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1 

 

Abstract 

 

This study investigates the effect of digital transformation on accounting performance of banks from a 

strategic management perspective within management economics and finance. It contributes to the 

current research by employing a quantitative approach to measure digital maturity focused on the 

financial industry. A holistic approach was applied and a testable hypothesis with two sub-hypotheses 

was deduced concerning how digital transformation efforts, which results into digital maturity, impact 

firm performance of financial service players. The management theoretical review ensures the required 

breadth and depth to appropriately advance knowledge about a less researched topic that is of 

fundamental relevance since digitalization promises improvements in profitability, efficiency and the 

ability to meet customers' needs. At first, the resource and knowledge-based view will be applied to 

explain the relevance of ICT, digitalization, digital transformation and digital maturity within firms. 

Moreover, a connection to the notion of competitive advantage, capabilities and business strategy will 

be drawn. Thereafter, the importance of financial intermediaries such as banking institutions will be 

described and a perspective on how digitalization alters the functions of financial players will be 

presented. The financial aspects give rise to which key line items are important in regard to performance 

and digital maturity. This is followed by the construction of a quantitative digital maturity measure from 

digital stock and flow variables. Subsequently, the research hypothesis was tested. It was found that 

digital transformation efforts or digital maturity are unlikely to impact financial accounting performance 

of banks for the employed sample and timeline. However, the proposed model can be proven useful for 

banks’ management in assessing their current digital maturity state and benchmarking against their 

peers. Finally, various potential reasons, limitation and other perspectives to the outcome were found 

which require to be further researched. 
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1. INTRODUCTION 

 

Over the course of the past years, advanced information technology and technological disruptions 

in the digital field have changed our behavioral norms (Casio & Montealegre, 2016). Google, 

Netflix, Amazon and other companies have fundamentally changed the society and the way people 

interact in its entireness. Especially younger generations opt for personalized solutions that are 

tailored to their needs. Businesses and whole industries feel pressured to meet those changing 

customer needs and face competition (Nicoletti, 2017).  

 

Innovation and digitalization are pivotal notions for organizations (Burns & Stalker, 1961; Brown 

& Duguid, 1991). Organizations need to effectively re-think traditional assumptions and possibly 

re-invent their business models to remain competitively viable and generate different sets of 

strategic choices in a timely manner (Utterback & Abernathy, 1975; von Kutzschenbach & Brønn, 

2017). Digitalization has turned into a transformative power that reshapes numeric aspects of the 

economic landscape and business operations, including competition, intermediation, product 

designs, automation, accessibility, speed and analytics (OECD, 2018). Therefore, the modern view 

on digitalization has shifted away from progress in information technology made by computers, 

telecommunications and online connection, towards the understanding of digital technologies that 

transform how businesses interact and operate. Recent examples have been technological hardware 

innovation such as virtual assistant speakers as well as technological software innovation as per 

example the innovation of mobile applications, Bitcoin and cloud computing that help improve 

communication with consumers and increase their engagement. 

 

Traditional industries see digitalization not only as a challenge but also as a transformation 

opportunity (Westerman & Bonnet, 2015). The banking sector is no exception in the 

transformation of the economic financial landscape and plays, as financial intermediary, a critical 

role in allocating funds in the economy. The financial services industry has shown recent 

dedication in digital transformation, shifting from a time where banks were ‘bricks and mortar’ 

businesses – stores that you visited physically – to an e-business environment where people want 

to control their bank accounts and investment portfolios ad hoc from their homes or mobiles via 

online platforms. Emerging digital financial technology disruptors (Fintechs), additionally, are the 
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most recent structural innovation that led established banks to compete with those relatively small 

but highly innovative firms (McMillan, 2014).  

  

Traditional banking institutions recognize the growing importance of digital transformation. The 

financial services industry relies heavily on the exchange of information which itself depends 

heavily on information (communications) technology (IT/CTI) in order to obtain, analyze and 

provide data for all users concerned. Digital solutions facilitate data analysis that enables 

companies to offer tailored and accessible services for their customer’s needs. Data is more and 

more perceived as a form of capital or asset. This links into the cognition of digitally mature firms 

having increased efficiency that also promotes increased profitability and hence, improved 

financial performance (Westerman & Bonnet, 2015; Sujud & Hashem, 2017). 

 

A body of theoretical research regarding the notion of digital transformation that connects findings 

from strategy and organizational performance for various industries is emerging. However, 

quantitative research in this field has been limited. The motivation for this thesis was fueled by the 

scarce amount of existing quantitative studies devoted to the impact digital transformation efforts 

have on the existing financial service players. While digital transformation is an ongoing process, 

the potential significance of its applicability and disruptive implications within economics and 

finance underlines the importance of further advancing the academic foundation related to digital 

transformation. To fully comprehend the potential of digital transformation a strategic 

management theoretical understanding is required. This paper adopts a holistic approach to address 

the implications of digitalization / digital transformation within management economics and 

finance.   

 

As the economic and financial implications of digitalization are directly linked to their strategic 

features, this paper adopts a framework comprising a management, economic and finance 

theoretical review to ensure the required breadth and depth of the topic and is structured 

accordingly. It further generates conclusions and insights for deducing an empirical testable 

hypothesis concerning the impact different digital maturity levels of digitalization have on 

financial accounting performance of companies in the financial services industry. 
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The first part of this paper outlines the research question and sub-questions guided by the research 

considerations that follow. In the subsequent part the management, economic and finance 

theoretical background are reviewed along with their existing empirical research. Further on, the 

methodology along with its justification and the data collection and preparation is outlined. The 

sixth part of the paper includes the results of the analysis conducted and the following part 

discusses those along with their limitations and implications. Finally, other perspectives of the 

current research are described and further research is suggested.   

 

2. RESEARCH QUESTION 

 

A primary overarching research question with supporting sub-questions that reflect the motivation 

of this paper has been developed. These question and sub-questions will facilitate the development 

of a comprehensive research design and direct the analysis of this paper. Due to the novelty of 

digital transformation as a topic within academia, the core proposition of this paper is to employ a 

conceptually wide primary research question. This will enable a comprehensive analysis and 

facilitate the development of an adequate methodological approach in order to investigate the 

impact of digital transformation/maturity on bank performance. Further considerations related to 

the research design of this paper are included in the subsequent section.  

 

The motivation for articulating a holistic research question is to enable a contribution to the 

existing literature. This is currently limited and sporadic in addressing the most important 

questions within management economics and finance related to the effect digital efforts have in 

banking and their underlying dynamics of performance measurement. To develop a framework 

that can provide the necessary breadth and depth to establish the central theoretical implications 

of digital transformation efforts while investigating the impact on bank performance, the following 

research question has been articulated:  

 

What are the implications of digital transformation from a strategy and management theoretical 

perspective within management economics and finance, and how do digital transformation efforts 

impact bank performance?  
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To appropriately direct the work of this paper, a range of supporting sub-questions within each 

aspect of the primary research question are included. The primary research question is thereby 

answered through the included sub-questions. While they contribute to establishing the central 

implications of digital transformation within finance and economics, the theoretical findings are 

instrumental in developing the methodological approaches adopted for assessing bank 

performance. While various aspects and implications of digital transformation within management 

economics and finance deserve to be studied, the elements comprised in the highlighted sub-

questions have been assessed to be the first-order effects of greatest importance. 

 

To establish a management theoretical understanding of the notion of digital transformation, the 

following sub-questions have been developed: 

 

1. What is the concept of digital transformation? What role does ICT and digitalization play 

in value creation?  

 

In order to demonstrate the comprehension of the relevant management economic implications of 

digital transformation in the financial service sector, the following sub-questions have been 

articulated:  

 

2. What role does financial intermediation play within the financial market and what is the 

traditional role of banks as intermediaries?  

3. How does digital transformation impact banks as financial intermediaries? 

 

In addition to that, to establish the scope of relevant financial implications of digital 

transformation, the following sub-question has been included:  

 

4. What are the key line items and performance indicators for banking institutions in relation 

to digitalization?  

 

The outcomes produced by the four sub-questions above will provide the foundation and 

justification for developing the core sub-questions of this paper: 
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5. Does digital transformation impact accounting bank performance? 

 

The primary research question will thereby be addressed through the five sub-questions in 

combination. To address the sub-questions of this paper, an appropriate research design is adopted 

which includes the three above-mentioned perspectives through which the relevant aspects of 

digital transformation are analyzed. This will provide the necessary foundation for investigating 

the impact on bank performance and the associated methodological considerations.  

 

3. RESEARCH CONSIDERATIONS AND RESEARCH DESIGN  

 

This section is devoted to outline the considerations and reflections in regard to the appropriate 

research philosophy, approach and design chosen in this paper.  

 

3.1 Research Philosophy 

 

Pragmatism argues that multiple positions towards conducting research exist without a single 

viewpoint being the truth or reality. For this reason, pragmatism will be adopted as a research 

philosophy in this paper, by elaborating on multiple views and perspectives, using several research 

sub-questions that enable us to answer the research question and interpret the dataset (Saunders, 

Lewis & Thornhill, 2009).  

 

3.2 Research Approach 

 

Saunders et al. (2009) depict two approaches for research: deductive and inductive. The deductive 

research approach implies to use literature that aids to identify theories and ideas that will allow 

to test data. On the other hand, using the inductive approach the researcher will explore data and 

develop theories from that data. This paper will predominantly rely on a deductive research 

approach where the analysis begins at a universal theoretical level and gradually leads into a 
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testable hypothesis on the accounting performance of banks in relation to digitalization, based on 

quantitative data. 

 

3.3 Research Design 

 

This paper adopts a sequential mixed methods research design in which a combination of 

theoretical and quantitative methods is utilized to address the research question. As described, at 

first, a theoretical perspective on strategic management, management economics and finance 

provide the foundation and background for further research based on existing literature. This is 

aligned with the philosophical perspective of pragmatism (Saunders et al., 2009). Therefore, the 

initial research design is based to a large extend on a theoretical and exploratory approach. By 

doing so, the first four research sub-questions are addressed. Owing to insights and conclusions of 

the first part, a testable hypothesis is developed through deductive reasoning which is captured in 

the fifth sub-question of this paper. Thus, the second part of the research design is primarily 

quantitative and explanatory in nature. Hence, the research design, in combination, will result in 

required insights for answering the main research question of this paper in a cohesive manner.  

 

The methodological approach underlying the two parts vary. Consideration related to the first 

theoretical part for investigating the implications of digital transformation, within strategic 

management, management economics and finance, are outlined in the subsequent section. The 

methodological considerations for testing the impact of digital transformation on accounting 

performance are discussed in depth in below section five. 

 

3.4 Research Scope and Delimitation 

 

Due to the recency of digital transformation, publications have experienced tremendous rise (Reis, 

Amorim, Melao & Matos, 2018). Owing to the importance to the financial service sector and 

society as a whole, it appears to be a vital topic to explore. Current scientific literature is sporadic 

and predominantly of theoretical nature. To fully comprehend the financial and management 

economical potentials of digitalization, a management theoretical understanding of the notion of 

digital transformation is required to safeguard a correct assessment. By that, this paper analyses 
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the implications of digital transformation from three perspectives – (1) strategic management, (2) 

management economics and (3) theoretical finance. This will create the fundament and 

justification for deducing a testable hypothesis that addresses the core research questions related 

to the effect of digitalization/digital transformation on financial service institutions’ accounting 

performance.  

 

Overall, the four sub-questions of this paper are addressed through conclusions of the various parts 

of this paper.  

 

This paper focuses on the financial service industry as it plays an essential role in financial 

intermediation by allocating funds in the economy. The banking industry heavily depends on ICT 

and digital services for reshaping its digital service delivery systems. In addition to that, intensified 

competition from digital disrupters stresses the importance for digital transformation (Sujud & 

Hashem, 2017). The chosen method is focused on this specific industry restricted to a geographic 

region and size of institutions measured by market capitalization in order to control for exogenous 

variables and structural differences (Whaling, 1996). Industry membership has been found of 

importance as firm performance is influenced by aspects such as market structure, strategic 

perspectives and regulation (Short, Ketchen, Palmer & Hult, 2007). The choice, however, limits 

the ability to generalize the findings worldwide and across industries and company sizes. However, 

studies concerning synergies of digital transformation and other organizational variables will not 

be resolved in one study. Central banks and its functions are not further explored. 

 

The paper will keep a high level, simplified view on strategic management, management 

economics and finance aspects due to constraints in time. Therefore, this paper focuses on the 

delineated and discussed models and measures, exclusively. Consequently, the paper does not 

consider underlying complexities and mechanism such as maturity gaps between liabilities and 

assets and its effect on digitalization and performance. Moreover, neither risk nor legal aspects are 

examined. It is assumed that all banks covered in the sample adhere to required legal aspects such 

as capital requirements. It is assumed that the reader of this paper has basic knowledge of common 

strategy, management, economic and financial models.  

 



 

 

14 

 

Finally, the nature of financial service sector prevails predominantly firms that have complex 

balance sheets to a large extent and that are tied to strong local/regional regulations. For this reason, 

we aimed to focus on specific financial line items to simplify our analysis. Performance will be 

examined with focus on accounting performance, which is a frequently used measure in 

management literature (Sujud & Hashem, 2017), and financial performance in banking. 

 

4. LITERATURE REVIEW 

 

The following sections provide a theoretical foundation for the quantitative research applied. The 

fundament is set by describing digitalization and digital transformation from a strategic 

management perspective. Secondly, the impact of digitalization on financial intermediaries and, 

thus, the banking sector is described. Finally, it is shown which quantitative variables need to be 

considered from a financial point of view in light of digitalization and digital maturity. 

 

4.1 Management Theoretical Background 

 

This section is exploring the theoretical background of digitalization/ digital transformation and 

the role it plays in Information Technology. With this, it contributes to the first sub-question of the 

research. Strategy theories in relation to digital business strategy will be used in order to connect 

the notion of digital transformation with the value it brings in a firm.  

 

The first sub-section draws a connection to the strategy theory, notably to the resource and 

knowledge-based view and how the technological resources and capabilities complement a firm’s 

competitive advantage. Digital transformation and digital transformation strategy will be 

introduced which is associated to business strategy and digital maturity, further connecting the 

theories to the present research. Finally, digital maturity will be connected to the S-curve model, 

leading to suggestions of digital maturity stages.  
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4.1.1 ICT, Digitalization and Digital Transformation as competitive advantage 

 

In this section the concept of IT/ICT and digitalization will be presented as well as its meaning for 

the firms as a competitive advantage. Further, the connection with the theory of resource-based 

view and knowledge-based view of the firm will be drawn as well as how digitalization can be 

viewed as a business strategy.  

 

Orlikowski and Gash (1992) defined IT as any form of computer-based information systems, 

including mainframe as well as microcomputer applications. Until recently, the literature was to a 

large extent uniformly referring to IT in a positive way, focusing on case studies of spectacular IT 

successes.  In business applications, the range and strategic impacts of such systems are vast. ICT 

is a combination of information technology and communication technology. It merges computing 

with high speed communication links carrying data, sound and video (Alabi, 2005). It deals with 

the collection, storage, manipulation and transfer of information using electronic means. 

Communication technology refers to the physical devices and software that link various computer 

hardware components and transfer data from one physical location to another (Laudon & Laudon, 

2001). Companies rely heavily on the exchange of information, which itself depends heavily on 

communications technology and information in order to obtain, analyze and provide data for all 

users concerned.  

 

Digital solutions facilitate data analysis that enables companies to offer tailored and accessible 

services for their customer’s needs. Digitalization has shifted away from progress in information 

technology made by computers, telecommunications and online connection but shifted to the 

understanding of digital technologies that transform how businesses interact and operate. 

According to Evans, Hagiu and Schmalensee (2006) as well as Vogelsang (2010), digitalization is 

a process of accelerating computing power, the very essence of the changes in the economic 

landscape caused drastically by advances in IT, essentially labelled as disruption (Downs & Nunes, 

2013; Bughin & Zeebroeck, 2017). Digital disruption is one of the strongest trends reshaping the 

global business economy (Kroll, Horvat & Jäger, 2018). In the narrower sense, digitalization is the 

combination of mobile devices, internet-based technologies, data analytics and the interaction 

between firms. Although digitalization is not changing the fundamental laws of economics (i.e. 
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only using intermediaries to facilitate the interaction) it still remains a challenge for organization 

(Milkau & Bott, 2015). It does not only affect technology companies or companies doing business 

in the technology sector. It strengthens organizations’ internal operations, incremental 

improvements with effects on every industry.   

 

In the financial sector, digitalization has gained popularity in recent years where customer 

satisfaction is becoming more and more important. According to Hassani, Huang and Silva’s 

(2018) research, current trends in the banking sector are the adoption of digitalization techniques 

for (1) security and fraud detection, (2) risk management and investment banking and (3) CRM. 

Specifically, they found that 35% of digital applications account for CRM systems confirming 

Marou’s (2017) proposition of 80% of banks listing customer experience as a top priority. On the 

other hand, cyber-crime protection leads to a lower percent of fraud detection and risk management 

of 28% and 26%, respectively (Lagazio, Sherif & Cushman, 2014). 

 

In order to utilize digitalization opportunities, organizations undergo digital transformations (DT), 

defined as the ‘implementation and use of cutting-edge technology’ […] which ‘involves 

organizations using technology to do business in new and different ways’ (Kane, 2017). 

Transformation of digital technologies impacts both the external environment (e.g. competitive 

dynamics, customer expectations etc.) and internal pillars (emerging from product and service 

offering, business models and organizational structures) of organizations (Lucas & Goh, 2009; 

Downes & Nunes 2013; Porter & Heppelmann 2014), affecting them mostly during the process 

towards the outset of the transformation. In order to systematically address digital transformation, 

top management usually set DT strategies which serve as a central concept to coordinate, prioritize 

and implement the transformation efforts (Matt, Hess & Benlian, 2015). It is worth mentioning 

that while DT strategies include transformational insights on how to reach these desirable states, 

the governing transformations that arise, owing to digital technologies and its operations after 

transformation (Henderson & Venkatraman, 1993; Bharadwaj et al., 2013; Matt, Hess & Bnlian, 

2015), allow organizations to process automation and optimization through a complete business 

model. 

 



 

 

17 

 

 

Figure 1: Relation between digital transformation strategy and other corporate strategies (Matt et al., 2015) 

 

Recently, scholars argue that attention to business processes and organizational structure should 

follow the implementation and deployment of new technologies (Peppard, 2007, Radhakrishnan, 

Zu & Gover, 2008; Tian, Wang & Chan, 2010). Thereby, aligning business processes and their 

strategies with IT. The ‘Strategic Alignment Model’ (Henderson & Venkatraman, 1993), one of 

the first and most famous models for organizational alignment, introduces the concept of ‘balance’ 

(i.e. a strategic fit) between business and IT strategies as well as processes and infrastructure 

(Luftman, Paul, & Oldach, 1993). Following this model, the explicit focus of alignment was 

abandoned, focusing on a balance including five different ‘business pillars’ (Strategy, Monitoring 

and Control, Structure and Processes, Human resources, IT) which would bring better performance 

than the market average when established (Issa, Hatiboglu, Bildstein & Bauernhansl, 2018).  

