. 
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The medium users' group have a significantly lower amount of assets under management 

(could be detected from figure 22). Around half of the users have loans in the bank, and half 

do not. Those with loans have an average the same amount of loans as the heavy users. 

However, the medium users have a slightly lower amount of money on their accounts (figure 

22). In addition, the medium users do not have much money tied in the savings and invest-

ments products. However, the difference between the female and male investors is the oppo-

site compared to the heavy users' segment: female users have higher savings and investment 

amounts than males. 

 

The segment is somewhat similar to the heavy users in terms of demographical traits. For 

example, the users are mainly 20 to 50 years old. However, the group includes a relatively 

larger number of unemployed users who are around 20-30 years old. In addition, the unem-

ployed customers logged in to the app the most actively inside the segment.  

 

Due to the relatively larger number of unemployed users and a smaller number of upper-level 

employees, the group's average monthly income is smaller than the heavy users (2 000 €). 

The comparable user segment in Hamka (2014) study had rather differentiating traits: the us-

ers had full-time jobs and income above average. However, the users of the group were mainly 

around 25 to 44 years old (Hamka 2014), which is in line with the results of this study. As 

mentioned, around 50% of the medium users do not have loans in the bank. Most of the users 

without loans are 20 to 30 years old and might not have purchased their first apartment yet, 

and thus have not taken a loan. The customers with loans, on the other hand, are mainly 40 

to 60 years old. 

 

 

Occasional users 

 

The third and final user segment consists of users that are not that active. On average, they 

used the mobile bank only 2.5 times a week. These users did not utilise the functionalities or 

checked their account balances that often. Surprisingly, they used the own transfer functional-

ity more than the payments. In addition, the users checked the investments page more fre-

quently than the medium users. They even purchased more investments products through the 

mobile bank. 

 

The users of the group have more assets under management in the bank than the medium 

users but have lower loan amounts. They also have around the same amount of money on the 

accounts. However, on average, the occasional users have almost the same amount of money 
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in investments as the heavy users (figure 22). Even though the segment is the smallest of the 

three, it includes the largest number of very young users (can be seen from figure 23). Fur-

thermore, these under 20 years old customers have relatively large investment amounts in the 

bank. Patsiotis et al. (2012) also discovered a young group of internet bank users, of which the 

majority did not use digital banking services. They also had relatively low income. That can be 

seen with the occasional users’ group as well. The group’s average net income is only 1 700 

€ per month, which is considerably lower than the other groups. 

 

 

Figure 23: Age distribution of the occasional users 

 

The age distribution of the group differs a lot from the complete data (figure 12 and figure 23). 

The largest age groups inside the segment are 20-30 and 50-60 years old. In addition to the 

young users, the segment includes a relatively large number of 60 to 80 years old users. This 

can also be seen from socioeconomic status. Compared to the other user segments, the me-

dium users’ group contains relatively more pensioners and students. Based on the results of 

the study of Chawla and Joshi (2017), the group that was not interested in mobile banking 

consisted of older people. That could be the case in this study: the older people that have the 

mobile banking app are just not interested to use it. However, the pensioners have a relatively 

high share of investment, which increases the average profit of the occasional users’ group. In 

addition, the students of the group are the ones that made the investment purchases most 

during the time period. 
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6 CONCLUSION 

 

This chapter concludes the study by summarising the results and answering the research 

questions based on the analysis. The managerial implications are presented along with the 

research questions. In addition, the reliability and limitations of the study are discussed. Finally, 

the future research suggestions are presented. 

 

 

6.1    Summary and research questions 

 

The main purpose of this thesis was to recognise the behavioural profiles of mobile bank users 

of a Finnish bank that operates in the fields of retail and corporate banking. The aim of the 

study was to increase the bank’s knowledge of the retail customers that use the mobile bank 

to support the development and decision making. For that purpose, K-means clustering tech-

nique with a mutual information based feature subset was used to divide the customers into 

groups. 

 

This thesis aimed to answer the research questions that were presented in chapter 1.2. The 

answers to the questions are viewed in this chapter. The main research question describes 

the goal of this study. It was formed as follows: 

 

What type of users can be discovered according to customers’ mobile banking behaviour? 