 

Through digitalization, organizational processes, especially of the financial sector, can become 

more efficient and customer friendly which essentially affects the strategy of the firm. Goll and 

Cordovano (1993) have used the Business Process Reengineering to focus on improving processes 

to clearer and simplified ones for achieving great improvements in quality, speed, customer service 

and reduction of costs. Also, Allen (1994) turned the reengineering’s focus on process re-design 

which is essential to the financial sector in order to capture profit maximization through cost 

reduction, improvement of quality, speed and customer service. It is therefore at the hands of the 

organization to proactively adopt digitalization and to improve organizational performance 

(Hammer, 1990; Davenport & Short, 1990).  
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Early IT literature was consistently positive on the impact of IT (Parsons, 1983; McFarland, 1984), 

focusing on IT adoption and innovation and its potential to change the strategy as well as the cost 

position, scale economies and power relations between buyers and suppliers (Benjamin Rockart, 

Morton & Wyman, 1984; Porter, 1985; Clemons, 1986). Later, after 1990, literature explores the 

risks and costs of IT investments and the difficulties of integrating IT strategies (Clemons, 1986; 

Warner, 1987). Technological change is misunderstood as valuable for its own sake since there is 

no negative judgment on it (Porter, 1985). There is a strong assumption of de-facto improved 

competitive advantage and higher organizational performance, important for growth and/or 

survival (Peppard, 2016). Nevertheless, technological change is only beneficial when it contributes 

to a firm’s competitive advantage. 

 

According to Porter (1985), technological change is one of the principal drivers of competition, 

among the most prominent of its rule-changer. Porter (1985) argued that sustainable technological 

advantage arises when first-mover advantages (e.g. pre-empting customers through switching 

costs) outweigh disadvantages (e.g. development cost and learning curves). Clemons (1986) 

suggested that ‘externally focused applications’ (i.e. those connecting firms with customers – e.g. 

ATMs) were affected by switching cost whereas internal applications (i.e. those improving internal 

efficiencies – e.g. automation systems) were affected by scale economies, managerial expertise 

and efficiencies. Neo (1988), on the other hand, suggested that successful IT implementations 

appear where similar systems have been implemented before based on experience and learning. 

 

The ability of a firm to assemble, integrate and deploy valued resources defines its capability to 

create and sustain competitive advantage (Russo & Fouts, 1997). According to Grant (1991) and 

Makadok (2001), firms can enhance competitive advantage by using their resources to create 

organizational capabilities. Similarly, information systems researchers support that it is the IT 

capabilities and how firms leverage them that offer the competitive advantage and not the hardware 

and software alone as the later can be bought by any firm (Clemons & Row, 1991; Mata, Fuerst, 

Barne 1995; Ross & Beath, 1996; Duliba, Kauffman & Lucas, 2001).  

 

The contribution of ICT to organizational performance has attracted the attention of researchers in 

recent times. Williamson (1975) reviewed the transaction cost theory and Porter (1985) the value 
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chain analysis but the majority embraced the resource-based view (Bharadwaj, 2000; Wade & 

Hulland, 2004; Rai, Patnayakuni & Seth, 2006; Ordanini & Rubera, 2010; Lee, Koo & Nam, 2010; 

Rashidirad, Syed & Soltani, 2012)  

 

The resource-based view that stems from the strategic management theory operates under the 

assumption that the resources in interest are heterogeneously distributed across firms (i.e. assets, 

knowledge, capabilities and organizational processes (Bharadwaj, 2000)). Grant (1991), however, 

distinguishes resources between tangible, intangible and personnel-based ones, stressing the 

importance of a combination of IT and other factors such as intangible resources that include 

among others reputation, brand image, product quality as well as the know-how: the capability to 

respond to opportunities in IT-driven services such as financial services, retailing, 

telecommunications and software (Sambamurthy, Bharadwaj & Grover, 2003).   

 

In its treatment of IT-based advantages, the resource-based view has emphasized sustainability 

protected by resource embeddedness, i.e., resource complementarity and co-specialization. 

According to Keen (1993), ‘the wide difference in competitive and economic benefits that 

companies gain from information technology rests on a management difference and not a technical 

difference.’ The resource-based perspectives on the firm suggest that existing knowledge resources 

will be positively related to innovation and business performance (Dierickx & Cool, 1989; 

Marrano, Haskel & Wallis, 2009) 

 

The value of tacit, implicit assets such as intangible assets (IA), including know-how (Teece, 

1998), corporate culture (Barney 1991), corporate reputation (Vergin & Qoronfleh, 1998), product 

quality, customer service, market orientation, knowledge assets, organizational memory, 

organizational learning, synergies (Bharadwaj, 2000) and environmental orientation (Russo & 

Fouts, 1997), has been recognized as a major contributor of the RBV and a key driver of superior 

performance. While IA tent to be implicit and connected to an organization’s culture (Winter, 

1987), digital capabilities are tightly connected to improved customer service, enhanced product 

quality, increased market responsiveness and better coordination through IT systems (Hitt & 

Brynjolfsson, 1997). In fact, one of the CIOs’ main concern is how to create superior IA 
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(Bharadwaj, 2000) through IT resources by focusing on producing valuable, sustainable resource 

complementarity (Clemons, 1986, 1991; Clemons & Row, 1991; Dent-Micallef, 1997) 

 

Knowledge capital of organizations is part of the intangible resources embedded in skills, 

experience of its employees and its processes, recognized as a unique, inimitable resource (Matusik 

& Hill 1998; Prahalad & Hamel 1990). Competitive advantage depends on the firm’s ability to 

integrate, transfer and apply this knowledge (Matusik & Hill 1998). Nevertheless, digital is not 

only a reason for firms to increase their competencies, but it is also a crucial knowledge 

management tool (Nonaka & Takeuchi, 1995) since through the various databases it can formalize 

information and consolidation, allowing organizations to leverage knowledge (Brown & Duguid 

1991; Dodgson, 1993; Grantham & Nichols 1993) and rapidly transfer at the same time 

(Bharadwaj, 2000).  

 

In connection with the knowledge-based view of the firm, digitalization can act as a way to 

synthesize, enhance and expedite large intra- and interfirm knowledge and capabilities (Alavi & 

Leidner, 2001). Kreutzer, Neugebauer and Pattloch (2018) claim that in order to ensure success, 

companies need to survive digital change (or, as they put it, ‘digital Darwinism’). Successful 

organizations need to develop digital capabilities according to their needs. Firms that are 

successful in creating superior digital capability (a kind of IT capability deriving from and 

contributing towards digitalization (Kokolakis, Karyda, Loukis & Charalabidis, 2016)) in turn, 

enjoy superior financial performance by bolstering firm revenues and/or decreasing firm costs 

(Bharadwaj, 2000).  

 

IT investments and their connection to digital connected capabilities define the strategic alternative 

and value-creation opportunities that organizations pursue since these capabilities can determine 

the level of value the organization can gain (Drnevich & Croson, 2013). Some elements of value 

against competitor, supplier and customer (Porter, 1980 & 2008) can be defended by IT 

capabilities through isolating mechanisms of the dedicated assets of IT investments (Symeonidis, 

2003; Thomadsen & Rhee 2007; Walker 2007). 
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4.1.2 Digital maturity   

 

In the final section of the management theoretical background of this paper, the concept of Digital 

Maturity (DM) and how it is measured will be presented. Moreover, the connection of DM with 

the quantitative perspective of this paper will be drawn.  

 

The journey organizations go through to reach their goal of DT is better expressed by the concept 

of ‘maturity’ (in the psychological sense) where the end result is a learning process rather than an 

instinctive response to technological needs (Kane, 2017). DM represents the different ‘growth’ 

stages recognized for digital transformation (Issa et al., 2018). The levels of maturity are a process 

improvement plateau which helps the businesses gain an overview of their own organization and 

act as a benchmark for management. They are organized into stages of development with high 

stages being correlated with more control, lower costs, effectively reaching goals and establishing 

continuous process optimization (Reefke & Sundaram, 2018). 

 

The most recognizable model for assessing DM is Capability Maturity (Paul, Custis, Chrissis, 

Weber & Weber, 1993). The Capability Maturity Model (CMM) was originally designed to assess 

the development of software and other resources management and IT governance systems. The 

main assumption of CMM is that the maturity level, as defined through CMM, should correspond 

to the performance of the organization.  

 

Capability maturity derives from the pattern of adopting IT by organization which, according to 

Nolan (1979), is represented by an ‘S curve’. The S-curve model is the most representative model 

for evaluating technology performance. Since there is no clear research on the model, its 

conceptualization is represented by the combination of the diffusion and life-cycle model. The 

diffusion model analyses the process of innovation diffusion (Rogers, 1993), relating it to the 

structure of the market and other characteristics of the economic environment. Initially (1960s – 

1970s) it was dedicated to predicting the speed of innovation, but later (1980s – 1990s) further 

explicatory variables were included. The life cycle model has its roots in the biological cycle of a 

product but can be applied to various management fields (Abernathy & Utterback, 1975; Ford & 

Ryan, 1981; Roussel, Saad & Erickson, 1991).  
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Kuznets (1930) was of the first to recognize that technological change was evolving following the 

S-curve model. Based on the diffusion model, Mansfield (1961) suggested that ‘the representation 

of the temporal evolution of firms that adopted a technology in an industry approaches logistical 

growth function’, symmetrical, in a shape of a positive S gradient, known by Pearl (1925) as 

Pearl’s law. Figure 2 shows a representation of this function (Function 1) where 1, 2, 3 represents 

the three suggested distinct stages the change goes through. The first stage includes great 

uncertainty, risky investments, a slow diffusion and with slow learning and low rate of 

technological change. The second stage includes higher rate of accumulative understanding and 

higher demonstration of results of technological performance. More firms have adopted the 

technology at this stage. At the last stage, the technology is reaching its performance and 

productivity limits and the firms that have adopted the technology are more than the ones who 

haven’t. 

 

 

 

 

 

Equation 1: The S-curve function, following the diffusion model. 

φij represents the rate of imitation, linear function of the 

profitability (πij), the investment volume required (Sij) and a 

contingent variable zij) (Mansfield, 1961). 

 

 

 

Following the life-cycle model, it distinguishes four stages of introduction, growth, maturity and 

decline (left hand-side of Figure 3). Nevertheless, research has shown that not all products follow 

the same life-cycle represented by an S-curve (Cox, 1967; Tellis & Crawford, 1981; Swan & Rink, 

1982). Applying the model to the technological change and in combination with the diffusion 

model, three stages can be distinguished which follow a logistic function as well. In the 

Introduction stage (1) a new product is introduced in the market with one or two firms where 

technology performance increases slowly and sales growth depends on the novelty of the product. 

The Growth stage (2) is defined by wider consumer acceptance, rapid increase in sales, more firms 

in the market and a growing market with vision of expansion through successive technological 

performance rate. The last stage, Maturity (3) is characterized by stable sales, saturated market 

𝜑𝑖𝑗𝑡 = 𝑎𝑖1 + 𝛼𝑖2𝜋𝑖𝑗 + 𝛼𝑖3𝑆𝑖𝑗 + 𝑧𝑖𝑗 

Figure 2:The S-curve, according to the diffusion model 



 

 

23 

 

with many firms, still high demand but limited possibilities of increasing contributions. The 

technology performance rate of the last stage is stable as well (Nieto, Lopez & Cruz, 1998).  

 

 

 

Figure 3: The 4 stages of product life cycle and its comparison to the technology life cycle 

 

Other proposals for digital maturity stages found in the literature include Berghaus and Back’s 

(2016) five linear DM stages, Lichtblau, Stich, Bertenrath, Blum, Bleider, Millack, Schmitt, 

Schmitz and Schröder’s (2015) one-dimensional DM model based on six successive DM stages 

and three linear DM archetypes (newbies – beginners - pioneers) and PWC’s (2016) linear maturity 

path of four archetypes (digital novice - vertical integrator - horizontal integrator – digital 

champion). These scales, stages and archetypes provides a compass for the management to 

understand the position of a firm and the actions needed to be taken. Although the linearity 

suggested does not apply to all firms and industries neither does an ultimate desirable stage of full 

transformation, the validity of it is supported by several information system’s scholars (e.g., Lucas 

& Goh, 2009 - photography; Karimi & Walter, 2015 – newspaper) 

 

For this paper, the S-curve model is followed to define respectively three digital maturity stages: 

Digitally beginning/norming – transforming – maturing 

 

A critical role of IT competence-based theories as mentioned above is to support innovation and 

value creation through digitally enhancing a firm’s existing resources and capabilities and/or 

enabling new ones (Piccoli & Ives, 2005; Drnevich & Kriauciunas, 2011). Considering 

information about future trends is revealed over time, Kauffman et al. (2015) suggest that firms’ 
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management would benefit from deferring technological investments decisions based on 

expectations. Nevertheless, transformation and continuous improvement at strategic and 

operational levels are at the very core of sustainable development, especially when relevant 

transformation approaches and maturity models are reviewed accordingly (Hart & Milstein, 2003). 

 

Organizations that miss the opportunity to participate in such development, risk being suppressed 

by their peers. It, therefore, comes with no surprise that the adoption of DT and its strategic 

implications is of paramount importance to the management of organization and specifically 

financial institutions (Powell and Deant-Micallef, 1997).  

 

 

The financial markets and payments markets are also affected by digitalization, with payments in 

the retail banking sector affected the most (Kemppainen, 2017).  Banks and financial institutions 

in the progressive globalization are as well required to change their operational processes in order 

to compete globally, improve customer service quality, speed, enhance profitability performance 

and reduce operating cost (Randle, 1995). According to EY’s Banking Outlook, in 2018, 82% of 

banks have declared prioritization of their digital transformation programs, in the effort to increase 

their efficiency. Therefore, it is highly important for banks to devote the appropriate resources and 

construct the correct digital transformation strategies in order to improve effectively their 

processes, timely enhancing their maturity towards digitalization.   

 

4.2 Economic Theoretical Background  

 

The section is devoted to examining the economic theoretical fundament relevant for digital 

transformation within the financial service sector and to assess implications and potentials from 

an economic perspective. This section is therewith vital to address the second and third sub-

questions. To fully comprehend the central aspects of digital transformation and digitalization from 

a management economic theoretical point of view with focus on organizations rather than markets, 

several areas within economics will form a base through which digital transformation within 

financial services can be assessed.  
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To understand effects on the economics of financial intermediaries, an understanding of the 

general structure and operations of intermediaries is required. To begin with, a perspective of 

financial intermediation and the emergence of banks will be depicted that relates to the second 

sub-question and aims to create a framework for the ongoing considerations of how digitalization 

relates to the core characteristics and functions of financial intermediation. Therewith, significant 

themes will be discussed which address the third sub-question of this paper.  

 

4.2.1 Banking institutions as financial intermediaries: role and functions  

 

The complex combination of technological and competitive changes can be only understood if the 

features of the financial activities are properly addressed. This section briefly outlines the 

theoretical role of financial intermediation. 

 

Financial markets perform the vital economic function of conveying funds from households, firms 

and governments that have saved surplus funds by spending less than their income to those who 

have a shortage of funds because they wish to spend more than they earn. Funds can move from 

lenders to borrowers via financial intermediary, trusted third party, that stand between the lender-

savers and borrower-spenders and help transfer funds from one to the other (Mishkin & Serletis, 

2011).  

 

During the 19th century, commercial banks emerged in many countries (Westerhuis, 2016). In the 

industrial age, banking was a way to organize the essential elements of the financial system: money 

and credit (McMillan, 2014). For this reason, traditional banking is also often referred to as “the 

creation of money out of credit” (McMillan, 2014). As all businesses, banks make money from 

selling their products. Banks’ products are money and financial products sold to their customers 

(Kushida, 2009). They collect money from customers as a deposit and give money to customers 

as a loan. Thus, when a bank grants a credit, it creates an asset which is depicted by the loan and 

a liability which is delineated by the deposit in the customer’s bank account. Hence, banks act as 

financial intermediaries (Edwards & Mishkin, 1995; McMillan, 2014). In the 21st century, large 

financial service institutions that are covered in this research are defined by multiple businesses 

under one organization, also called universal banks. Retail banks undertake transactions directly 
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with clients, rather than firms or other banks. They offer savings accounts, credit cards, mortgages, 

and personal loans, services that were typical for traditional banking institutions as depicted above. 

Commercial banking or corporate banking deals with deposits and loans from companies. Private 

banking, on the other hand, refers to client service for wealthy individuals and are focusing on a 

personal basis rather than the mass-market covered by retail banking. Investment banking is 

dedicated to serve companies and governments, typically providing financial advisory, debt and 

equity underwriting, capital raising services, as well as issuing and selling of securities (Fasnacht, 

2018).  

 

Thus, financial intermediaries connect various actors in the economy, directly and indirectly, and 

satisfy simultaneously the portfolio preferences of individuals or corporations. The transformation 

of financial titles and claims takes place, scale, risk, and maturity into account (Tobin & Brainard, 

1963).  

 

The banking system is an essential medium through which financial development exerts an effect 

on economic growth. The role of a banking sector is in particular critical for small economies and 

developing countries where bond and equity markets are underdeveloped. A multitude of firms 

highly depend on bank loans as a primary source of external finance. Given the essential role of 

banks in mobilizing savings and therewith lessen the financial constraints of firms to investment 

opportunities in different places of the world, banking sector development is important for 

efficiency of fund allocation and the exercising of sound corporate governance (Tongurai & 

Vithessonthi, 2018). Governance implies rules by which an exchange is administered. For this 

reason, governance is concerned with decision-making, co-ordination, bargaining of transactions, 

guidance and control. An appropriate governance structure has implications for value creation as 

it determines the efficiency of a bargaining process by addressing information asymmetries 

between parties, co-ordination costs, the extent of financial restrictions and the level of alignment 

between parties (Hendrikse, 2003). 

  

The economic theory of transaction costs economics concerns the best governance solution for 

transactions that are characterized by different degrees of asset specificity, degrees of uncertainty 

and frequency of transactions in light of behavioral assumptions such as opportunism (taking 
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advantage of a situation in self-interest) and limited rationality (when a decision-maker is not able 

to collect all aspects of a problem) (Hendrikse, 2003). It was found that where there are two 

independent parties with comparable power (such as lender and borrower or buyer and seller), a 

bilateral governance structure (long-term contract) such as intermediation is an efficient choice for 

specific transactions and to reduce transaction costs (Hendrikse, 2003). It is vital for third parties 

such as intermediaries to perform well and maintain a good reputation and customers trust in order 

to be selected as intermediaries in further transactions. 

 

Transaction costs which are time and effort required to perform a transaction or exchange, 

especially concerning negotiating of contracts (Hendrikse, 2003), can translate into co-ordination 

(e.g. communication of information) and motivation problems (e.g. hidden characteristics and 

unreliable commitment). Financial intermediaries such as banks can substantially reduce 

transaction costs as they developed expertise that decreases costs. Banks can take advantage of 

economies of scales due to their large size that enables to reduce transactions costs per euro of 

transaction as the size (scale) of a transaction increase (Hendrikse, 2003; Mishkin & Serletis, 

2011). For instance, a bank can generate a loan contract by means of a lawyer which can be used 

repeatedly in its loan transactions. Hence, lowering the legal cost per transaction (Mishkin & 

Serletis, 2011).  

 

Most of the transformation services involve some risk and therefore information processing is a 

central feature of financial intermediation and the concept of influence costs (Hendrikse, 2003).  

For example, a single lender may not be able to determine the best investment opportunity with 

the highest possible return to a certain risk just as to estimate the solvency of the creditor. Financial 

intermediation can facilitate this transaction. On the one hand, a financial intermediary solves 

information problems, such as asymmetric information that is when one party has superior 

information, by acting as an agent for the debtor and aids to find the best possible investment 

opportunity. On the other hand, the intermediary acts as agent for the borrower by monitoring and 

assessing the lender and its ability to meet payment obligations (Beck, 2001). Hence, banks as 

financial intermediary screen and monitor in order to resolve asymmetric information problems 

which contributes to efficiency (Hendrikse, 2003; Weyman-Jones, Boucinha, Kenjegalieva, 

Ravishankar, Ribeiro & Shen, 2010).  
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In addition, the exposure of investors to risk and uncertainty about returns can also be reduced 

through risk sharing by financial intermediaries. Banks create and sell assets according to their 

customers’ risk appetite.  Moreover, the intermediary can use the fund they acquired from selling 

assets to purchase higher risk assets. Therewith, they can earn profit on the spread between the 

return they earn on risky assets and the payment they undertake on assets they have sold. Due to 

low transaction costs, risk will be shared at low cost in this approach (Mishkin & Serletis, 2011). 

The pooling of loans and deposits (diversification), moreover, reduces credit risk (risk of default 

of debt arising from a borrow failing to repay) and liquidity risks (risk that a company or bank may 

be unable to meet short term financial demands) (Weyman-Jones et al., 2010). 

 

The presence of transaction costs in financial markets show as to why financial intermediaries 

have a vital role in financial markets. Financial intermediaries have the possibility to reduce 

asymmetric information between borrow and lender as well as decreasing adverse selection 

(picking undesirable outcomes due to incomplete information prior to a transaction, e.g. selecting 

a risky transaction) and moral hazard (the risk that the transaction participants engage in 

undesirable actions after the transaction has occurred, e.g. not paying back a loan) and, 

consequently, increase economic efficiency (Mishkin & Serletis, 2011) (depending on the 

operating environment, including regulation, property rights and ownership structure that will not 

be explored in this paper) (Weyman-Jones et al., 2010).  

 

Summing up, financial intermediation implies the demand and supply of financial assets and 

liabilities, the administration of accounts, the riskless matching of preferences of borrowers and 

lenders just as the demand and supply of non-tangible assets and liabilities such as collateral, 

information and advice. Consequently, financial intermediation is economically important since it 

significantly reduces transaction costs, enables risk sharing, solves information problems, enables 

efficiency, economic development and stability which are a vital requirement for sustained 

economic growth (Mishkin & Serletis, 2011).  
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4.2.2 Implications of digital transformation on banking institutions  

 

Many of the financial innovations related to digitalization and banking cannot be observed through 

the lens of the traditional buyer-seller industrial organization approach. Subjects such as its impact 

on the profitability of banks, the protection of borrowers and investors, and the importance of new 

market entrants need to be assessed. Therefore, this section provides an assessment of how 

digitalization fundamentally alters the structure of intermediation and therewith the financial 

service sector while simultaneously maintaining core functionality characteristics of 

intermediation.  

 

The traditional role of banks in financial intermediation has been transforming assets. Meaning, to 

make long-term loans and fund them by issuing short-term deposits. However, the economic 

environment changes owing to financial innovations that have created a more competitive 

environment, leading the banking industry to transform and traditional banking business to 

decrease. Even though the share of traditional banking activities decreases for universal banks, 

Mishkin & Serletis (2011) note that other non-traditional business lines may increase and therewith 

keep profitability of banks high. The decline of traditional banking may be due to technology 

(Mishkin & Serletis, 2011), digitalization and new entrants.  

 

For centuries, many financial transactions required physical presence. This has changed with the 

rise of automation and modern communication techniques. Digitally advancements remove the 

constraints of time and place. It enables customers to do all their financial business without 

entering a local branch of a bank (place) by using, for instance, digital wallets, online or mobile 

banking at any given time (in contrast to closing hours of branches – time aspect). Many of the 

new services are provided by multi-sided platforms where network economies and quantity 

relations are essential. Banks will interact with new players such as Fintech businesses in various 

forms from competition to cooperation (Consoli, 2008; Carbó-Valverde, 2017). 

 

An essential feature that digitalization accompanies is the reduction of transaction costs (Tunay, 

Tunay & Akhisar, 2015). Digital technology has the power to reduce the costs of coordination, 

communication and information processing and likewise to increase the number of transactions of 



 

 

30 

 

electronic money (economies of scales) (Hendrikse, 2003). Electronic transmissions are less 

expensive, faster and simpler than conventional payment systems. Lower transaction volumes at 

physical branches and reduced costs of facilitating transactions digitally create a strong incentive 

for banks to reduce their branch network that decreases operating costs. Furthermore, acquiring 

customers digitally is relatively cheaper compared to physical mailing. This, in turn, also implies 

reduced customer switching costs to a competitor (Gomber, Kauffman, Parker & Weber, 2018). 

Yet, digitalization and electronic money implies less physical money. While the exchange of 

physical money has the attribute to be easily verified, in an exchange of electronic money one 

party could claim that it was not spent after all. Therefore, banks as intermediaries are essential to 

provide trust and security for transaction validity (Hoepman, 2010).  

 

In addition to that, complex technologies and digital transformation are difficult to imitate by 

rivals. This positively influences a companies’ ability to protect and appropriate expected value 

from digital innovations and digital transformation. However, it also implies that a company 

mandates over a higher tacit or implicit knowledge base which raises complexity and entails that 

one party has superior information (Hendrikse, 2003). That, in turn, increases information 

asymmetries for investors and customers. The higher level of information asymmetry may give 

rise to an added incentive to inform customers and investors about strategies and implementation 

progress (Wyatt, 2005). On the contrary, increased information asymmetry may lead to moral 

hazard behavior from, for instance, lender that leads to decisions in his/her interest.  

 

A response to those mentioned information asymmetries may, on the other hand, be that financial 

institutions limit financials' access through higher interest rates or, on the other hand, solely reject 

loans due to limited information about the borrower’s credit worthiness which can be described as 

a hidden characteristic problem (Houben & Kakes, 2002). Characteristics differ from individual 

to individual but cannot be observed by a bank. While raising interest may raise a bank’s profit, it 

can also drive low risk customers away, only leaving bad risk customer that are willing to pay a 

higher interest and have higher default rates. Consequently, the average interest may overall 

increase and will result into lower profits for the bank (adverse selection effect) (Hendrikse, 2003).  
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However, in the information age, financial intermediation will face an increase in data processing 

(big data and analytics) and new delivery channels. While improved information collection can 

raise efficiency of resource allocation it can also lead to reduction of uncertainty, decreasing 

screening costs (e.g. monitoring credit history) just as to a reduction of resource costs that occur 

by the identification of investment opportunities. Therewith, benefiting investors and overall 

economic financial growth and development, including innovation creation (Benfratello, 

Schiantarelli & Sembenelli, 2008). Many of the new digital relationships are expressed with 

channels increasingly based on multi-sided platforms and networks. Thus, in seller-buyer 

interactions, network economies will become vital. In multi-sided markets, network economics 

cause a decrease in marginal costs. Prices and quantities on one side of the platform affect prices 

and quantities on other side of the platform (Carbó-Valverde, 2017). Carbó-Valverde (2017) raises, 

however, concerns regarding the existence of barriers for banks to utilize information-based 

technologies and platforms to its full extent since confidentiality and information is essential for 

banks’ reputation and when dealing with systemic issues such as financial stability (Carbó-

Valverde, 2017).  

 

Furthermore, financial intermediaries with new digital channels may reduce risks such as credit 

risk (default of debt arising from a borrow failing to repay) due to increased information processing 

whereas additional new risks types arise. For instance, such risk can be operational risks owing to 

information technology failures or cyber-risks caused by data breaches. Consequently, the amount 

of data financial service players needs to protect raises.  

 

Further, new disruptive start-ups are entering the financial market and intensify the competition 

among financial institutions. However, it is claimed that traditional players can have an advantage 

due the wealth of information and trust they already hold. Nevertheless, since banks are imposed 

to strict regulation that are not further explored in this paper, new entrants may be able to take 

higher risks and react more flexible than established financial institutions (Weyman-Jones et al., 

2010). This can, on the one hand, conclude into superior performance (and gained market share) 

or lead to a contrary effect of making great losses for the start-ups (diminishing their market power 

and emphasizing the trustworthiness of established players). New competitive environments may 

also contribute to a reduction in the traditional banking business as competition forces banks to 
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create new varieties of service offerings for their customers. However, digitalization can for this 

reason, additionally, contribute to establish novel value adding products and services. Hence 

impacting a bank’s financials positively.  

 

It can be concluded that in respect of digitalization financial intermediaries will remain critical in 

financial markets. Owing to digitalization, transaction costs and credit risks can be further reduced 

while new risks may arise. Financial intermediaries keep adding to (transfer) efficiency even 

though new sources of information asymmetry can arise from digital transformation. That increase 

in information asymmetry may, however, potentially be offset through efficiency gains in 

information collection and analytics just as their already established advantage due to the wealth 

of information and trust they hold about and from customers and investors. Furthermore, 

intermediaries are essential to provide trust and security for transaction validity. In alignment with 

that their role in reducing information asymmetries, moral hazard and adverse selection continues 

to be crucial with digitalization. 

 

4.2.3 Economic stock and flow concept  

 

The following subsection describes the economic concept of stocks and flows that will be essential 

to construct a digital maturity measure and answer sub-question four and five.  

 

The Post-Keynesian Stock Flow Concept (PK-SFC) is based on works of Wynne Godley and 

James Tobin. The model consists of a monetary flow that is accordance with the double-entry book 

keeping (recorded as payment in one sector and as a receipt for another sector) and financial stock 

which is recorded as an asset for a sector and a liability for another sector (Caiani, Godin & 

Lucarelli, 2014).  

 

In respect to digitalization this approach can be simplified. A strategic asset can be accumulated 

by choosing appropriate flows over time. A fundamental distinction between stocks and flows can 

be described by the “bath” tub metaphor: at any moment, the stock of water is indicated by the 

level of water in the bathtub. It is the cumulative result of water flows into the tub and out of it 

(water leak).  
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In the example of digitalization, the amount of water in the tub represents the digital stock. Digital 

spending and digital investment represent the water inflows whereas the water outflow or leak may 

be depicted by depreciation or amortization (Dierickx & Cool, 1989). Dierickx and Cool (1989) 

note that while flows can be amended immediately, stocks cannot. Therefore, appropriate choices 

about strategic flow variables with view on the strategic stock is critical to digital strategy 

formulation. In this respect, sustainability of the stock should be taken into account with 

consideration to stock imitation, stock interconnectedness to other stocks, stock erosion in absence 

of maintenance, vulnerability to substitution by different stock and opportunity costs (Dierickx & 

Cool, 1989).  

 

From a financial accounting point of view, the balance sheet holds assets and liabilities at a 

particular point in time what delineates the stock position. The difference between balance sheets 

over time and the cash flow statement depict the flows that consist of the evolution of the stock 

(Patterson & Stephenson, 1988).  

 

The stock and flow concept described above can be utilized in various ways. However, the notion 

of stock and its strategic importance together with the attribute that all stock and flow variables 

are presented on financial accounts and can be quantitatively measured renders this approach to 

be attractive to measure digital maturity.  

 

4.3 Finance Theoretical Background  

 

After identifying the concepts of digital transformation and maturity and the economic theoretical 

background of financial intermediation, this section is focuses on how digital maturity can be 

quantified and measured through banks’ financials. It therefore examines the finance theoretical 

background for digital transformation which links to the 4th sub-question.  

 

In detail, appropriate ways to measure digital maturity in a quantitative manner will be assessed 

and outlined, connecting the theory of digital transformation to the accounting line items and 

accounting finance theory. Thereafter, different ways to measure financial performance of banks 

will be outlined and suitable ones selected, encompassing how these measures can identify whether 
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digital transformation is a change factor for performance. This will bring this paper a step closer 

to derive a testable hypothesis.  

 

4.3.1 How to measure digital maturity: a concept of stocks and flows 

 

Digital transformation (DT) is a factor for increasing productivity and reducing cost within banks. 

This section will attempt to identify the ways DT has been measured so far in order to deduce an 

appropriate proxy for the purpose of this paper. 

 

4.3.1.1 Empirical findings on digital transformation measures 

 

In section 4.1, looking at DT/DM from a strategic and organizational point of view, the importance 

of measuring stages of transformation and maturity levels was highlighted. Although Remane, 

Hanelt and Wiesbock’s (2017) research paper revealed various approaches to measure DM, the 

majority of the literature focuses on organizational and strategic aspects, lacking the effect of 

digitalization on financial performance. 

  

Pham (2010) in his research for the effects of digitalization in SME focused on measurement of 

the firms’ DM around the biproducts of ICT (i.e. policy, infrastructure-hardware, applications-

software and human resources with related knowledge), suggesting that these variables can 

measure the contribution of digitalization to business activities from an operating level to top level 

management. Relating digital transformation to innovation, Gerguri-Rashiti, Ramadani, Abazi-

Alili, Dana and Ratten (2017) identified as maturity measures the entire innovation process cycle 

such as R&D expenditures, patent costs and product development. They simultaneously recognize 

the limitations of those, namely that R&D expenditures are not the only resources used in the 

innovation process just as that the number of patents and product development do not show 

positive or negative effect. Grant (2016) in his classification scheme of resources, measures IT 

resources as tangible (physical infrastructure), intangible (applications, customer orientation and 

synergy) and human capabilities (technical and managerial skills). 

  



 

 

35 

 

Remane et al. (2017) used the above-mentioned IT capability metrics and formed a framework 

where digital maturity is measured based on the firms’ IT budget as well as employee's IT skills, 

conducting a partial quantitative and theoretical investigation. Kotarba (2017) utilized the Oxford 

Economic and Accenture’s Digital Density Index to identify (1) plant, property and equipment, 

(2) labor and (3) liquidity as input sources of digitalization and for digital maturity. The McKinsey 

Global Institute’s (MGI) Industry Digitalization Index, further, identified (1) assets, (2) usage and 

(3) labor as KPIs of digitalization. Manyika, Ramaswamy, Khana, Sarrazin, Pinkus, Sethupathy 

and Yaffe (2015), who constructed the MGI’s Digitalization Index, attempt to specify the three 

groups of metrics that are (1) assets such as digital spending on ICT hardware and IT services as 

well as digital asset stock comprising  the accumulated outcome of the spending; (2) usage, the 

number of digital transaction and interactions with other firms and customers; and (3) labor which 

is the digital spending and deepening of digital knowledge of employees as well as the number of 

digital tasks per employee.  

  

The financial services industry, particularly dedicated to technological adoption and 

transformation (Evangelista, 2000), can measure the impact of digitalization through growth in IT 

capital per unit of labor, capital flows increase and productivity of IT systems according to 

Muhammad, Gatawa and Kebbi (2013). Being the biggest ICT spender industry worldwide, 

according to Gartner (2017), it is of outmost importance to banks to measure their level of digital 

implementation and transformation and particularly the effect of those high investments on 

financial performance. 

   

4.3.1.2 Key line items to measure DT/DM 

 

The sub-section presents assessed variables to measure digitalization. Namely, stock of Intangible 

Assets (IA) and flows of Investments in Intangible Assets (IIA) and IT Spending (ITS). 

 

Scholars proposed several concepts to measure digital maturity. Dierickx and Cool (1989) first 

used the concept of stocks and flows in order to measure non-tradeable, intangible assets such as 

the firm-specific R&D capability (as opposed to a specific tangible technology) and relevant flows 

that, accumulated, build the stock. The flows are flexible and adjustable in time whereas the stocks 
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are not. As mentioned in section 4.2, Godley and Tobin connect the stocks and flows concept with 

monetary cash flows (double-entry book keeping) which leads to financial stocks as assets and 

liabilities (Caiani et al., 2014). 

  

In connection to the resource-based view and the role of IT/ICT as a resource, mentioned in section 

4.1, digital assets are resources for a firm and are responsible for its digital 

transformation/maturity. According to Amit and Schoemaker (1993), all resources are defined as 

stocks of available factors owned or controlled by the firm and converted to final products/services 

through processes (firm-specific, information-based, tangible or intangible) of accumulating of 

other resources (e.g. technology, management, information systems etc.) with a specific scope.  

 

Muhammad et al. (2013) found that IT is contributing to firm performance through investments in 

IT equipment and growth in IT capital per unit of labor. Barua, Kriebel and Makhopadhyay (1995) 

measured IT as an intermediate variable leading to profitability. Investments in IT can, on their 

own merits, comprise a tangible resource (e.g. IT assets) or an intangible capability (e.g. IT 

hardware or digitally enabled capabilities) (Drnevich & Croson, 2013). 

  

Intangible inputs, commonly referred to as “knowledge assets” (in economic literature) or 

“intellectual assets” (in business management literature), are considered assets if they bare future 

benefits. In the context of digitalization, intangibles are software applications and databases in 

which knowledge is embedded (Thum-Thysen, Voigt, Maier, Bilbao-Osoria & Ognyanova, 2017). 

Furthermore, ICT infrastructure consists of the physical ICT asset stock (McKienney, 1995). In 

industries such as the financial service sector intangible assets are considered a capital stock (Rao, 

Agrarwal & Dahlhoff, 2004; Gleason & Klock, 2006; Fukui & Ushijima, 2007) and they are used 

in order to value the performance of the flows embedded.  

  

The value of intangible assets (IA) is recognized as a major contributor of the RBV and a key 

driver of superior performance. It is connected to capabilities and to IT systems with the scope of 

improving transaction costs and customer performance (Winter, 1987). However, Intangibles are 

complex and difficult to measure as accounting reporting practices may not capitalize immaterial 

assets built from IT spending. Moreover, often firms do not provide separate estimates of costs 
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originated in operational expenses (Wyatt, 2005). Complicated accounting rules and lack of 

consistency on application of those rules from firms may lead to mismeasurement and misreporting 

issues (Lev, 2003).  

  

IA is determined as proxy for digitalization stock. The value of those assets is affected by the flow 

that comprises them. Capital intensity is one of the factors affecting IA as a proxy for investment 

opportunities (McConnell & Servaes, 1990). It has been proven from Grenadier and Weiss (1997) 

that firms with higher expenditures in technology accumulate valuable asset stock. Therefore, such 

expenditures should be viewed as investments in asset stock of intangibles; a notion supported 

from Telser already 25 years ago who used the example of (the flow of) advertising expenditures 

resulting in brand recognition which is as well an intangible asset (Grenadier & Weiss, 1997). 

 

According to Basu, Fernal, Oulton and Srinivasan (2003) as well as Oliner, Sichel and Stiroh 

(2007), in order to estimate IT-related IA, the IT capital (spending flow) requires to be combined 

with the flows of IIA to the production function of the firm. Therefore, the flow of ITS contributes 

to the stock of IA. Moreover, Bresnahan, Brynjolfsson and Hitt (2002) just as Brynjolfsson and 

Hitt (2000, 2003) argue that IIA can only yield productivity when combined with ITS to 

complement the flow resulting to IA. This is further supported by Wyatt (2005) who found that IA 

and IIA are negatively correlated as the intensity of the investment automatically results in a higher 

stock and vice versa.  