 

The main research question was answered through sub-questions. The first sub-question was 

related to the behaviour of the users: 

 

1. What kind of behavioural differences exists between the mobile bank users? 

 

All nine different combinations of clustering models and feature subsets were able to identify 

differences in the activity of the mobile bank use. Based on the variables in the feature subsets, 

the models could detect differences in the use of the app functionalities. The best combination 

produced three different user profiles: heavy users, medium users, and occasional users. 

 

The heavy users’ segment generally used all different functionalities more than the two other 

groups. The group spent more time in the app and conducted more different actions. The heavy 

users and medium users were somewhat similar in their activity: the heavy users' logins were 
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slightly greater than the medium users. However, the groups utilised the app for different pur-

poses during the time period. Heavy users used the mobile bank mainly to make payments, 

check account details, and check the status of their investments. On the other hand, the me-

dium users utilised the app primarily to make payments and check their account details. The 

occasional users logged in to the app more rarely than the other groups. They also utilised 

fewer functionalities. Surprisingly, the occasional users made more transfers between their 

own accounts than payments to other people or companies. In addition, they even used the 

investment functionalities more than the medium users. 52% of the occasional users checked 

the status of their investments once or more during the time period. The number for medium 

users was 13%, and heavy users 95%, indicating that heavy users and occasional users might 

trade more investment products than the medium users. 

 

In order to increase the knowledge of the users of the groups, the users’ characteristics were 

viewed. Hence, the second question was formed as follows: 

 

2. What are the defining characteristics of customers in the identified customer segments? 

 

The heavy users and medium users are also somewhat similar in their demographical charac-

teristics. They are mainly 20 to 50 years old employees that are married and own a house. 

However, the heavy users' group includes relatively more upper-level employees, and they 

also have higher net income levels. As mentioned, the heavy users use the investment func-

tionalities of the mobile bank more than the medium users. That can also be seen from the 

assets they have under management in the bank. The heavy users have significantly more 

investments and loans, which are associated with customer's profitability (Nazari and Alidadi 

2013). Profit calculated for the last twelve months indicates the same: the heavy users are the 

most profitable segment for the bank. 

 

The medium users have even fewer assets under management than the occasional users that 

also have more investments. The occasional groups' average amount of money tied in the 

investment is almost equal to the heavy users'. Even though the occasional users are wealthy 

like the heavy users, they are entirely different in terms of the demographical profile. They are 

mainly young and older people that are either employees, students, or pensioners. They also 

have low income levels and low amount of loans in the bank. Thus they are not as profitable 

as the other groups. Even though the group is not as profitable to the bank as the heavy users, 

it should be noted that the group has many customers that could be potentially profitable in the 

future, such as students and younger people who already are wealthy. Thus, these customers 

might be the key customers for the bank in the future. 
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Finally, the third sub-question was related to the managerial implications of the clustering re-

sults. The question was formed as follows: 

 

3. How can the defining characteristics of customer groups be deployed to offer more per-

sonalised services and attract customers? 

 
 
The user profiles increase the bank’s knowledge of the customer base. The purpose of this 

study was not to create a model to automatically divide the users into groups and then auto-

matically provide personalised services. However, the segmentation results can be utilised for 

decision making for developing the app and providing targeted marketing to customers with 

similar traits as the identified user groups.  The user segments could also be deployed for 

software development. The mobile banking app could be developed according to the most 

profitable group's, the heavy users’, needs. For instance, the improvements could be focused 

on the most used functionalities. On the other hand, the app could be developed to attract 

occasional users to the app. An additional way to utilise the segments in the future is to use 

the information for supervised models to predict future usage. 

 

Since the most profitable customers could be detected in the heavy users' group, some mar-

keting resources could be concentrated on the segment. However, the group often uses the 

app, which automatically increases the views of any advertisement from the bank. Hence, the 

content of an advertisement should be captivating enough for the group. For instance, promot-

ing the success of a bank's funds might interest the users since they are already knowledgea-

ble of investing. Additionally, based on the results of Calvo-Porral and Lévy-Mangin (2020), 

customers that use any banking services frequently are experiencing positive emotion and 

loyalty towards the bank. According to Chawla and Joshi (2017), frequent mobile bank users 

often perceive trust towards the bank. Hence, the group might receive the marketing with an 

open mind. 