 

 

Concluding the above, that from a digitalization perspective, digital spending and investments 

delineate crucial flows that are depreciated in value through amortization of intangibles. The 

remaining intangible asset represent the stock of IT knowledge, software and other non-tradeable 

applications (Dierickx & Cool, 1989). Consequently, the flows of ITS and IIA were assessed and 

chosen as the flow variables that increase the asset stock of IA. Altogether, the stock and flow 

represent the variables with which the digital maturity of banks is determined.  
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4.3.2 How to measure performance in banking 

 

This part presents the literature on performance measures in banking and focuses on how 

researchers suggest measuring bank performance in connection to IT/ICT and, consequently, 

digitalization. Thereafter, it is focused on accounting performance measures, specifically, the ones 

employed in this paper. 

 

4.3.2.1 Measures of performance in banking 

 

Bank performance evaluation is a multiplex process where literature expresses different opinions 

on how it is best measured. Malhotra & Singh (2009) emphasize that it involves assessing the 

interplay of the external and internal environment (operations and activities, respectively) that 

consists of different measures such as size, profitability, financial patterns, economic and 

operational efficiency, asset quality, diversification and cost of operations. 

 

Profitability is the most common measure to evaluate performance and is simultanously the most 

difficult attributes of a bank to conceptualize (Ross, Westerfield & Jeffrey, 2005). Basic 

profitability financial ratios assess the bank’s ability to generate earnings after considering all 

expenses and income taxes, efficiency of operations, pricing policies, assets and shareholders 

(Islam, 2014).   

 

This is aligned with Muhammad et al. (2013) who identified ROA and ROE as the most widely 

used measures of performance in banking. According to their research, this is also supported by 

Ahmed and Khababa (1999). Additionally, they add to ROA and ROE, the market measure of the 

percentage change in earnings per share in combination with the independent variables of business 

risk, market concentration and market size. The size of a bank combined with business risk and 

bank size were found to be their major determinants of bank performance. However, Abdulsalam 

and Abdullahi (2008) support the claim of the competition-inefficiency hypothesis which outlines 

that an increase in competition may cause a decline in bank efficiency (Boot & Schmeits, 2005).  
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4.3.2.2 Measures of financial performance in connection to IT/ICT 

 

There is great research regarding changes in digitalization within firms and how these have 

affected performance. Nevertheless, the current literature focuses primarily on the organizational/ 

managerial aspect of performance by measuring the effects through organizational change 

management and process management and by conducting questionnaires directed towards the 

management of those firms. 

 

Bharadwaj (2000), in his effort to measure the effect of IT on performance, used a single 

benchmark firm per IT-leader firm on comparable criteria's such as the size of the same industry. 

Kwon (2007) measured the performance effect of IT using growth, market competitiveness, 

customer relationship, partnerships with providers and operational efficiency in the firm through 

interviewing the CIO, IT support and maintenance as well as IT outsourcing. Five years later, 

Campbell (2012) identified the greater impact of IT investments, based on Kwon’s measures, on 

financial performance measured by return on sales (ROS), operating income to assets (OI/A) and 

the ratio of costs of goods sold to sales (COGS/S).  It was also identified the effect of time on those 

variables. Specifically, the fact it takes one year for IT investments to show effect on ROS and 

COGS/S and three years to maximize the benefits on such measures. In addition, it took three years 

to show initial impact in OI/A and four for maximum effect of IT investments. Moreover, IT 

business value literature uses primarily return on assets (ROA) and return on sales (ROS) as 

measures of firm profitability (Cron & Sobol 1983; Strassman, 1990; Weill, 1992; Hitt & 

Brynjolfsson 1996;).  

 

4.3.2.3 Key line items & financial measures of performance 

 

Considering the above-mentioned literature, the financial measures of performance employed in 

the paper are the three established profitability ratios of Return-on-Assets (ROA), complemented 

by Return-on-(Invested)-Capital (ROC) and Operating Margin (OM) as well as the calculated 

efficiency ratio of Cost-to-Income (CI) 
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ROA:  Is a comprehensive measure of overall bank performance from an accounting perspective 

(Sinkey, 1992). It shows the ability of a bank to acquire deposits at a reasonable cost and invest 

them in profitable investments or its ability to convert its assets into earnings. I.e. how much profit 

a firm is able to generate for each dollar of asset invested after deducting all expenses and taxes 

(Grinyer & Norburn, 1975; Ahmed, 1999). It is a measure that can easily be correlated to other 

measures of profitability and is a primary indicator to managerial performance. It is calculated as 

a ratio of: 

𝑅𝑂𝐴 =
𝑁𝑒𝑡 𝐼𝑛𝑐𝑜𝑚𝑒

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
∗ 100 

 

The higher the ratio, the more efficiently the bank is utilizing its assets and vice versa. It can be 

increased by banks either by increasing the profit margin or by increasing the asset turnover. But 

the management cannot increase both at the same time due to competition and trade-offs between 

the two (Muhammad et al., 2013).  

 

ROC:  According to Damodaran (2007), ROC measures the return earned on capital invested in 

an investment. It indicates how effective a company is in turning capital into profits. It is usually 

calculated as:  

 

𝑅𝑂𝐶 = {
𝑁𝑒𝑡 𝐼𝑛𝑐𝑜𝑚𝑒 (𝑙𝑜𝑠𝑠𝑒𝑠) + 𝑀𝑖𝑛𝑜𝑟𝑖𝑡𝑦 𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 + 𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝑒𝑥𝑝𝑒𝑛𝑠𝑒𝑠 ∗ [1 − (

𝐸𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 𝑡𝑎𝑥 𝑟𝑎𝑡𝑒
100

)]

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑜𝑓 𝑇𝑜𝑡𝑎𝑙 𝐶𝑎𝑝𝑖𝑡𝑎𝑙 (𝑖𝑛𝑣𝑒𝑠𝑡𝑒𝑑)
} ∗ 100 

 

where the numerator represents the operating income at time t multiplied with (1-tax rate) and the 

denominator by the book value of average invested capital at time t-1. 

 

It is worth noting that: (1) Contrary to other profitability ratios, ROC uses operating income (2) 

which is adjusted to reflect an effective or marginal tax rate, (3) using book values instead of 

market values of capital at the denominator in order to reflect the amount of initial capital invested 

to generate the return. The capital invested of the denominator is calculated using book value 

because ROC measures the return earned on the capital invested in existing assets, assuming the 

book values of debt and equity measure this capital investment effectively (below, the formula of 



 

 

41 

 

Capital Invested). Finally, (4) it can also be calculated using the invested capital during a given 

year (rather than the average of invested capital) in order to reflect how well the bank is generating 

the operating return per unit of invested capital (Damodaran, 2007). For the scope of this paper, 

the measure of ROC derives from Operating Income in the numerator and Capital Invested in the 

denominator.  

 

𝐶𝑎𝑝𝑖𝑡𝑎𝑙 𝐼𝑛𝑣𝑒𝑠𝑡𝑒𝑑 = 𝐹𝑖𝑥𝑒𝑑 𝐴𝑠𝑠𝑒𝑡𝑠 + 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐴𝑠𝑠𝑒𝑡𝑠 + 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠 − 𝐶𝑎𝑠ℎ

= 𝐹𝑖𝑥𝑒𝑑 𝐴𝑠𝑠𝑒𝑡𝑠 + 𝑁𝑜𝑛 𝑐𝑎𝑠ℎ 𝑊𝑜𝑟𝑘𝑖𝑛𝑔 𝐶𝑎𝑝𝑖𝑡𝑎𝑙  

 

OM:  Net operating margin is a ratio used to measure a company’s pricing strategy and operating 

efficiency in percent. It is calculated as: 

 

𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔 𝑀𝑎𝑟𝑔𝑖𝑛 =
𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔 𝐼𝑛𝑐𝑜𝑚𝑒 (𝑙𝑜𝑠𝑠𝑒𝑠)

𝑇𝑜𝑡𝑎𝑙 𝑅𝑒𝑣𝑒𝑛𝑢𝑒
∗ 100 

 

The operating income to assets (OI/A) and operating income to sales (OI/S) ratios focus on 

operating returns only and exclude incomes earned by the firm from other sources such as interest 

income and income from other extraordinary sources (Bharadwaj, 2000). Therefore, it is a relevant 

measure for the purpose of this paper as it is focused on operating activities (specifically, ITS and 

IIA) and their effect on performance.  

 

CI:  Measures the income generated per unit of cost. That is how expensive it is for the bank to 

produce a unit of output. In managerial aspects, it shows how much income a manager needs to 

efficiently operate the bank with as low cost as possible for income generating operations 

(Muhammad et al., 2013). It is an efficiency-inverse ratio where the higher the ratio, the worse the 

perceived efficiency (Scott et al., 2017). The lower the ratio, the more income can be generated 

for the given costs of the bank.  

 

𝐶𝑜𝑠𝑡 𝑜𝑡 𝐼𝑛𝑐𝑜𝑚𝑒 (𝐶𝐼) =
𝑇𝑜𝑡𝑎𝑙 𝑁𝑜𝑛𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝐸𝑥𝑝𝑒𝑛𝑠𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑁𝑜𝑛𝐼𝑛𝑡𝑒𝑟𝑒𝑠𝑡 𝐼𝑛𝑐𝑜𝑚𝑒
− 1 
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Since CI is not a measure banks are obliged to report according to regulation, it is on the discretion 

of each bank to report it.  

 

 

As a conclusion, the profitability ratios of ROA, ROC and OM along with the efficiency ratio of 

CI are the most suitable for measuring performance, specifically in the banking sector. Through 

those, performance levels can be connected to the previously mentioned digital maturity variables, 

retaining a low-level effort for management to evaluate the developing and profitability of the 

employed digital strategy as well as the efficiency of their operations in the course of digitalization.   

 

4.4 Empirical Theoretical Background  

 

Empirical studies on digitalization and digital transformation effects remain limited. However, it 

is an emerging research field within academic literature. Having established the scope of 

theoretical aspects of digital transformation above, this section is devoted to review the empirical 

foundation relevant for the research question of this paper. The section is in particular relevant as 

it provides important findings necessary for the development of testable hypothesis for the fifth 

sub-question.  

 

Summarizing the central findings of the previous sub-questions of this paper, it has been 

established that digitalization and digital capabilities that include investments in information 

technology (tangible resources) just as intangible assets (intangible resources) and personnel has 

been a vital notion for corporations in recent time to improve efficiency, profitability, a firm’s 

comparative advantage and to create value. Moreover, financial intermediation is fundamental for 

transaction efficiency and fund allocation within the economy and impacts, together with digital 

transformation efforts, efficiency and profitability in a positive manner. It has been found that 

digital maturity degrees describe digital levels a company currently resides in. Further, that each 

stage is subject to different performance levels.  

 

The following section is relevant to provide empirical methodological justification for the fifth 

sub-question and hypothesis development.  
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4.4.1 Empirical findings on firm performance based on information technology 

 

This section is devoted to review findings concerning information technology whereas the next 

section will review digitalization and innovation on firm performance.  

 

The productivity paradox, i.e. the relationship between IT investment ad firm performance or 

productivity gains, has been a key concern for researchers and practitioners. Literature did not find 

an ultimate effect. Some studies found both positive effects whereas others found no effect on firm 

performance.  

 

As per example, empirical studies from Floyd and Wooldridge (1990); Santhanam and Hartono 

(2003) as well as Romdhane (2013) found positive effects from IT/ICT on firm performance 

whereas Kvijärvi and Saarinen (1995) found no effect.  

 

In contrast to this, Beccali (2007) found mixed effects on performance, depicting a profitability 

paradox. Beccali (2007) establishes that a company’s investment in IT software and services has 

a negative impact on the company’s profitability whereas the investment in IT supplied by external 

providers, such as consulting, implementation and support services has a positive impact.  

 

Huang (2011) conducted a study to provide a view on how IT maturity differs with respect to 

strategic organizational context. Huang (2011) conducted a one-way ANOVA that tested four 

different IT maturity states. It was found that higher IT maturity increase IT payoff (strategic 

alignment). This paper will take inspiration from the methodology of Huang (2011) in respect to 

conducting a one-way ANOVA to test the hypothesis. Similar to Huang’s research, this paper 

divides maturity into different degrees and tests the effect on a dependent variable. 

 

4.4.2 Empirical findings on firm performance based on digitalization and innovation 

 

This subsection will outline studies concerning digitalization and innovation. Recent empirical 

studies focus in great extent on the connection between banking/ financial innovation and 

organizational performance for various industries (Muiruri & Ngari, 2014; Akhisar, Tunay & 
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Tunay, 2015; Sujud & Hashem, 2017; Scott, Van Reenen & Zachariadis, 2017) In addition to that, 

there is an emerging body of theoretical research regarding the notion of digital transformation 

and digital maturity and its relation to strategy and organizational performance in recent years 

(Olszewska, Heidenberg, Weijola, Mikkonen & Porres, 2016; Krstic & Tesic, 2016; Dapp, 2017; 

Scardovi, 2017; Reis, Amorim, Melao & Matos, 2018; Hinings, Gegenhuber & Greenwood, 2018; 

Issa, Hatiboglu, Bildstein & Bauernhansl, 2018; Gomber et al., 2018. Remane et al. (2017) found 

that the first source goes back to 2011 and that digital maturity archetypes are to a great extent 

based on one dimension and relying on literature analysis, expert interviews and surveys. Reis et 

al. (2018) notes that after 2016 the number of papers on digital transformation increased 

significantly where 55% of articles where published conference papers and practice reports, thus 

non-academic. Only two studies have been published in peer-reviewed outlets (Remane et al., 

2017).  

 

The above is highlighting the lack of empirical quantitative contributions. Therefore, this paper 

contributes to the academic community by connecting the effects of digitalization to financial 

performance by means of quantitative research.  

 

4.4.2.1 Empirical studies on bank innovation performance 

 

In a recent study, Sujud & Hashem (2017) investigate the hypothesis whether the adoption of bank 

innovations has a positive effect on profitability measured by return on assets (ROA) of 

commercial banks in Lebanon. The employed method is based on questionnaires. The study 

conducts a Multiple Regression Analysis and finds significance of bank innovation affecting 

profitability and return on assets of commercial banks.  

 

Likewise, a similar approach is followed in the study conducted by Muiruri and Ngari (2014) that 

investigates the effect of financial innovation on firm performance of banks in Kenya measured 

by profit margin. Innovation was measured with help of questionnaires. Further, Multiple 

Regression was performed. In alignment with Sijud and Hashem (2017), a significant positive 

effect on performance was found.  

 



 

 

45 

 

Akhisar, Tunay and Tunay (2015) found likewise a positive effect on profitability (ROA and ROE) 

by examining electronic banking products on performance, using a dynamic panel data model. 

Also, DeYoung, Lang and Nolle (2007) substantiate a positive effect of internet banking on 

performance measured by ROA, ROE, Asset growth and Non-interest income.  

 

A positive effect on long-term bank performance, specifically, profitability and efficiency, was 

further established by Scott, Van Reenen and Zachariadis (2017) who explored the impact of the 

adoption of SWIFT, a network-based technology, on ROA, CTI, OM, ROE.  

 

The studies presented above, in connection with findings in 4.3, have established evidence for 

utilizing accounting performance measures within the banking industry and outside. Hence, 

applying a selection of accounting measures in this research may enhance the comparability to 

previous studies such as above mentioned. 

 

4.4.2.2 Empirical determination of strategic groups 

 

Short et al. (2007) provide a study that tests different effects on firm performance from a resource-

based point of view. Three performance determinants were identified that being (1) firm (2) 

strategic group and (3) industry. Performance was measured by return on assets (short-term 

accounting measure), Tobin’s Q (long-term market measure) and Altman’s Z (long-term 

bankruptcy dependency). It is argued that the inclusion of ROA enhances the studies comparability 

with previous variance decomposition studies. The analysis was conducted using ANOVA 

methods whereas the strategic groups were defined with help of a two-stage clustering method 

(both hierarchical clustering and non-hierarchical (k-means) clustering). Short et al. (2007) note 

that a weakness of their study is the short time period of observation since they considered a seven-

year time period only. Importantly, they find that strategic group membership shifts throughout 

the years as firms change strategies and industries mature and decline.  

 

Another study by Lee and Park (2005) tests R&D efficiency of four different country clusters. 

Hierarchical clustering analyzing was applied to find the clusters and thereafter an ANOVA was 

conducted to examine R&D efficiency differences.  



 

 

46 

 

Moreover, the study conducted by Remane et al. (2017) proposes a multi-industry survey-based 

approach to measure digital maturity in two dimensions. Remane et al. (2017) argue that existing 

classification schemes suggest substantial short-comings by being non-academic, non-empirical 

and with focus on one dimension only. For this reason, the dimensions focused on in this research 

were “digital impact” and “digital readiness” identified through interpretation of the survey results. 

To identify empirical maturity cluster, a hierarchical and non-hierarchical clustering procedure 

was conducted. The hierarchical Ward’s method identified that five cluster will be most suitable 

for the data set whereas the predefined number of clusters were further refined by the non-

hierarchical k-means clustering procedure. To further test the relevance of the classification 

schemes the impact of additional variables identified through the survey were tested by means of 

an ANOVA model. Remane et al. (2017) note that a weakness of the study includes the usefulness 

of subjective measures retrieved from the surveys as they are susceptible to individual bias. 

 

This paper will take inspiration from the methodology of Short et al. (2015); Lee and Park (2005) 

as well as Remane et al. (2017) with respect to the group formation using a clustering procedure. 

Since the number of groups is predetermined to be three groups (digitally norming/beginning, 

digitally transforming and digitally maturing) non-hierarchical clustering (k-means) only will be 

applied in this paper. In alignment, validity will be assessed through ANOVA model significance 

tests. More importantly three-time intervals will be formed in order to capture and validate the 

aspect of shifting group memberships.  

 

4.4.2.3 Related work on knowledge and technology 

 

As the methodology of establishing a proxy for digital maturity, using stock and flow variables, is 

central to this paper, additional views and important cornerstones will be outlined as they 

contribute to the methodological considerations associated with the fifth sub-question. The articles 

focus on measuring innovation, knowledge maturity and technology rather than digital maturity, 

but as their methodologies have been instrumental for the development of the research design of 

this paper, they will be discussed briefly.  
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Miranda, Lee and Lee (2011) investigate the components of knowledge management (KM) 

capability and its effect on organizational performance, using a survey to instrument KM capability 

and secondary data to collect financial performance measures. Efficiency will be measured by 

means of return on assets (ROA) and value creation by Tobin’s q whereas KM capability will be 

modelled in terms of a firm’s knowledge stocks and flows. The study conducts a hierarchical 

regression (OLS) and finds positive effects on efficiency and mixed effects on value creation. 

Miranda et al. (2011) notes that a stock displays a strategic asset that can affect a firm’s ability to 

accumulate additional stocks. Knowledge stock may be people, tools and technology. In contrast 

to this, knowledge flows aid acquiring, transferring and leveraging the knowledge stock. The paper 

further distinguishes high, middle and low stocks and flow, being top 45% (high), bottom 45% 

(low) and middle (45% to 55%).  

 

Decarolis and Deeds (1999) provide another study that explores the effect of knowledge stocks 

and flows on firm performance by performing regression models. Firm performance will be 

measured by market value (total market value at the end of the first day trading of a newly public 

firm). Moreover, knowledge stocks or R&D capabilities will be depicted by patent stock that is 

internal to a firm while knowledge flows will be measured by R&D expenditures that streams into 

(and possibly out of) the firm and may eventually develop into stocks of knowledge. The paper 

focuses on the Biotechnology industry and finds mixed results for the impact of R&D intensity on 

firm performance. 

 

Roper and Hewitt-Dundas (2015) provide a study on the role of knowledge and technology stocks 

and flows in shaping innovation success by generating business value. They find a positive effect 

from existing knowledge (patent) stock on innovation outputs whereas knowledge flows have a 

positive effect both on the probability of innovating and innovation success.  

 

A further study conducted by Gomez and Vargas (2012) utilizes technology and marketing stock 

just as personnel qualifications to investigate the linkage between a firm’s technology 

adoption/diffusion and innovation, estimated by a multivariate profit model with focus on 

manufacturing firms. It was found that technology investments increase the likelihood of 

technology usage whereas human capital and marketing partially support this finding. 
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This paper will take inspiration from the methodology of Miranda et al. (2011), Roper & Hewitt-

Dundas (2015), and Decarolis & Deeds (1999) with respect to measuring KM capability using 

stock and flow variables. While this paper focuses on digital maturity or digital capability, it can 

be argued that knowledge and information processing, innovation and technology are closely 

linked notions to digitalization as depicted in above sections. Therefore, the instrumentation of 

digital maturity with help of digital stock (strategic, long-term) and flow (operational, short-term) 

is considered appropriate.   

 

5. METHODOLOGY 

 

The section delineates the motivation for developing the methodology to appropriately address the 

fifth research sub-question and provides rationale for deducing a testable hypothesis. Initially, the 

section provides a motivation for including the fifth sub-question, which is based on the 

conclusions obtained in the first four sub-questions. Secondly, the methodological considerations 

will be thoroughly elaborated on, by describing the data collection, data cleaning and statistical 

model description.  

 

5.1 Hypothesis Development  

 

Based on the outcomes produced by the five sub-questions above, below testable hypothesis is 

deduced, justified by the management theoretical, finance theoretical and empirical foundations as 

outlined in the previous section. The hypothesis will provide an answer to our primary overarching 

research sub-question whether digital transformation impacts accounting bank performance. For 

this reason, the Hypothesis 1 is as follows: 

 

Hypothesis 1:  

Accounting performance of banks differs in regard to the extent of digitalization 

 

Moreover, it can further be distinguished in performance measured led by increased operating 

efficiency and increased profitability. Owing to this, hypothesis 1a and 1b are as follows: 
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Hypothesis 1a: Bank’s operating efficiency measured by cost-income ratio (CI) differs in       regard 

to the extent of digitalization.  

 

Hypothesis 1b: Bank’s profitability measured by return on assets (ROA), return on capital (ROC) 

and operating margin (OM) differs in regard to the extent of digitalization. 

 

5.2 Justifications of Methodology and Scope 

 

The following section will justify the scope and methodologies employed to answer the fifth 

research sub-question and provide reasons for relevance. The proposed methodological approach 

to answer the fifth research question will be justified based on insights from the management, 

economic, finance theoretical and empirical review. The methodologies have been selected to 

achieve the highest degree of reliability and validity. The objective of this section is to outline how 

the insights from the above-mentioned reviews form the foundation for deriving the testable 

hypothesis that financial performance based on accounting measures differs in regard to the extent 

of digitalization.  

 

5.2.1 Management theoretical justifications  

 

In section 4.1, it was found that, following the resource and knowledge-based views, a digital 

transformation strategy and digital capability is vital to the success of digital transformation 

initiatives. Existing available resources should be used in the most effective way, knowledge 

should be transferred to employees (in the form of trainings etc.) and the appropriate digital 

transformation strategies should be employed in order for organizations to reap the benefits of 

digitalization. For the management to ensure the correct decision making, the measurement of 

digital maturity is important.  

 

In order to understand the effect digital maturity has on the firm, Mansfield’s S-curve model is 

deployed. The S-model and the three evolution stages concept of maturity are used to further define 

the digital maturity stages in order to observe its effects in financial performance of banks. 
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5.2.2 Economic management theoretical justifications  

 

It was found that financial intermediation is critical for transfer efficiency and fund allocation 

within the economy. In sight of digitalization the role and functions of financial intermediation 

remain crucial, stressing the financial sectors’ active role in promoting growth (Caiani et al., 2014). 

A central conclusion of the management economic theoretical review is that the banking sector is 

essential for risk sharing and reduction, information processing and collection, therewith the 

reduction of transaction costs. Furthermore, it plays a vital role in intermediating between investors 

and consumer and enhances efficiency and economic development by providing debt financing to 

new business opportunities and private consumers. The choice to focus on one industry being the 

financial service sector can therefore be verified and adds to external validity. 

 

The described stock and flow concept provide validity by delineating the financial and strategic 

importance to measure digital maturity by means of digital stock and digital flows.  

 

5.2.3 Finance theoretical justifications  

 

The finance theoretical section established a view on the most important accounting performance 

measures for the financial service sector in light of digitalization. By performance the focus is put 

on the operating efficiency and profitability, subsequently leading to the two before mentioned 

hypotheses. In order to test the effects on operating efficiency and profitability, four main ratios 

were recognized to be appropriate: CI, aiming to test the operating efficiency of the banks since it 

is calculated by using the non-interest (operating) income and expenses. Furthermore, the 

commonly used ROA, ROC and OM ratios aim to test the profitability effect of the sample’s efforts 

towards digital transformation / maturity.  

 

Accounting as opposed to market measures of performance were used. The choice of the first over 

the second is based on the fact that market valuation of the main proxy for digitalization, IA, tends 

to be higher than the reported assets (Choi, Kwon & Lodo, 2000). Therefore, using market value 

for assessing digital maturity would not reflect the true (book) value of IA for the firm. 

Consequently, if market measures of firm (banks’) performance had been used, a similar issue of 
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discrepancy would have been encountered. Market performance values tend to change based on 

market information (Bodie, Kane & Markus, 2014), presenting a different performance not 

connected to operating efficiency deriving from digitalization. 

 

The analysis in this paper is, further, based on financial hard measures, including a stock variable 

which depicts long-term strategic value. Since soft measures such as the assessment of company 

strategy and digital roadmap can be sensitive to subjectivity, it is assumed and supported that 

digital strategies of the companies covered by the sample are reflected in the aggregation of 

financial intangible asset stock. 

 

5.2.4 Empirical justifications  

  

The research design of this paper is empirically justified in terms of the methodology of choosing 

the selected performance measures, using a clustering procedure and ANOVA model to test the 

hypothesis and enhances therewith construct validity. Furthermore, in the empirical review, it was 

established that a study on digitalization or digital transformation with respect to a quantitative 

approach is showing to be a current research gap.   

 

5.3 Effects of Digital Transformation Efforts on Accounting Performance 

 

Based on the conclusions reached by the first four sub-questions of this paper, a testable hypothesis 

is deduced which is justified based on the strategic management, management economic, finance 

and empirical theoretical foundations as outlined in the previous section. The hypothesis of this 

paper is that accounting performance of banks differs across digital transformation levels. The 

following sections will outline the employed methodology to investigate if digital transformation 

in fact impacts firms accounting performance. To begin with, the data collection, data cleaning 

and data preparation will be depicted. Especially, the approach through which clusters were formed 

is elaborated upon as great consideration must be devoted to this process as it underlines the 

assumption that different levels of digitalization have different impact on performance. 

Subsequently, the model employed and its associated aspects will be discussed.  
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5.3.1 Data collection  

 

There are two different types of data, theoretical and quantitative. Quantitative data consists of 

numeric data, whereas theoretical data consists of non-numeric data. In other words, theoretical 

data comprises of theories, but can also include, for instance, diagrams and pictures. Quantitative 

data, on the other hand, consists of information that can be measured in numbers. Furthermore, 

data used in research can be divided into primary and secondary data. Data is considered to be 

primary when the researcher has collected the data themselves whereas data that already exists is 

called secondary data. Primary data can be collected among other by means of interviews or 

experiments. Secondary data can be collected from public sources such as research papers, 

databases and annual reports (Saunders et al., 2009)  

 

The academic literature for this study is in the form of books, scientific articles as well as reports 

which have been the main sources of information for the literature review. Primary data was not 

produced. 

 

Quantitative data for this research covers financial service companies within Europe only. 

Accounting performance, stock and flow values were collected for the thirty biggest banks in 

Europe according to market capitalization for a time span of twenty years (1997 to 2017). No 

primary data were produced, and only secondary data have been used. The source of the secondary 

data is annual reports of the banks involved retrieved from the banks' sites. The Bloomberg 

Terminal and Morningstar has been used for accessing additional secondary data such as analysis 

of banks' financial reports and KPIs.  

 

Banks included in this paper should be comparable to each other in an accurate manner. As banks 

are not easily comparable in terms of their size, geographical presence and adherence to local 

regulation, a focus in the selection process was given on the 30 biggest banks in Europe according 

to market capitalization in 2017. Europe was chosen due to the coherence of geographic area, 

similar political and regulatory conditions, similar business culture and tradition just as external 

economic factors. Market capitalization is acknowledged by many management scholars to be 

closely associated with profitability. Buzzel, Gale and Sultan (1975) argued that higher market 
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capitalization leads to greater profits due to greater market power and reduced cost. As a result, 

there are larger economies of scales which allow to focus on pursuing of growing opportunities 

(Molyneux, 1993; O’Regan, 2002) that are essential for digitalization efforts. Hadjimanolis (2000) 

who examined innovativeness from the perspective of resources, established that the size of firms 

affects their resources such as ICT, expenditure on training and R&D. Thereby, reducing the ability 

to innovate. Therefore, lower than the 30th ranking banks would have small or insignificant scope 

towards digitalization. Moreover, lower ranking banks did not have sufficient data for the chosen 

timeline. Banks within Europe could have been chosen by other requirements such as total assets, 

book value or number of employees. Looking at the alternative measurements, it was found that 

the largest banks by total assets just as number of employees covered the same financial institution 

which is why the method chosen will result in an equally good comparison of banks, in scale and 

scope.  

 

The accounts extracted for the statistical analysis are namely: Other Intangible Assets (IA) (which 

is Total intangible assets free of Goodwill) from the Balance Sheet; Total Assets (TA) (which is 

the sum of total intangible and total tangible assets), Net Income (NI), Net Revenue (NR), Total 

Non-Interest Income (here OP. INC.), Total Non-Interest Expense (here OP. EX.) and 

Amortization (AM) from the Income Statement; Return on Assets (ROA), Return on Capital 

(ROC) and Operating Margin (OM) as profitability ratios and Number of Employees (Empl.). All 

the above data points were extracted from the Bloomberg Terminal, following the Terminal’s 

estimates for ROC and ROA. The IT Spending (ITS) was extracted from Morningstar. 

 

Since not all of the sample banks have their CI ratio reported for the entirety of the timeline and in 

order to secure homogenous results, CI was calculated using the Total Non-Interest Expenses and 

Total Non-Interest Income which refer to the operating expenses (cost) and income, as also used 

for the identification of digital maturity of the banks.  

 

5.3.2 Data cleaning 

 

Due to incomplete data set for the thirty banks over a twenty-year time period, data cleaning was 

necessary. The primary aspects of the data cleaning process included removing banks with 
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incomplete data points on stocks and flows values. Three out of the thirty banks had incomplete 

data points in regard to stock and flow variables over the time interval applied which is why they 

were removed from the data set, decreasing the scope to twenty-seven banks. The banks that were 

removed from the sample, held previously the 24th, 29th and 30th position in the ranking by market 

capitalization, thus, strengthening the argument that lower ranking banks show lower availability 

of data. 

 

Moreover, the remaining twenty-seven banks showed inconsistencies in reporting. All banks of 

the sample report according to IFRS standards. To elaborate, IFRS were imposed in the EU in 

2005 (ICAEW, 2014) and were followed from the entirety of our sample not before 2007. 

Furthermore, partially incomplete data were found on the flow variables of IT expenses and 

amortization, required to calculate values for IT investment. For this reason, the dataset was further 

reduced from twenty years to nine years, resulting in 1701 data points (two flow variables, one 

stock variable and four performance ratios).  

 

Additionally, banks report their financial statements in various currencies. In order to be able to 

compare the accounting data, all financial data will be converted into euros. The relevant exchange 

rates have been chosen by the date of which their financial year ends (December).  

 

5.3.3 Data preparations  

 

Relevant for the data preparation is the construction of ratios and flow variables used in the k-

means clustering. IIA were calculated as the year-over-year variance in IA plus AM. Furthermore, 

the CI ratio was calculated by dividing OP. EX. over OP. INC.  

 

In order to control for the size of the balance sheets and to be able to compare relatively across 

banking institutions the following ratios were calculated: ITS/OP.EX., IIA/OP.EX., ITS/OP.INC., 

IIA/OP.INC., ITS/NR, IIA/NR, ITS/Empl., IIA/Empl., IA/TA, IA/NR. 

 

Digital stock was estimated by means of IA over TA and IA over NR. The ratio of IA over TA 

signifies the amount of IA the banks have, net of TA growth (Choi, Kwon & Lobo, 2000). The 
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larger the ratio, the more IA the bank has dedicated. Consequently, the more mature the bank is 

towards digital transformation / digitalization. The ratio of IA over NR signifies the amount of 

revenue and income streams, respectively, intangible assets are responsible for (Cañibano, 2018), 

thus, indicating the effectiveness of IA usage in the bank. The larger the ratio, the higher the 

revenue and income generated from the IA, the more mature towards digitalization the bank is. It 

is worth mentioning that all three ratios measuring the stock of IA, are net of the size effect and 

general growth of the bank. 

 

Digital flow was estimated by means of IIA and ITS over NR, over Empl, over OP.EX. and over 

OP. INC. 

 

ITS & IIA as a percent of revenue is the most recognized measure of total IT investment relative 

to top-line business results (Mitra & Chaya, 1996). The value of this measure is that it assists in 

identifying the competitiveness of investment levels relative to the most fundamental measure of 

business performance: revenue. The lower the ratio the better, signifying that little ITS generates 

high revenue. Nevertheless, it is worth mentioning that IT spending as a percent of revenue alone 

does not highlight why spending levels are at, above or below average (which are often 

misinterpreted as "good" or "bad"), nor does it reflect IT 's contribution to business performance. 

Thus, IT spending as a percent of revenue needs to be considered in tandem with other IT intensity 

measures, as well as the context of business objectives, the rate of change and the overall 

circumstances affecting the numerator, as well as the denominator, of the calculation (Gartner, 

2017). 

 

ITS per employee is often used to determine the amount of IT support the average organization's 

workforce receives (Gartner, 2017). The ratio ITS per employee is a commonly employed measure 

of firm size but in this case, it also helps to establish a link between ITS and digitalization levels 

within the context of the workforce that supports revenue, connecting also with the level of 

knowledge advancement in the bank (Bharadwaj, 2000). 

 

IIA per employee is a way to measure how much EUR a company spends on employee training 

and enhancement of brand and software technology. It is of the types of investments in intangibles 
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that financial reports do not include even with respect to expenditures (Lev, 2003). Therefore, the 

higher the ratio the better, as it demonstrates that the company is spending/investing towards its 

employee’s training and increase of knowledge capital as an extend digitalization. 

 

ITS & IIA as a percent of operating expense is another view on IT investment levels in terms of 

their role in overall business spending and investment patterns. While revenue may be subject to 

external market-based volatilities, business operational expenses typically remain arguably much 

more consistent and predictable year over year; thus, it better reflects the overall business 

investment strategy. Typically, organizations with a greater level of IT spending relative to 

operating expense view IT as a strategic enabler, and this can improve business performance and 

productivity levels (Gartner, 2017). Accordingly, higher level of investments in IA over operating 

expenses demonstrate dedication towards digitalization and enhanced business performance. 

 

Further, ITS & IIA over operating income has been calculated. OP.INC. is a short-term financial 

indicator of performance that has been used for decades from executives (Kaplan & Norton, 1995). 

It focuses on operating returns only and exclude income earned by the firm from other sources 

(Bharadwaj, 2000) making a more appropriate measure of the direct value of the investment 

(McKeen & Smith, 1993,1996). The ratio therefore measures the part of OP.INC. which ITS and 

IIA are responsible for generating. The lower the ratio the less spending/investments were needed 

to generating income from operating activities.  

 

In order to be able to compare the ratios across and within years, the ratio results were substituted 

with descending ranks within each year across the 27 banks, with one being the most desirable 

rank, according to the most desirable outcome for each ratio.  

 

5.3.4 Statistical model description 

 

To answer the fifth research sub-question and test the hypothesis that banks performance differs 

with respect to extent of digitalization measured in accounting performance indicators, the usage 

of statistical models is required. The core performance measurements of the models are their ability 
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to provide a micro view of the research hypothesis. This paper will include an k-means clustering, 

a one-way ANOVA model which will be elaborated on in the subsequent sections. 

 

5.3.4.1 Digital Maturity Measure  

 

In the attempt to investigate the effect of different levels of digitalization, resulting in digital 

maturity, on firm performance, a proxy needs to be modelled to adequately describe digital 

maturity. Since digital maturity is not a metric that can be looked up, such as the number of patents 

granted for a company, it must be constructed manually. In literature, there is no consensus as to 

what digitalization and digital maturity encompasses. Moreover, information about a company can 

be gathered either from a quantitative financial view or by means of a theoretical perspective based 

on surveys and questionnaires.  

 

For this study, a quantitative financial view is adapted. Digital maturity is measured by means of 

stock and flow variables which is an adaption of the knowledge maturity/capability measure 

constructed by Miranda et al. (2011) and Decarolis & Deeds (1999). In section 4.3, the most 

appropriate key line items were found and elaborated on regarding digitalization. Those being, 

Intangible Asset (stock variable), IT Spending (flow variable) and Investment in Intangible Assets 

(flow variable).  

 

For the purpose of assessing the digital maturity of the banks included in the sample, ten different 

financial ratios were calculated over the nine years of the sample’s timeline, resulting in 2673 data 

points. As previously mentioned, ratios were computed in order to control for the size of the 

balance sheets and to be able to compare relatively across banking institutions and across years. 

Then the banks were ranked according to the calculated ratios (with one being the most desired 

rank). Thereafter, the timeline of nine years was grouped into three intervals of four years (2008-

2011), three years (2012-2014) and three years (2015-2017), respectively, to account for shifting 

group memberships. Campbell (2012) and Albert (2015) found that shorter regression windows 

are beneficial for faster reactions to new developments and, specifically, it is claimed to take three 

to four year for IT investments to have an effect on financial performance measures.  

 



 

 

58 

 

In order to test the main two hypotheses, the three main ratios were compared among a less 

digitally mature (named Beginning/Norming) group of banks to a transitioning (named 

Transforming) one and a more digitally mature one (named Maturing). The aim of this deviation 

was to define whether digital transformation/ maturity has an effect on banks’ operating efficiency 

and profitability.  

 

To define which banks of the sample belongs in which of the three maturity groups, a statistical 

grouping approach was chosen. Thus, a k-means clustering analysis was conducted in SPSS. The 

k-means clustering model descriptions and results are described in the below sections.  

 

5.3.4.2 K-means clustering 

 

Clustering the companies covered in this paper’s sample according to their digital maturity level 

is a of fundamental importance for answering the fifth sub-question of whether digital 

transformation is affecting bank performance. Banks required to be assigned in one of the maturity 

groups (digitally beginning/norming, digitally transforming, digitally maturing). To achieve an 

objective, unbiased grouping, the k-means algorithm was chosen that was conducted in SPSS, 

using iterative partitioning and following the footsteps of Remane et al. (2017).  