 

As the heavy users are already using the mobile bank frequently, there is no need to attract 

them to the app. Nevertheless, their usage should be maintained and possibly increased. Ac-

cording to Gupta and Tham (2018), digitally active users, particularly, expect easy and user 

friendly software. Hence, the mobile bank should be designed to be easy to use and conven-

ient. Furthermore, Shaikh et al. (2015) suggested developing the mobile bank features to serve 

different customer segments’ needs. In addition, the app should work fast without any prob-

lems or lags. As the incumbent banks and digital-only banks are competing for the customers, 
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it is even more important to be able to provide outstanding software that serves the customers’ 

needs.  

 

With focusing on developing usability, the other groups could also be attracted to use the mo-

bile bank. In addition, the mobile banking app, its benefits, and its safety could be advertised 

in the other service channels to attract other groups. The medium users login to the app some-

what often but use mainly only the payment functionalities and check their account balances. 

Since the group is similar in the demographical profile to the heavy users, they could also be 

educated to use the banking services more intelligently and become heavy users as well. The 

group could put more money into investments and thus gain capital gains and dividends them-

selves. Even though the group is not as profitable to the bank as the heavy users, it may 

include a lot of potential. For that purpose, the group should be explored more in future. 

 

As mentioned, also the occasional users' group includes users that could be heavy users in 

the future. That kinds of customers are, for instance, students. The students of the segments 

might not use the mobile bank that much since they possibly do not have that many bills to 

pay, and therefore no reason to use the app that frequently. They only check their account 

details and the status of their investments if they have any. They currently have low income, 

and they might not have any other loans than a student loan. Hence, the group is not profitable 

now but might be in the future. Therefore, the students and young users' groups inside the 

occasional users' segment could also be targeted with educational advertisements. 

 

However, some of the occasional and medium users might not use mobile bank frequently due 

to a lack of trust. For instance, the postponers' group of internet banking services in the study 

of Laukkanen et al. (2008) were afraid of losing their pin codes. Based on Patsiotis et al. (2012) 

study, the so called unconcerned internet bank users, that did not trust digital banking technol-

ogy, included mainly customers that just did not want to use the service. Mansingh et al. (2015) 

found that those kinds of customers did not want to use the digital banking services since those 

were not compatible with how they like to do their banking. According to Laukkanen et al. 

(2008), some of the customers anticipate adopting digital banking services in the future, but 

some of the customers would never want to use them. Therefore, targeting the occasional 

users can be challenging. The advertisements might not reach them as they rarely use the 

services. It might also be hard to convince customers that do not trust the privacy of technol-

ogy. 

 

The occasional users’ segment could also include customers who do not consider the bank as 

their primary bank. Additionally, some of the medium users might have investments in a 
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different bank where investing is cheaper and the software is more user friendly. For those 

types of customers, marketing would be valuable. However, these customer types need to be 

recognised from the customer mass, which requires further examination. 

 

 

6.2    Reliability and limitations 

 

Since this study is limited to the mobile bank that only describes one service channel of the 

bank, the results from the analysis might not necessarily reflect customers’ digital behaviour in 

the other channels. Digital banks offer services in different channels, and hence some custom-

ers might only use one specific channel. Thus, for some of the bank’s customers, the most 

used service channel might not be the mobile banking app, even though it is becoming the 

most important sales channel for banks (Wewege et al. 2020). The study is also limited to one 

Finnish bank. Therefore, the results cannot be generalised to the population outside the bank. 

The users elsewhere might exhibit completely different behaviour. In addition, the effect of 

Covid-19 might distort the result since customers were encouraged to do their transactions 

online during the time when the data was collected. 

 

To increase the reliability of the study, and particularly to eliminate the impact of Covid-19, it 

should be repeated with data gathered at different times.  According to Clatworthy et al. (2005), 

the clustering could also be repeated by randomly taking a sample from the same population. 

Additionally, the analysis could be done with a different dataset that describes mobile bank 

use. For instance, the bank has its own database for “click data” that records the app usage 

differently than the log data used in this study. Thus, the results of this study are limited to the 

data source as well. 