 

K-means clustering is a method commonly used to automatically partition a data set into k groups, 

selecting k initial cluster centres and then iteratively refining them (MacQueen, 1967; Wagstaff, 

2001). According to Tan et al. (2005), it is a tool designed to assign cases to a fixed number of 

groups (clusters). It is a technique of prototype-based, partitioned clustering where data will be 

assigned to the most suitable centroid in order to minimize the average intra-cluster distance. 

Meaning that the k-means clustering defines clusters that are as similar as possible within a group 

and as dissimilar as possible to the other groups (Tan et al., 2005). The reason why k-means was 

selected, apart from the similarities with the suggestions of Remane et al. (2017) research paper, 

is based on the advantages of the algorithm just as the pre-defined cluster number of three.  

 

K-means is based on is an unsupervised algorithm (i.e. does not need any labels to construct the 

clustering) that relates directly to the dataset used for this research where digital maturity cannot 
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be defined by one variable alone or does not follow a specific description (Lane & Brodlay, 1999). 

Furthermore, even though with a small number of k a hierarchical clustering method may be 

expected, it was not considered as a suitable clustering technique since the variables used do not 

show a hierarchical dependence. Additionally, as previously mentioned the number of clusters are 

pre-defined by means of this paper’s digital maturity definition. Moreover, computational velocity 

and the simplicity of the algorithm as we all the flexibility of assigning cases (banks) to cluster in 

every iteration (where the centroids are re-computed) are regarded beneficial characteristics of the 

k-means procedure (Tan et al., 2005).  

 

The algorithm applied in k-means, after defining the initial number of clusters k and value of 

cluster centers for every variable used (step 1), assigns cases based on the distance from the centers 

(step 3) and amends the location of the cluster centers based on the mean values of the cases in 

each cluster (step 4). This will be repeated until the centroids do not change (step 2 to 5) and 

clusters become more internally variable or externally similar (Wagstaff, 2001). 

 

For the purpose of this paper, the cluster amount to three, one for every different maturity level 

(digitally beginning/norming, digitally transforming, digitally maturing). The z-score of the ten 

computed ratios were used to determine the distance from the centroids. Furthermore, the 

maximum number of iterations was set to ten. Therefore, the initial number of data points (cases) 

were 2430 (ten variables for every one of the 27 banks for a total of nine years). 

 

In order to take the time aspect, new developments and potential shifting of group membership 

into consideration, the clustering procedure was repeated for three different time intervals: 2008 

to 2011; 2012 to 2014 and 2015 to 2017. The results and the interpretation of resulting groupings 

will be reviewed in below sections 6 and 7. 

 

5.3.4.3 One-way analysis of variance ANOVA  

 

Hypothesis testing was chosen as it is a form of inferential statistics that allows to draw conclusions 

about an entire population based on a representative sample. The statistical methodology for 

comparing the means of several populations is called analysis of variance, or simply ANOVA. A 
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one-way ANOVA consists of the analysis of only one way of data classification. It studies the 

effect of one or more theoretical variables on a quantitative outcome variable (Olive, 2017). For 

example, the comparison of the means of an accounting performance measure of various digital 

maturity groups. In this case, digitally beginning/norming, digitally transforming and digitally 

maturing banks.  

 

ANOVA and F-tests assess the amount of variability between group means in the context of the 

variation within groups to determine whether the mean differences are statistically significant. In 

other words, the ANOVA F test tests the null hypothesis that the means of the population are equal 

(Olive, 2017). 

 

H0: μ1 =μ2 =μ3 =...=μi   

H1: μ1 μ2 μ3 ..μi   

 

The F test statistic is   

F  = 
(𝑁−𝑘) ∑ (𝑌𝑖−𝑌)2𝑛𝑖

𝑘
𝑖=1

(𝑘−1) ∑ ∑ (𝑌𝑖𝑗− 𝑌𝑖)2 
𝑛𝑖
𝑗=1

𝑘
𝑖=1

 

where 

𝑌𝑖 = 
∑ 𝑌𝑖𝑗

𝑛
𝑗=1

𝑛𝑖
     𝑌 =  

∑ ∑ 𝑌𝑖𝑗
𝑛𝑖
𝑗=1

𝑘
𝑖=1

𝑁
 

 

The F-ratio is a measure of the ratio of systematic variation to unsystematic variation (Field, 2009). 

The null hypothesis will be rejected if the F statistic is higher than Fk−1, N−k; α, the (1 − α) 

percentile of the F distribution with k − 1 and N − k degrees of freedom (Para-Frutos, 2016).  

 

Statistical hypothesis tests, however, are not fully accurate as a random sample is used to draw 

conclusions about entire populations. There are two types of errors related to drawing an incorrect 

conclusion. 
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A type I error or false positive is the incorrect rejection of a true null hypothesis. The type I error 

rate equals the significance level or alpha (α). In contrast to that, type II error or false negative 

is the failure to reject a false null hypothesis. It is a larger risk for small sample sizes or small effect 

sizes. The type II error rate is also known as beta (β) (Panik, 2012). When comparing two means 

such as in the ANOVA model, a type I error or significance level is the probability of concluding 

that the means were different when in reality the means were not different. On the other hand, 

concluding the means were not different while in reality they were different would be a type II 

error (Panik, 2012).  

 

 
 

Table 1: Error types (Panik, 2012) 

 

In managerial decision making and strategy implementation, it is vital to understand if two or more 

groups differ from each other, and if they do to which extent. Overall, the one-way analysis of 

variance is used to determine whether there are any statistically significant differences between 

the means of three or more independent (unrelated) groups. However, since the ANOVA model is 

an omnibus test statistic, it cannot tell which specific groups were statistically significantly 

different from each other. The F-test shows that there has been some effect, but it does not show 

what the effect was. For this reason, after an ANOVA test, post hoc tests such as Tukey HSD and 

Games-Howell test need to be conducted to analyze which groups differ from each other. Post hoc 

tests consist of pairwise comparisons that are designed to compare all different combinations of 

groups. Meaning, it takes every pair of groups and performs a t-test on each pair of groups. 

Furthermore, the pairwise comparisons correct the level of significance for each test such that the 

overall type I error rate (α) across all comparisons remains at 0.05 (Field, 2009).  
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6. RESULTS 

 

In the following section the results of the K-Means clustering and the one-way between groups 

analysis of variance (ANOVA) are depicted and explained. All interpretation, discussion and 

consideration of other perspectives of the results is deferred to the subsequent section. As the 

models were applied for several different parameters and with respect to aggregation of time 

intervals, only main results are included in this section while supporting tables of results are 

included in the Appendix.  

 

6.1 Preliminary Statistical Tests and Data Transformation  

 

This section is devoted to describing undertaken preliminary tests and data transformations.  

 

6.1.1 K-means clustering  

 

This section describes the steps taken to transform the variables used in the k-means clustering. 

Even though there are no statistical prerequisites for conducting a k-means clustering, there are 

certain pre-processing steps to achieve a successfully objective clustering (Pelleg & Moore, 2000; 

Phua, Smith & Gayler, 2010; Coates & Ng, 2012).  

 

• The appropriate k: For the purpose of this paper, the k was set to three as per the definition 

of different maturity levels.  

• Scaled numerical values: Scaling was performed and is an important step as the algorithm 

can only process numerical values that need to be of the same range to avoid biased results. 

Further, scaling is a form of normalizing the data which improves convergence.  

• A complete dataset with no missing data: It is essential that there is no missing data so that 

no empty clusters will be generated. Thus, missing data was transformed or removed before 

running the algorithm.  

• The correct number of iterations: The number of iterations used was ten. This number was 

a result of trials where iterations had to reach at most 80% of the chosen number. The final 
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algorithm used less than three iterations which is an appropriate number for the best 

possible cluster solution. 

 

In order to fulfil the above-mentioned scaling pre-condition, the ten1alculated stock and flow ratios 

were substituted with a ranking, one being the most desirable result. The ranking was conducted 

for every year of the timeline separately for all ten ratios and 27 banks.  

 

The digital flow ratios based on ITS showed missing data and were, thus, not assigned a rank. 

Instead, missing values were substituted with average ranks based on all company values per year. 

In the calculation of the average the missing values were omitted and the final average rank was 

inputted as a ranking result in the dataset.  

 

Cross-bank ranks were chosen instead of the cross-year ranks per bank due to consecutive years 

of missing data for single banks. Secondly, the year-average rank would be placing the banks with 

missing data in a more flexible position, considering the clustering objective of this action, whereas 

a cross-year average rank would seclude the data from flexibility of the intermediate level of 

maturity. Ultimately placing the bank at the tails of either digitally maturing or digitally 

beginning/norming. 

 

It is worthwhile mentioning that the ratios IIA/OP.INC. and ITS/OP.INC were lacking data for 

year 2008. That was due to missing data for the ‘Total non-interest Income’ account used as 

denominator for those ratios. Furthermore, all four IIA ratios were missing the year 2008, resulting 

in a reduced average covering 2009 to 2011. That was due to absence of the amortization account 

from the database used (Bloomberg Terminal) which is essential for the calculation of IIA. The 

absence of the amortization account may be due to a change in regulation. Prior 2009 it was not 

obligatory to include amortization in annual financial reports.  

 

In order to cater for group membership shifts three time-intervals were formed, 2008 to 2011, 2012 

to 2014 and 2015 to 2017. The first interval covers four years since the notion of digital maturity 

or digital transformation increased substantially in this decade. The Appendix shows the ranking 

results as well as ratio level interpretation. 
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6.1.2 One-way analysis of variance ANOVA 

 

A one-way between groups analysis of variance was conducted to explore the impact of different 

extends of digitalization on accounting performance ratios. Participants were divided into three 

groups according to their digital maturity level1 as depicted in above section. The performance 

measures distinguished in operational efficiency measure CI as well as profitability measures 

ROA, ROC and OM represent the dependent variables, respectively. Meanwhile, digitalization 

measured in the three levels digitally maturing, digitally transforming and digitally 

beginning/norming present the independent variable.  

 

In order to overcome the problem of null and negative variables, a constant will be added to move 

the minimum value of the dataset greater than one. According to Osborne (2002), adding a constant 

to a variable, changes solely the mean. However, it does not change the standard deviation, 

variance, skew, or kurtosis (Osborne, 2002). The ROA, ROC and CI transformation follows 

equation (1) whereas OM follows equation (2): 

 

(1) (Score + 1) x 10 

(2) Score + 30 

 

In addition to that, the ANOVA procedure is based on six restrictive assumptions.  

 

The initial three assumption of the ANOVA model were met. Firstly, for the ANOVA to be valid 

the data must measure the dependent variable in ratio or interval level (CI, OM, ROC and ROA). 

Secondly, the sample’s independent variable should consist of more than two categorical, 

independent groups (here: digitally maturing, digitally transforming, digitally beginning/norming). 

Moreover, the sample must contain observations independently chosen from each other. Sampling 

one observation must not influence the sampling of another observation. 

 

The fourth assumption of the ANOVA model is that there are no outliers present. An outlier 

corresponds to a case that is far from the bulk of the dataset (Olive, 2017). The assumption was 

                                                 
1 The exact labelling of the clusters/digital maturity will be discussed in section 7. 
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tested by creating box plots of the data points within the time intervals. The results showed that 

this assumption was partially violated. As outliers can skew the results of an ANOVA, data points 

that were shown as outliers where removed from the data set. In 2008 to 2011, RBS and Standard 

Chartered were outliers for ROC values whereas, in 2012 to 2014, RBS was an outlier for both 

ROC and ROA values. In addition to that, Nordea was an outlier for OM values. Furthermore, in 

2015 to 2017, the CI values of ING and the ROC values of KBC were displayed as outliers. 

 

 

Figure 4:Box plots – after removing outliers.2 

 

The box within the box plot corresponds to the lower, middle, and upper quartiles of the dependent 

variable (in this case: ROA, ROC, OM, CI). The middle quartile is the sample median of the data 

(Panik, 2012).  

 

 

Figure 5:Box plots with Q being quartiles (Panik, 2012). 

 

 

                                                 
2 Maturing: 2008 to 2017 -> Group 1  

   Transforming: 2008 to 2011 -> Group 3; 2012 to 2017 -> Group 2 

   Beginning/Norming: 2008 to 2011 -> Group 2; 2012 to 2017 -> Group 3  

 

2012 - 20142008 - 2011 2015 - 2017
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According to Olive (2017), the boxes for each dependent variable (e.g. ROA) in one time-interval 

(e.g. 2008 to 2011) should be roughly the same length. Further, the median should occur in 

approximately the same position (e.g., in the center) of each box. The “whiskers” (min X(i) and 

max X(i)) in each plot should also be roughly similar. By looking at the boxplot results, the 

whiskers in the present sample indicate that there are large variations among the data points within 

the digital maturity groups in regard to the dependent variables in each time interval, respectively. 

However, looking at the medians it appears that they are somewhat similar, with showing the 

largest variation in median among digitally maturing, transforming and beginning/norming banks 

for ROC scores in 2012 to 2014. 

 

 

Table 2: Median values per time interval and maturity group: maturing, transforming, beginning/norming.* 

 

*The labelling of the cluster (maturity groups) will be depicted in section 7. 

 

It furthermore becomes apparent that all boxes indicate that the data is either skewed left (negative) 

or right (positive) to a certain extend for the entire sample. Skewed data may be an indication that 

the data might not be normally distributed. Normal distribution, however, will be tested in the next 

and fifth assumption. 

 

The fifth assumption of the ANOVA model describes that all data points per group must be 

normally distributed. The assumption was tested by using the Shapiro Wilk test of normality. The 

results of the Shapiro Wilk test showed that the assumption was partially violated.  

 

The Shapiro Wilk test statistic is as follows 

 

𝑆𝑊 =  
(∑ 𝑎𝑖(𝑌(𝑛−𝑖+1) −  𝑌(𝑖)))2𝑚

𝑖=1

∑ ( 𝑌𝑖 −  𝑌)2 𝑛
𝑖=1
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where Y(i) are the order statistics of the random sample Y1, … ,Yn; m is the greatest integer in n/2 

and ai being the coefficients tabulated in Shapiro and Wilk (1965). A value far below one, is 

indicating that the sample distribution is non-normal. Further, let yij,i = 1, ... ,k and j = 1, ... ,ni, 

denote the jth observation from the ith sample with size ni. There are k samples with ni 

observations each (Parra-Frutos, 2016).  

 

In 2008 to 2011, the p-value (p > 0.046) of digitally beginners for CI is smaller than the 

significance level α = 0.05. Likewise, in 2012 to 2014, the p-value of ROC (p > 0.008) for the 

digitally maturing banks (p > 0.008) just as the p-value of OM (p > 0.040) for the maturing banks 

are smaller than the significance level α = 0.05. Therefore, the null hypothesis needs to be rejected 

for those cases which leads to the conclusion that the CI scores for beginners in 2008 to 2011, the 

ROC and OM values for the maturing group in 2012 to 2014 are not normally distributed and may 

lead to false positive (Albert, 2015). Nimon (2012) notes that as long as the assumption of 

normality is not severely violated, the F-ratio controls the actual type I error rates well under 

conditions of skew, kurtosis and non-normality (Field, 2009). 

 

 

Figure 6: Shapiro Wilk test results. 

 

The sixth assumption of the ANOVA model depicts that all groups must not suffer from 

heterogeneity. The variance must be equal in all groups included in the sample, meaning 

homogeneity. The Levene’s test of homogeneity was employed to test for heterogeneity. The 

results show that the assumption was partially violated even though smaller statistics indicate 

greater homogeneity (Nimon, 2012): In 2008 to 2014, the p-values for OM are smaller than our 

chosen significance level α = 0.05. The null hypothesis must be rejected. Concluding, that the 
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mean variance for OM between the digitally maturing, transforming and beginning/norming are 

significantly different (2008 to 2011: p > 0.002; 2012 to 2014: p > 0.001). The same applies for 

the p-value p > 0.035 for ROC which is smaller than our chosen significance level α = 0.05 in 

2015 to 2017. Therefore, the null hypothesis needs to be also rejected. Concluding, that the mean 

variance for ROC between the digital beginners, transformers and mature are significantly 

different in 2015 to 2017.  

 

Heterogeneity with unequal sample sizes may compromise the validity of null hypothesis decisions 

as large sample variances from small group sizes may increase the risk of type I errors. However, 

as long as the sample sizes per group are approximately equal the ANOVA analysis is relatively 

robust against heterogeneity (Nimon, 2012). With 12 models being tested (four models per time 

interval), it may be expected that one model will reject the null hypothesis by chance. Since three 

models rejected the null hypothesis the assumption of homogeneity is not valid for the depicted 

cases. Consequently, in order to safeguard against type I errors due to unequal sample sizes per 

digital maturity group and heterogeneity, a Welch ANOVA was conducted for not homogenous 

models.  

 

The Welch test statistic is as follows  

 

𝑄 =  
∑ 𝑤𝑖 (𝑌𝑖 − 𝑌

′
)

2

/ (𝑘 − 1)𝑘
𝑖=1

1 +  
2(𝑘 − 2)

𝑘2 − 1
 ∑

(1 −
𝑤𝑖

𝑊)2

𝑛𝑖 − 1
𝑘
𝑖=1

 

 

where 

 

𝑤𝑖 =  
𝑛𝑖

𝑆2
𝑌,𝑖

        𝑊 =  ∑ 𝑤𝑖
𝑘
𝑖=1  

𝑆𝑌,𝑖
2 =  

∑ (𝑌𝑖𝑗 −  𝑌𝑖)
2𝑛𝑖

𝑗=1

𝑛𝑖 − 1
 

𝑌
′

=  
∑ 𝑤𝑖 𝑌𝑖

𝑘
𝑖=1

𝑊
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The null hypothesis is rejected if the computed Q statistic is higher than Fk−1, v; α, the (1 − α) 

percentile of the F distribution with k−1 and v degrees of freedom (Para-Frutos, 2016).  

 

Welch tests are considered robust compared to the ANOVA as their definitions of variation within 

groups are based on the relationship between the different sample sizes in the different groups 

instead of a pooled variance estimate. That means that they become less sensitive to heterogeneity. 

Even though Welch’s F-test is an adaptation of the F-test and is claimed to be more reliable when 

the assumption of homogeneity of variance was not met, the disadvantage is it has fewer or equal 

degrees of freedom than the F-test. Meaning, that Welch’s degrees of freedom are more 

conservative, indicating that Welch’s F-test is less powerful than the F-test (Field, 2009; Derrick, 

Toher & White, 2016). 

 

 

Figure 7: Levene’s test results. 

 

The Tukey HSD post hoc test was conducted for data that was found to have homogenous 

variances since it controls the type I error rate (α) well (Field, 2009). The assumptions are aligned 

with the assumptions of the one-way ANOVA, being normality, homogeneity of variances, an 

independent random sample and, additionally, approximately equal same sizes. A disadvantage is 

that the Tukey HSD test is inappropriate when sample sizes and variances are different to a large 

extent. Further, it is rather conservative test and lacks some statistical power (type II error) (Field, 

2009; Shingala & Rajyagugu, 2015).  

 

For data that found to have non-homogenous variances, the Games-Howell post hoc test was 

additionally applied since it is argued to be the most powerful for heterogeneous data (Field, 2009). 

It does not assume homogeneity of variances and normality. A disadvantage is that it is claimed to 
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be somewhat liberal when sample sizes small (< 15), meaning that it tends to reject the null 

hypothesis relatively easy (Shingala & Rajyagugu, 2015).  

 

6.2 Summary Statistics  

 

With respect to the performance measures ROA, ROC, OM and CI, the transformed summary 

statistics for the digital beginners, transformers and mature3 and 3, time intervals are shown in 

Tables 3, 4 and 5. As expected, after data transformation, all performance measures have means 

and medians above zero. Since the means do not equal the medians, skewness can be assumed 

which was confirmed by the boxplots shown in above section. In addition to that, at large, mean 

values for ROA, ROC and OM increased over time from 2008 to 2017 whereas CI mean values 

decreased over time which overall implies improved profitability just as operating efficiency for 

the sample banks. An enhanced ROA, on the one hand, may be due to increases in profit margin 

on sales by improving selling or cost effectiveness (increases sales relative to cost or reducing cost 

needed to support each EUR of sales (lower CI)). On the other hand, increases in asset turnover 

may lead to improved ROA by reducing the investment in assets needed to support sales (Table 3, 

4, 5, 6) (Anderson, Banker & Hu, 2003). 

 

 

Table 3: Summary statistics 2008 to 2011. 

 

The OM for digital transformers (in 2008 to 2011) has a lower standard deviation than for digitally 

maturing and beginning/norming banks which is in line with the minimum and maximum 

                                                 
3 The exact labelling of the clusters/digital maturity will be discussed in section 7. 

Year Measure Measure Maturing Transforming Beginning/NormingMeasure Maturing Transforming Beginning/Norming

2008 to 2011 ROA N (valid) 05 10 10 Min (Max) 09.13 (14.96) 09.28 (17.17) 07.89 (17.78)

2008 to 2011 ROC N (valid) 05 10 10 Min (Max) 08.66 (22.38) 09.23 (27.31) 07.34 (28.62)

2008 to 2011 CTI N (valid) 05 10 10 Min (Max) 07.82 (14.79) 10.53 (19.66) 09.89 (22.78)

2008 to 2011 OM N (valid) 05 10 10 Min (Max) 19.25 (73.50) 33.25 (52.75) 02.75 (75.50)

2008 to 2011 ROA Median 13.09 11.73 12.43 Mean 13.37 12.11 12.38

2008 to 2011 ROC Median 16.40 16.13 15.27 Mean 15.87 16.70 16.46

2008 to 2011 CTI Median 11.93 15.26 13.46 Mean 11.84 15.26 14.72

2008 to 2011 OM Median 54.50 42.25 45.63 Mean 49.96 43.48 38.27

2008 to 2011 ROA Pctl 25 (75) 09.90 (14.42) 10.26 (13.30) 10.87 (15.59) STD 03.31 02.36 02.36

2008 to 2011 ROC Pctl 25 (75) 10.24 (21.24) 10.79 (22.32) 11.38 (21.09) STD 05.68 06.68 06.68

2008 to 2011 CTI Pctl 25 (75) 09.14 (14.43) 12.47 (17.83) 10.98 (17.67) STD 02.52 03.03 03.03

2008 to 2011 OM Pctl 25 (75) 20.63 (69.00) 37.81 (49.75) 10.94 (59.63) STD 23.53 06.80 06.80
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distributions of OM values in 2008 to 2011. The same applies for digital beginners for ROC values 

in 2012 to 2014 just as ROC values for transformers and OM values for the maturing banks in 

2015 to 2017. Therewith, showing a smaller data dispersion and distance from the mean.  

 

 

Table 4:  Summary statistics 2012 to 2014. 

 

In contrast to this, the OM of transformers (in 2012 to 2014) has a higher standard deviation than 

for the digitally maturing and beginning/norming banks, presenting a higher data dispersion than 

average. In general, the data points per group and performance measure are spread to a certain 

extend with quite large differences in minimum and maximum values, showing a relatively wide 

scatter about the mean.  

 

 

Table 5: Summary statistics 2015 to 2017. 

 

It also becomes apparent that the maturing banks not necessarily have the highest means of ROA, 

ROC, and OM and the lowest mean of CI. Specifically, in this sample the digitally transforming 

Year Measure Measure Maturing Transforming Beginning/NormingMeasure Maturing Transforming Beginning/Norming

2012 to 2014 ROA N (valid) 08 11 06 Min (Max) 08.53 (15.99) 05.80 (18.34) 11.43 (14.55)

2012 to 2014 ROC N (valid) 08 11 06 Min (Max) 07.18 (34.45) 01.68 (28.15) 12.86 (22.16)

2012 to 2014 CTI N (valid) 08 11 06 Min (Max) 11.10 (18.43) 06.93 (19.86) 10.33 (21.54)

2012 to 2014 OM N (valid) 08 11 06 Min (Max) 31.33 (63.00) 22.67 (92.33) 34.00 (52.33)

2012 to 2014 ROA Median 10.34 13.40 12.07 Mean 11.39 13.45 12.86

2012 to 2014 ROC Median 12.01 19.64 19.59 Mean 16.35 17.63 18.49

2012 to 2014 CTI Median 13.87 13.04 15.25 Mean 14.25 13.31 15.34

2012 to 2014 OM Median 36.67 44.67 45.67 Mean 41.87 55.67 42.26

2012 to 2014 ROA Pctl 25 (75) 09.35 (14.45) 09.76 (17.26) 11.46 (13.83) STD 02.82 03.99 01.47

2012 to 2014 ROC Pctl 25 (75) 08.77 (27.91) 09.94 (23.91) 13.69 (20.93) STD 10.85 08.04 03.62

2012 to 2014 CTI Pctl 25 (75) 11.78 (17.19) 11.30 (15.35) 11.48 (20.17) STD 02.76 03.48 04.14

2012 to 2014 OM Pctl 25 (75) 34.25 (52.75) 37.67 (76.33) 40.50 (52.08) STD 11.53 22.96 10.37

Year Measure Measure Maturing Transforming Beginning/NormingMeasure Maturing Transforming Beginning/Norming

2015 to 2017 ROA N (valid) 11 06 08 Min (Max) 08.19 (16.06) 12.75 (16.13) 07.37 (18.44)

2015 to 2017 ROC N (valid) 11 06 08 Min (Max) 01.06 (34.63) 20.16 (24.63) 04.70 (28.09)

2015 to 2017 CTI N (valid) 11 06 08 Min (Max) 10.06 (17.93) 05.66 (16.73) 09.98 (19.11)

2015 to 2017 OM N (valid) 11 06 08 Min (Max) 24.33 (71.33) 14.33 (82.00) 19.00 (78.67)

2015 to 2017 ROA Median 13.60 14.70 13.61 Mean 12.74 14.69 14.17

2015 to 2017 ROC Median 20.58 23.94 21.09 Mean 18.91 23.03 20.48

2015 to 2017 CTI Median 15.09 14.37 12.53 Mean 14.74 12.77 13.15

2015 to 2017 OM Median 50.67 59.84 50.34 Mean 47.76 57.33 55.03

2015 to 2017 ROA Pctl 25 (75) 10.22 (15.53) 13.85 (15.75) 09.06 (17.54) STD 02.72 01.18 04.17

2015 to 2017 ROC Pctl 25 (75) 12.33 (26.22) 20.81 (24.53) 12.51 (27.05) STD 09.66 01.93 08.26

2015 to 2017 CTI Pctl 25 (75) 13.20 (16.08) 08.03 (16.68) 10.92 (14.50) STD 02.34 04.58 02.75

2015 to 2017 OM Pctl 25 (75) 39.00 (54.67) 40.58 (79.50) 30.08 (76.58) STD 12.35 24.95 20.97
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group delineates the best performance with high mean profitability measures and a high mean 

operating efficiency. 

 

 

Table 6: Mean profitability and operating efficiency values prior data transformation. 

 

6.3 Model Results 

 

The following section is devoted to present the results of the k-means clustering model as well as 

the one-way ANOVA model. As the data was tested based on different time intervals and 

groupings, those will be presented in that same order to ensure a logic flow. To begin with, the 

stocks and flow variables were used to differentiate between three groups standing for different 

digital advancement levels by means of using k-means clustering. Secondly, the one-way ANOVA 

model was selected to test the hypothesis developed in 5.1 by comparing the means of the 

accounting performance measures for the three types of digital advancement groups, namely 

digitally beginning/norming, digitally transforming and digitally maturing, over time based on 

three selected time intervals.  

 

6.3.1 K-means clustering 

 

The below section presents the results of k-means clustering conducted in SPSS. Resulting clusters 

for each time interval are presented in the Appendix A. A summary is presented in Table 7. 

 

2008 - 2011 ROA ROC OM CTI 2012- 2014 ROA ROC OM CTI 2015- 2017 ROA ROC OM CTI

Maturing 0.26 0.81 5.33 0.43 Maturing 0.14 0.64 11.88 0.43 Maturing 0.27 0.89 17.76 0.47

Transforming 0.27 0.58 18.48 0.47 Transforming 0.34 0.76 25.67 0.30 Transforming 0.47 1.30 27.33 0.28

Beginning/Norming 0.23 0.61 11.70 0.39 Beginning/Norming 0.29 0.85 12.26 0.54 Beginning/Norming 0.42 1.05 25.03 0.31
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Table 7: Cluster results. 

 

6.3.1.1 Year 2008 to 2011 

 

The first cluster covers 6 banks, the second 11 and the third 10. LLOY, NDA, STAN, CBK, SEBA 

and VTB were assigned to cluster one. The second cluster includes INGA, UBS, BBVA, GLE, 

RBS, CSGN, KBC, SHBA, SWEDA, DNB and SAB. The third cluster covers HSBC, SAN, BNP, 

ISP, BARC, ACA, DBK, UCG, DANSKE and EBS.  

 

Cluster 1: Digital flow based on ITS: The first cluster shows low ratios and values for 

mITS/OP.EX. (27%), mITS/OP.INC (50%) mITS/NR (17%) just as mITS/Empl. (EUR 33155) 

compared to the other clusters’ means. Digital flow based on IIA: When comparing the means of 

the IIA over the same accounts, with the other groups’ mean contrasting results can be seen. The 

mIIA/OP.EX. is extremely high (23%). This result is complemented by high mIIA/OP.INC. 

(12%), mIIA/NR (3%) and mIIA/Empl. (EUR 8640) compared to the other clusters’ means. 

Digital Stock based on IA: Lastly the stock means shows average values mIA/TA (0,21%) and 

mIA/NR (8.86%) compared to the other groups’ means.  

Cluster Banks 

1: 6 banks LLOY, NDA, STAN, CBK, SEBA, VTB

2: 11 banks INGA, UBS, BBVA, GLE, RBS, CSGN, KBC, SHBA, SWEDA, DNB, SAB

3: 10 banks HSBC, SAN, BNP, ISP, BARC, ACA, DBK, UCG, DANSKE, EBS

Cluster Banks 

1: 8 banks STAN, CBK, SAB, HSBC, ISP, BARC, DBK, EBS

2: 11 banks LLOY, SEBA, VTB, CSGN, SHBA, SWEDA, DNB, SAN, BNP, ACA, UCG

3: 8 banks NDA, INGA, UBS, BBVA, GLE, RBS, KBC, DANSKE

Cluster Banks 

1: 11 banks STAN, CBK, SAB, HSBC, ISP, BARC, DBK, EBS, ACA, NDA, BBVA

2: 6 banks LLOY, SEBA, VTB, SHBA, SAN, UCG

3: 10 banks CSGN, SWEDA, DNB, BNP, INGA, UBS, GLE, RBS, KBC, DANSKE

2008 to 2011

2012 to 2014

2015 to 2017
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Cluster 2: Flow ITS: In the second cluster mITS/OP.EX. is average (52%) compared to other 

clusters. mITS/OP.INC. (109%), mITS/NR (37%) and mITS/Empl. (EUR 74806) show high mean 

values compared to the other the cluster. Flow IIA: The flow of IIA is showing contrasting results. 

mIIA/OP.EX. (0,5%), mIIA/OP.INC (0,6%), mIIA/NR (0,01%) and mIIA/Empl (EUR 666) 

display low values compared to the other clusters’ means. Stock IA: Lastly the stock means 

complement consistently the previous results as mIA/TA (0,13%) and mIA/NR are low (6%). 

 

Cluster 3: Flow ITS: It shows high mITS/OP.EX. (61%) whereas not so high mITS/OP.INC 

(71%). Complementary, mITS/Empl. has an average result (EUR 65787) when compared to the 

other clusters. Flow IIA: The digital flow of IIA show average results when compared to the other 

clusters. mIIA/OP.EX. being (2,7%), mIIA/OP.INC. (4%), the mIIA/NR (3%) and mIIA/Empl. 

(EUR 3965). Stock IA: In regard to this stock ratios they show high means with mIA/TA at 0.35% 

and mIA/NR at 13.21% compared to the other clusters of the same time interval. 

 

Table 8:: means for all variables per cluster for the interval 2008 to 201. 

 

6.3.1.2 Year 2012 to 2014 

 

The first cluster includes eight banks that are: HSBC, ISP, BARC, DBK, STAN, CBK, EBS and 

SAB. The second cluster includes 11 banks that are: SAN, BNP, LLOY, ACA, UCG, CSGN, 

SHBA, SWEDA, SEBA, DNB and VTB. INGA, UBS, BBVA, NDA, GLE, RBS, KBC and 

DANSKE are assigned to cluster three.  

 

Cluster 1: Flow ITS: The flow of ITS for the first cluster shows in total average results compared 

to the other clusters. Namely, the mITS/OP.EX. is 23%, the mITS/OP.INC. is 30%, mITS/NR is 

14% and the mITS/Empl. is EUR 30937. Flow IIA: There is a tendency of high results for the 

YG 

08 - 11 

mITS 

/ OP.EX. 

mITS 

/OP.INC. 

mITS 

/NR 

mITS 

/EMPL 

mIIA 

/EMPL 

mIIA 

/OP.EX. 

mIIA 

/OP.INC. 

mIIA 

/NR 

mIA 

/TA 

mIA 

/NR 

Cluster 

1 

27% 50% 17% 33155 8640 22% 12% 2.9% 0.21% 8.9% 

Cluster 

2 

51% 109% 37% 74806 666 0.6% 0.6% 0.01% 0.13% 5.8% 

Cluster 

3 

61% 70% 29% 65787 3965 3% 4% 3.0% 0.35% 13.2% 
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flow of IIA. The mIIA/OP.EX. is relatively high (2.2%) just as mIIA/OP.INC (3%), mIIA/NR 

(2,4%) and mIIA/Empl. (EUR 3399) compared to the other clusters’ means. Stock IA: Lastly, the 

means of the stock of the IA show consistent results. The mIA/TA (0,32%) and the mIA/NR 

(12,71%) are high values. 

 

Cluster 2: Flow ITS: The second cluster shows low mITS/OP.EX. (12%), mITS/OP.INC (16%) 

mITS/NR (7%) and mITS/Empl. (EUR 19938) compared to the other clusters’ means. Flow IIA: 

The IIA flow is consistent over all the ratios positioned at an average rate among the clusters of 

time interval 2012 to 2014. mIIA/OP.EX. being 1,66%, mIIA/OP.INC being 1,14%, mIIA/NR 

being 0,93% and mIIA/Empl. being an average of EUR 1355. Stock IA: Finally, the means of the 

stock of IA complements the flows, with an average mIA/TA (0,18%) and average mIA/NR (7%). 

 

Cluster 3: Flow ITS: The third cluster shows high mITS/OP.EX. (38%), mITS/OP.INC (65%) 

and mITS/NR (25%). This is complemented by the high mITS/Empl. (EUR 64925). Flow IIA: 

The means of the flow of IIA for the third cluster show consistently negative results. It is observed 

that mIIA/OP.EX. is very low (-0.5%) similar to mIIA/OP.INC. (-1,14%) and mIIA/NR (-0.5%). 

Finally, the EUR amount resulting from mIIA/Empl is also negative (EUR -757). Stock IA: 

Complementing the previous results, the means ratios of the stock of IA are the lowest among the 

clusters in the time interval 2012 to 2014, with mIA/TA at 0,13% and mIA/NR at 6%.  

 

Table 9:means for all variables per cluster for interval 2012 to 2014. 

 

 

 

 

YG 

12 - 14 

mITS 

/ OP.EX. 

mITS 

/OP.INC. 

mITS 

/NR 

mITS 

/EMPL 

mIIA 

/EMPL 

mIIA 

/OP.EX. 

mIIA 

/OP.INC. 

mIIA 

/NR 

mIA 

/TA 

mIA 

/NR 

Cluster 

1 

22% 29% 13% 30937 3399 2% 3% 2.4% 0.32% 12.7% 

Cluster 

2 

12% 16% 7% 19938 1355 1.7% 1.1% 0.93% 0.18% 6.9% 

Cluster 

3 

38% 65% 25% 64925 -757 -0.5% -1.1% -0.5% 0.13% 5.8% 
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6.3.1.2 Year 2015 to 2017 

 

The first cluster comprises 11 banks, the second six and the third ten banks. The banks included in 

the first cluster are HSBC, BBVA, ISP, NDA, BARC, ACA, DBK, STAN, CBK, EBS and SAB. 

The second cluster consists of SAN, LLOY, UCG, SHBA, SEBA and VTB. The third cluster 

includes BNP, INGA, UBS, GLE, RBS, CSGN, KBC, SWEDA, DANSKE and DNB.  

 

Cluster 1: Flow ITS: The first cluster shows high mITS/OP.EX. (23%) but average 

mITS/OP.INC. (31%) and mITS/NR (14%). On the other hand, mITS/Empl. is average to high 

(EUR 32902). Flow IIA: mIIA/OP.EX. (5%) and mIIA/Empl (EUR 7784) are relatively high 

compared to the other clusters’ means. This result comes in alignment with mIIA/OP.INC. (7%) 

and mIIA/NR (5%) that are overly high compared to the other clusters’ means. Stock IA: Lastly, 

the means of the stock of the IA show consistent result when compared to the other clusters’ means 

and in line with the two previous flows of the first cluster. mIA/TA (0,33%) and mIA/NR (13,7%) 

are high. 

 

Cluster 2: Flow ITS: The second cluster shows low mITS/OP.EX. (9%), mITS/OP.INC. (10%), 

mITS/NR (4%) and mITS/Empl. (EUR 10422) when compared to the other clusters’ means. Flow 

IIA: The IIA flow is consistent over all the ratios and positioned at an average rate among the 

clusters. The mIIA/OP.EX. is 4% the mIIA/OP.INC. is 3,5% and mIIA/NR is 1,75%. Additionally, 

the mIIA/Empl. is also average (EUR 2873). Stock IA: Finally, the mean ratios of the stock of IA 

complements consistently the previous results as mIA/TA (0,22%) and mIA/NR are average (9%).  

 

Cluster 3: Flow ITS: The third cluster shows an average mITS/OP.EX. (22%), mITS/NR (14%) 

and close to average but lower mITS/OP.INC. (35%). Nevertheless, it has a high mITS/Empl. 

(EUR 40911). Flow IIA: The mean ratios of the flow of IIA for the third cluster show very low 

mIIA/OP.EX. (0.8%) but high mIIA/OP.INC. (1%) and mIIA/NR (0.7%) when compared to the 

other clusters’ means. Additionally, it shows very low mIIA/Empl. (EUR 1507). Stock IA: 

Complementing the previous results, the mean ratios of the stock of IA are the lowest among the 

clusters for time interval 2015 to 2017, with mIA/TA at 0,1% and mIA/NR at 4%.  
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Table 10:means for all variables per cluster for the interval 2014 to 2015. 