 

In addition, different feature selection methods should be applied to the analysis. Since the 

correlation and mutual information feature selection methods considered the highest average 

correlation and highest mutual information, the results are influenced by variables that have a 

high positive relationship with each other. It means that in the clustering analysis, variables 

that are very similar to each other were used. Thus, multiple variables affected the clustering 

in the same way, instead of each variable representing unique behaviour. On the other hand, 

the variables that described the most used functionalities of the mobile bank were positively 

correlated with each other and all the other variables. Hence, excluding those features would 

have led to weaker results since only features describing a rare usage would have been in-

cluded in the model. 
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The selected clustering algorithms affect the results as well. However, three different models 

were utilised in this study, and each model was able to describe the differences in the usage 

behaviour so that active and non-active groups could be detected. In addition, all models sug-

gested dividing the dataset into two or three groups. Therefore, it can be concluded that this 

type of division exists between the users, and it is possible that other clustering methods would 

identify the same. 

 

 

6.3    Suggestions for future research 

 

In the future, this study could be extended to include the customers’ behaviour in the other 

digital channels of the bank. According to a study by Cortiñas et al. (2010), nearly all banking 

customers utilise all the available service channels. Thus, a more comprehensive description 

of the bank’s customers could be drawn. The study could also be performed with different 

behavioural and demographical variables that are more detailed. Thus, for instance, the cus-

tomers that are not using this bank as their primary bank could be identified. Additionally, ques-

tionnaires and interviews should be used to gain more information about the customers of the 

segments and their reasons for using the mobile banking app. Thus, the usage profiles would 

be enriched with information that cannot be identified with purely quantitative research.  

 

More detailed information about the usage profiles could be discovered by grouping the seg-

ments even further. For instance, the heavy users’ segment covers half of the mobile bank 

users. Thus, it is possible that the group has more subgroups. Therefore, identifying the sub-

groups could increase the accuracy of the targeting. The clustering model can also be devel-

oped to be a base for a supervised model. The future usage could be predicted with a classi-

fication model. According to Srivastava (2000), the predicted future behaviour could help to 

improve strategies to increase the sale of the products offered in the channel. 

 

In addition, the results of the study could be compared to the technology acceptance groups 

that were presented, for example, in the study of Chawla and Joshi (2017). The relationship 

between the behaviour and the adoption of the app could be examined. This study should also 

be applied to different banks and countries since there can be differences in the technology 

acceptance and the quality of the technological service.  
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APPENDICES 
 

 

Appendix 1. The descriptions of used features 

 

Group and Variable Definition 

CustomerID Customer identifier 

Login and summary page 

login_freq Number of logins 

GET_summary Summary page shown to the customer 

GET_productSummary Product summary shown to the customer 

GET_card Cards summary shown to the customer 

GET_loan Loans summary shown to the customer 

GET_account Accounts summary shown to the customer 

Payments 

GET_payments Payments summary shown to the customer 

  payment_init_time Payment step before confirmation 

payment_time Payment confirmed 

payment_freq Payment confirmed 

payment_new_time Payment started 

own_transfer_init_time Own transfer step before confirmation 

own_transfer_time Own transfer confirmed 

own_transfer_freq Own transfer confirmed 

payment_edit_init_time Payment edit step before confirmation 

payment_edit_time Payment edit confirm 

payment_edit_freq Payment edit confirm 

payment_delete_init_time Payment delete step before confirmation 

payment_delete_time Payment delete confirm 

payment_delete_freq Payment delete confirm 

Savings and investments 

GET_savings Savings summary shown to the customer 

GET_investments Investments summary shown to the customer 

investment_redeem_init_time Redeem investment before confirmation 

investment_redeem_time Redeem investment confirm 

investment_redeem_freq Redeem investment confirm 

investment_purchase_time Investment purchase confirm 

investment_purchase_freq Investment purchase confirm 

investment_purchase_contin_time Investment purchase continuous confirm 

investment_purchase_contin_freq Investment purchase continuous confirm 

investment_purchase_subs_time Investment purchase continuous confirm 

investment_purchase_subs_freq Investment purchase continuous confirm 

investment_change_init_time Investment change step before confirm 

investment_change_time Investment change confirm 

investment_change_freq Investment change confirm 
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Other services 

message_send_init_time Message send step before confirm 

message_send_time Message send confirm 

message_send_freq Message send confirm 

message_reply_time Message reply confirm 

message_reply_freq Message reply confirm 

change_marketing_time Change marketing approval 

change_marketing_freq Change marketing approval 

GET_appChannel Show application channel information to the customer 

card_applications Card applications 

consumer_credit_applications Consumer loan applications 

GET_customer Show customer info to the customer 

GET_einvoice Show e-invoice information to the customer 

GET_esalary Show e-salary information to the customer 

GET_mortgage_application_service Show mortgage loan application to the customer 

Customer information 

MARITAL_STATUS_ID Marital status 

RESIDENCE_STATUS_ID Resident type 

NET_INCOME_AMT Net income 

SALARY Salary 

JOB_TITLE_ID Job title 

EMPLOYMENT_TYPE Employment type 

EDUCATION Education 

POST_CODE Postal code 

AGE Age 

GENDER Gender 

PAYMENT_VOL Money in the current accounts 

SAVING_VOL Money in the savings and investments 

LENDING_VOL Money in the loans 

AUM Assets under management 

CUSTOMER_CAT Bank’s internal customer category 

CUSTOMER_SEGMENT Bank’s internal customer segment 
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Appendix 2. The descriptive statistics of the continuous variables 

 

Variable Min.    Mean    Median  Max.    STD Skew-
ness 

Kurtosis 

login_freq 1 65.31 44 2417 73.84153 3.871453 40.749045 

GET_summary 0 26747 15447 1633039 37589.91 6.702482 137.98819 

GET_productSummary 0 20628 12143 1315759 28697.25 7.432518 182.11177 

GET_card 0 591.2 53 76095 1633.535 11.17537 269.13715 

GET_loan 0 228.3 0 62685 934.5853 16.93065 691.91067 

GET_account 0 16321 7320 4150964 40737.96 34.23481 2486.6283 

GET_payments 0 29998 14192 4470258 53923.31 15.73045 866.49998 

payment_init_time 0 3399 1751 165098 5748.04 6.863599 97.764081 

payment_time 0 3294 1688 164960 5617.838 7.011986 102.18762 

payment_freq 0 11.45 9 226 12.09173 2.34535 15.729805 

payment_new_time 0 3900 1464 285070 7836.842 7.170148 105.76066 

own_transfer_init_time 0 1165 184 176179 2773.104 12.32634 424.97249 

own_transfer_time 0 1147 180 174676 2729.626 12.42793 434.22442 

own_transfer_freq 0 7.661 1 604 16.63094 6.490943 90.519669 

payment_edit_init_time 0 939.3 0 489448 3810.454 41.62979 4255.6868 

payment_edit_time 0 295.4 0 499257 2811.485 100.4753 15398.056 

payment_edit_freq 0 0.8126 0 270 3.999374 23.42749 1046.7087 

payment_delete_time 0 98.73 0 90764 728.5516 51.08734 4680.21 

payment_delete_init_time 0 46.45 0 90492 584.8638 82.03918 10224.827 

payment_delete_freq 0 0.1234 0 69 0.695291 24.59585 1611.5791 

GET_savings 0 6091 357 7132889 33023.8 141.6563 30053.696 

GET_investments 0 1862 143 485687 5969.902 18.57854 926.59294 

investment_redeem_init_time 0 17.12 0 111909 495.8717 177.5398 37465.998 

investment_redeem_time 0 16.65 0 111909 493.7457 179.58 38102.358 

investment_redeem_freq 0 0.06472 0 49 0.536675 23.38765 1271.3739 

investment_purchase_time 0 21.15 0 184126 724.1912 228.2868 57809.675 

investment_purchase_freq 0 0.05012 0 104 0.640431 69.86891 9871.2123 

investment_purchase_contin_time 0 4.835 0 16832 119.5208 81.5323 9798.4811 

investment_purchase_contin_freq 0 0.009465 0 17 0.150162 38.40619 2929.0706 

investment_purchase_subs_time 0 0.8076 0 2541 28.63855 48.15673 2822.8265 

investment_purchase_subs_freq 0 0.001481 0 3 0.045687 37.1955 1656.3096 

investment_change_init_time 0 1.49 0 40615 159.4222 234.4046 58679.251 

investment_change_time 0 1.47 0 40615 159.3131 234.8687 58839.934 

investment_change_freq 0 0.002269 0 24 0.109445 155.8838 32408.118 

message_send_init_time 0 45.61 0 7930 229.0601 10.57212 185.1245 

message_send_time 0 42.34 0 7930 206.8775 10.13484 182.29124 

message_send_freq 0 0.2208 0 42 0.890876 7.738313 138.71581 

message_reply_time 0 70.7 0 23326 484.3768 13.7735 295.34909 

message_reply_freq 0 0.2228 0 59 1.368817 13.02195 286.88572 

change_marketing_time 0 1.549 0 12646 59.15354 146.7635 29461.335 

change_marketing_freq 0 0.1882 0 97 0.917735 36.77978 3246.7904 

GET_appChannel 0 46.93 0 17056 295.302 19.24234 650.33534 

card_applications 0 0.002837 0 5 0.063393 30.88074 1364.5408 

consumer_credit_applications 0 0.01036 0 3 0.112291 12.49557 189.15767 

GET_customer 0 3040 537 1073679 9943.832 29.37895 2259.3259 

GET_einvoice 0 2086 0 454891 8714.364 13.10733 313.26621 

GET_esalary 0 722.6 0 115265 2510.33 11.44889 282.01083 

GET_mortgage_application_service 0 5.677 0 7756 86.52336 37.52326 2271.6254 
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Appendix 3. Summary of the categorical variables 

 

Variable Category Percentage  
GENDER 0 = Male 50.08 % 

 
1 = Female 49.89 % 

 
2 = Unknown 0.03 % 

EDUCATION 0 = Unknown 35.50 % 
 

1 = ComprehensiveSchool 5.03 % 
 

2 = CareerSchool 17.76 % 
 

3 = UpperSecondaryGeneral 8.70 % 
 

4 = Polytechnic 11.50 % 
 

5 = UniversityBachelor 6.64 % 
 

6 = UniversityMaster 14.87 % 

MARITAL_STATUS_ID 0 = Unknown 9.88 % 
 

1 = Single 25.33 % 
 

2 = SingleParent 0.30 % 
 

3 = Cohabitation 17.85 % 
 

4 = Divorced 6.20 % 
 

5 = Married 39.11 % 
 

6 = Widowed 1.33 % 

RESIDENCE_STATUS_ID 0 = Unknown 15.88 % 
 

1 = Tenant 21.31 % 
 

2 = HomeOwner 53.82 % 
 

3 = LivingWithParents 8.24 % 
 

4 = JobRelatedFlat 0.32 % 
 

5 = PartiallyOwnedFlat 0.15 % 
 

6 = SubtenantFlat 0.24 % 
 

7 = NoPermanentFlat 0.03 % 

JOB_TITLE_ID 0 = Unknown 4.77 % 
 

1 = LongTermUnemployment 0.09 % 
 

2 = Unemployed 3.73 % 
 

3 = Student 12.87 % 
 

4 = Pensioner 10.08 % 
 

5 = LowerLevelEmployee 17.44 % 
 

6 = Employee 26.09 % 
 

7 = UpperLevelEmployee 19.02 % 
 

8 = Entrepreneur 5.91 % 

EMPLOYMENT_TYPE 0 = Unknown 22.04 % 
 

1 = Interrupted 1.69 % 
 

2 = TemporaryParttime 1.19 % 
 

3 = RegularParttime 4.37 % 
 

4 = TemporaryFulltime 4.12 % 
 

5 = RegularFulltime 66.60 % 

CUSTOMER_CAT 1 63.90 % 
 

2 32.39 % 
 

3 0.29 % 
 

4 0.92 % 
 

5 2.51 % 

CUSTOMER_SEGMENT 1 88.05 % 
 

2 11.00 % 
 

3 0.95 % 
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Appendix 4. Distributions of features 

 

 

 

 

 

 

 



101 
 

 

 

 

 

 



102 
 

 

 

 



103 
 

 

 

 

 

 

 

  

 

 