 

6.3.2 One-way analysis of variance ANOVA 

 

The below section presents the results per time interval including the operating efficiency measure 

and profitability measures. Table 10 presents the results of the ANOVA model for all three time-

intervals. It was found that the proposed hypothesis and sub-hypotheses cannot be confirmed. 

Digitally more mature firm do not differ in accounting performance compared to less digital 

mature firms.  

 

6.3.2.1 Year 2008 to 2011: Operating efficiency 

 

It was found that there was no statistically significant difference at the p < .05 level in CI scores 

for digitally beginning, transforming and maturing4 banks F (2, 24) = 1.803, p > 0.05. The actual 

difference in mean scores between the groups was small. The effect size, calculated using eta 

squared, was 0.13 that suggests a large effect. Post-hoc comparisons using the Tukey HSD test 

indicated that the mean score for digitally maturing banks (M = 11.84, SD = 2.52) was statically 

not different from digitally beginning/norming (M = 14.72, SD = 4.49) and transformers (M = 

15.26, SD = 3.03). There was no statistically significant difference in mean scores between 

beginners and transformers. 

 

 

 

                                                 
4 The exact labelling of the clusters/digital maturity will be discussed in section 7. 

YG 

15 - 17 

mITS 

/ OP.EX. 

mITS 

/OP.INC. 

mITS 

/NR 

mITS 

/EMPL 

mIIA 

/EMPL 

mIIA 

/OP.EX. 

mIIA 

/OP.INC. 

mIIA 

/NR 

mIA 

/TA 

mIA 

/NR 

Cluster 

1 

22% 31% 14% 32902 7784 5% 7% 4.6% 0.33% 13.7% 

Cluster 

2 

9% 10% 4% 10422 2873 3.6% 3.5% 1.75% 0.22% 8.5% 

Cluster 

3 

22% 35% 14% 40911 1507 0.8% 1.1% 0.7% 0.09% 4.0% 
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6.3.2.2 Year 2008 to 2011: Profitability 

 

Furthermore, there was no significance difference in mean scores for the profitability measures 

between digitally beginning, transforming and maturing banks. There was a statistically 

insignificant difference at the p < .05 level in RAO (ROC and OM) scores for three maturity groups 

F (2, 24) = 0.321, p > 0.05 (ROC: F (2, 22) = 0.028, p > 0.05 and OM: F (2, 9.861) = 0.434, p > 

0.05 (Welch ANOVA)). The actual difference in mean scores between groups was small. The 

effect size, calculated using eta squared, was 0.03 (ROC: 0.003 and OM: 0.05) that suggests a 

small effect for all three values.  

 

Post-hoc comparisons using the Tukey HSD test (OM: Games Howell test) indicated that the mean 

score for the maturing group (M = 13.37, SD = 3.31) (ROC: M = 15.87, SD = 5.68 and OM: M = 

49.96, SD =23.53) was statically not different from beginners (M = 12.38, SD = 3.59) (ROC: M = 

16.46, SD = 6.23 and OM: M = 38.27, SD = 25.1) and transformers (M = 12.11, SD = 2.37) (ROC: 

M = 16.7, SD = 6.68 and OM: M = 43.48, SD = 6.8). There was no statistically significant 

difference in mean scores between beginners and transformers. 

 

6.3.2.3 Year 2012 to 2017: Operating efficiency 

 

The results for operating efficiency for the years 2012 to 2017 are in alignment with the results for 

the period 2008 to 2011. In 2012 to 2014, there was no significant difference at the p > 0.05 level 

in CI scores of digitally beginning/norming, transforming and maturing banks F (2, 24) = 0.785, p 

> 0.05. The same applies for CI scores in 2015 to 2017: CI = F (2, 23) = 1.032, p > 0.05. The actual 

difference in mean scores between groups was small. For 2012 to 2014, the effect size, calculated 

using eta squared, was 0.06 whereas for 2015 to 2017 the effect size was 0.08 which suggest 

medium effects. 

 

For 2012 to 2014, post-hoc comparisons using the Tukey HSD test indicated that the mean score 

for the digitally maturing banks (M = 14.25, SD = 2.76) was statically not different from digitally 

transforming banks (M = 13.31, SD = 3.48) and digital beginners (M = 15.34, SD = 4.14). There 

was also no statistically significant difference in mean scores between digital transformers and 
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beginners. The same is indicated for 2015 to 2017: digitally maturing banks (M = 14.74, SD = 

2.34) were statically not different from transformers (M = 12.77, SD = 4.58) and beginners (M = 

13.15, SD = 2.75). There was no statistically significant difference in mean scores between digital 

transformers and beginners. 

 

 

Figure 8: Post hoc comparison 2008 to 2011. 

 

6.3.2.4 Year 2012 to 2017: Profitability 

 

The results for profitability for the years 2012 to 2017 are in alignment with the results for the 

period 2008 to 2011. There was no statistically significant difference at the p < 0.05 level in ROA 

(ROC and OM) scores for the digitally maturing, transforming and norming banks. 

 

In 2012 to 2014, there was no significant difference at the p > 0.05 level in ROC (ROA and OM) 

scores for the different digitalization levels: F (2, 23) = 1.008, p > 0.05 (ROC: F (2, 23) = 0.131 p 

> 0.05 and OM: F (2, 15.31) = 1.585, p > 0.05 (Welch ANOVA)).  

 

The same applies for ROA (ROC and OM) scores in 2015 to 2017: ROA = F (2, 24) = 0.919, p > 

0.05 (ROC: F (2, 13.39) = 1.192, p > 0.05 (Welch ANOVA) and OM: F (2, 24) = 0.63, p > 0.05). 

The actual difference in mean scores between groups was small.  
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For 2012 to 2014, the effect size, calculated using eta squared, was 0.08 (ROC: 0.011 and OM: 

0.15 (suggesting medium, small and large effects)) whereas for 2015 to 2017 the effect size was 

0.07 (ROC: 0.04 and OM: 0.05 (suggesting medium to small effects)). 

 

For 2012 to 2014, post-hoc comparisons using the Tukey HSD test (OM: Games Howell test) 

indicated that the mean score for digitally maturing banks (ROA: M = 11.39, SD = 2.82; ROC: M 

= 16.35, SD = 10.85 and OM: M = 41.87, SD =11.53) were statically not different from digitally 

transforming banks (ROA: M = 13.45, SD = 3.99; ROC: M = 17.63, SD = 8.04 and OM: M = 

55.67, SD = 22.96) and norming banks (ROA: M = 12.86, SD = 1.47; ROC: M = 18.49, SD = 3.62 

and OM: M = 42.26, SD = 10.37). There was further no statistically significant difference in mean 

scores between digitally transforming and norming banks. 

 

 

Figure 9: Post hoc comparison 2012 to 2014. 

  

The same is indicated for 2015 to 2017. Digitally maturing banks (ROA: M = 12.74, SD = 2.71; 

ROC: M = 18.91, SD = 9.66 and OM: M = 47.76, SD =12.35) were statically not different from 

digitally transforming banks (ROA: M = 14.69, SD = 1.18; ROC: M = 23.03, SD = 1.93 and OM: 

M = 57.33, SD = 24.95) and digitally norming banks (M = 14.17, SD = 4.16) (ROC: M = 20.48, 

SD = 8.26 and OM: M = 55.03, SD = 20.97). There was also no statistically significant difference 

in mean scores between digital transformers and beginners. 

 

ROA Transforming 0.354

Beginning/Norming 0.646

Maturing 0.354

Beginning/Norming 0.920

Maturing 0.646

Transforming 0.920

CTI Transforming 0.831

Beginning/Norming 0.810

Maturing 0.831 OM Transforming 0.231

Beginning/Norming 0.436 Beginning/Norming 0.997

Maturing 0.810 Maturing 0.231

Transforming 0.436 Beginning/Norming 0.243

ROC Transforming 0.940 Maturing 0.997

Beginning/Norming 0.870 Transforming 0.243

Maturing 0.940

Beginning/Norming 0.975

Maturing 0.870

Transforming 0.975

Post Hoc Tests

Beginning/Norming

Dependent Variable Sig.

Maturing

Transforming

Beginning/Norming

Multiple Comparisons

Games-Howell

Maturing

Transforming

Transforming

Transforming

Beginning/Norming

Beginning/Norming

Post Hoc Tests

Multiple Comparisons

Dependent Variable

Tukey HSD

Sig.
Maturing

Maturing



 

 

81 

 

 

Figure 10: ANOVA test results. 

 

 

Figure 11: Post hoc comparison 2015 to 2017 

 

The results have been similar for a significance level of 0.01 and 0.10 which will be presented in 

the Appendix C and D.  

 

In summary, the results of the one-way analysis of variance show that the means of firm 

performance are unlikely to differ in relation to the extent of digitalization efforts which is contrary 

Year Measure F statistic** Significance

2008 to 2011 ROA 0.321 0.729

2008 to 2011 ROC 0.028 0.972
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Year Measure F statistic** Significance

2012 to 2014 ROA 1.008 0.380

2012 to 2014 ROC 0.878 0.878
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2012 to 2014 OM (W) 1.585** 0.237

Year Measure F statistic** Significance

2015 to 2017 ROA 0.919 0.413
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** Asymptotically F distributed.
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to the findings put forward by Muiruri & Ngari (2014); Bughin, Catlin, Hall & Van Zeebroeck. 

(2017); Sijud & Hashem (2017) and Weill and Woerner (2017). However, it may tie into findings 

found by Scott et al. (2017) where a relationship between digitalization and firm performance is 

hypothesized to have an essential time lag and greater effects on small banks rather than large 

ones.  

 

In the following section, it will be further elaborated on the features and implications of the 

findings. 

 

7. DISCUSSION 

 

This section is devoted to a discussion of the results related to the fifth research sub-question as 

presented in the previous section. First, the interpretation of the results is discussed and reject or 

accept the hypothesis that accounting performance of banks differs in regard to the extent of 

digitalization. Secondly, the wider implications of the results will be discussed in relation to digital 

transformation and management decision-making as well as digital governance. Lastly, the 

limitations of the results will be discussed.  

 

7.1 Discussion of Results 

 

A fundamental assumption of this paper is the idea that digital transformation can be measured by 

stock and flow variables over time just as that firm performance driven by digitalization can be 

assessed by means of selected accounting operating efficiency and profitability measures. 

Applying these assumptions therewith builds the foundation for answering the fifth research sub-

question.  

 

7.1.1 Digitally Beginning/Norming, Transforming and Maturing financial players 

 

In order to interpret the results presented in the previous section and reach a conclusion as to which 

cluster represents which maturity level per time interval, first the interpretation of each variable 

ratio used in the k-means procedure needs to be explained. Every one of the ten variables will 
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thereafter be related to every cluster per time interval so that a natural conclusion of the maturity 

level is reached.  

 

7.1.1.1 Digital maturity interpretation guideline 

 

The highest digital maturity level is the most desirable and named digitally ‘Maturing’, followed 

by digitally ‘Transforming’ and digitally ‘Beginning/Norming’. Below, the desired stages of every 

variable will be specified. ‘F’ represents the flow variables (ITS and IIA) while ‘IA’ represents the 

only stock variable as mentioned in section 4.3.1 and their ratios, mentioned in section 5.3.3 

(McKeen & Smith, 1993; Kaplan & Norton, 1995; Mitra & Chaya, 1996; Bharadwaj, 2000; Choi, 

Kwon & Lobo, 2000; Lev, 2003; Gartner, 2017; Canibano, 2018).  

 

• A high mF/OP.EX. is desirable. A high mITS/OP.EX. means the banks are spending a high 

percentage of their OP.EX. in IT resources which that indicating a tendency towards digital 

maturity. A high mIIA/OP.EX. means a high percentage of their OP.EX. are investments 

in IA that is vital for digital maturity. 

• A low mF/OP.INC is desirable. A low mITS/OP.INC indicates that only few of the 

resources allocated in IT are needed in order to generate high OP.INC. Respectively, little 

investment in IA is responsible for generating a great part of the OP.INC. 

• A low mF/NR is more desirable for indicating digital maturity. A low mITS/NR and 

mIIA/NR therefore means that only few of the resources put in IT and investments in IA 

are generating the net revenue of the banks 

• A high mF/Empl. is desirable. A high mF/Empl. means the banks allocate high resources 

(EUR amounts) per employee in order to strengthen the knowledge capital towards 

digitalization, with these resources having a focus either in ITS or IIA. 

• A high mIA/NR is desirable. High levels of mIA/NR show that the true volume of IA is 

high.  

• A high mIA/TA is desirable. High levels of mIA/TA show that IA have a great part over 

the total assets of the banks, indicating tendency towards digital maturity.  
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In the following sub-sections, the results of the clustering analysis will be discussed so that a 

conclusion of the maturity level of each cluster per time interval can be reached.  

 

7.1.1.2 Year 2008 to 2011: 

 

Cluster 1: Flow ITS: The first cluster has low mITS/OP.EX. which would mean the banks 

included in the cluster are spending little on IT resources, thus, they do not seem to look into 

improving their IT infrastructure towards digitalization. Nevertheless, with low mITS/OP.INC. 

and low mITS/NR, it seems the low ITS is efficiently producing revenue and operating income. 

The average mITS/Empl. would mean the banks either are not looking directly into improving 

their human capital towards digital awareness or have already trained them in the past. As a result, 

when looking at the ITS flow variables, the banks of cluster 1 seem to be in a somewhat mature 

level of digitalization. 

 

Flow IIA: From the flow of IIA perspective, contrasting results are observed. The very high 

mIIA/OP.EX. indicate the banks are investing a lot in IA, therefore, still being in a transitioning 

phase towards digitalization. With an average mIIA/OP.INC and mIIA/NR, the cluster’s very high 

investments in IA seem to not have taken effect in generating income and revenue. Finally, the 

high mIIA/Empl. shows the banks are putting in resources in order to increase the knowledge 

capital towards digitalization. Summing up, the flow of IIA variables indicate the cluster is in a 

maturing phase towards digitalization.  

 

Stock IA: Lastly, the stock variables are complementing the flow variables in the results. Having 

an average mIA/NR and mIA/TA shows the banks have a respectable part of their TA dedicated 

in IA and are generating a somewhat significant volume of revenue, stipulating a maturing phase 

towards digitalization.  

 

Therefore, the first cluster depicts a digitally maturing degree.  

 

Cluster 2: Flow ITS: The average mITS/OP.EX. and average mITS/Empl. show the banks might 

be looking into improving their IT operational resources as well as their knowledge capital. 
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Complementing that, the high mITS/OP.INC and high mITS/NR indicate inefficient operational 

and general performance of the IT resources, which might mean they are currently not using their 

IT resources efficiently. In conclusion, the ITS flow results are indicating a somewhat digitally 

beginning/norming phase.  

 

Flow IIA: The very low mIIA/OP.EX. and low mIIA/Empl. indicate that the banks of the second 

cluster are not in a sufficiently mature phase towards digitalization, as they invest very little part 

of their operational expenses in IA and knowledge capital. The average mIIA/OP.INC. and average 

mIIA/NR are complementing the immature or beginning phase of this cluster as they indicate a 

somewhat inefficient investment in IIA which does not generate adequate income and revenue. As 

a result, the flow of IIA positions the cluster in the beginning/norming state. 

 

Stock IA: Regarding the stock results, consistency with the flow variables is observed as the low 

mIIA/TA and low mIIA/NR indicate a low volume of IA.  

 

Concluding, the second cluster shows digitally beginning/norming levels.  

 

Cluster 3: Flow ITS: The high mITS/OP.EX. but not so high mITS/OP.INC and mITS/NR 

indicates that this cluster is spending a lot of its operational resources in IT but has still average 

performance (operating income and revenue). Additionally, the average mITS/Empl. shows the 

cluster is currently dedicating some resources in knowledge capital. This may resemble the 

behavior of an organization’s transition towards digitalization.  

 

Flow IIA: The flow of IIA shows average results for all variables. There is an average amount of 

investments in IA as part of the operational expenses and as knowledge capital. Also, the 

investments in IA are generating average operating income and show average efficiency towards 

revenue generating. That clearly suggests that, according to the flow of IIA, the cluster is in a 

transitioning phase towards digitalization.  

 

Stock IA: The stock variables of IA complement the previous findings as the high mIA/TA and 

mIA/NR show high volume of IA in general and over TA.  
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As a result, the third cluster finds itself in the digitally Transforming level.  

 

7.1.1.3 Year 2012 to 2014: 

 

Cluster 1: Flow ITS: Looking at the flow of ITS for the first cluster, all the results indicate that 

the banks may be in a digitally transitioning phase. This is due to the average level of ratios 

compared to its peers. That may mean that the banks included in this cluster neither spend a lot in 

IT and knowledge capital nor show an effective performance of their existing resources for 

generating OP.INC and NR.  

 

Flow IIA: On the other hand, when looking at the flow of IIA, the results indicate a somewhat 

mature phase towards digitalization. Namely, the high mIIA/OP.EX. and average mIIA/Empl. 

indicates the banks included in the cluster are investing towards IA and its knowledge capital 

improvement. This is complemented by the average mIIA/OP.INC. and mIIA/NR which indicates 

their current resources and investments are generating operating income and revenues.  

 

Stock IA: Finally, looking at the flow of IA the high mIA/NR and high mIA/TA indicate that there 

are high volumes of IA unaffected from the growth which may be responsible for generating 

revenue.  

 

Consequently, the first cluster may be depicted as digitally maturing. 

 

Cluster 2: Flow ITS: The flow of ITS shows uniformly low results which lead to contrasting 

conclusions. On the one hand, the low mITS/OP.EX. and average mITS/Empl., indicate the banks 

are not spending on IT resources and knowledge capital as part of their OP.EX. and for employees. 

On the other hand, the low mITS/OP.INC. and low mITS/NR shows that existing resources are 

not effective in generating operating income and revenue. These position the second cluster in a 

transitioning phase in terms of ITS. 
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Flow IIA: Regarding the flow of IIA, the results are uniformly average, which clearly positions 

the cluster in a transitioning phase. More precisely, the average mIIA/OP.EX. and mIIA/Empl. 

shows the banks are investing moderate amounts towards IA and its knowledge capital whereas 

these resources are generating average OP.INC. and NR.  

 

Stock IA: Finally, the stock of IA is complementing the previous average results as both stock 

ratios are at an average level compared to their peers, leading to the conclusion the banks of this 

cluster are in a transitioning phase towards digitalization.  

 

The contrasting average results lead to the conclusion that this cluster is digitally transforming. 

 

Cluster 3: Flow ITS: The high mITS/OP.EX. and high mITS/Empl. indicates that the banks of 

this group are dedicating a lot of resources in IT and knowledge for their employees, making them 

digitalization intensive. On the other hand, high mITS/OP.INC. and mITS/NR show that even 

though they might be looking into improving their IT, they are still not operationally efficient from 

and are not improving their revenues as high ITS is required to generate OP.INC and NR. That 

positions the cluster in a less mature or digitally beginning/norming stage.  

 

Flow IIA: The mean ratios of the flow of IIA for the third cluster shows consistently negative 

results. This is due to the calculations for IIA which is based on the YoY Var of IA. For the years 

2012 to 2014, the banks included in this group were decreasing their IA in such a degree that, even 

after the addition of amortization, the final amount of IIA is negative. This leads to negative ratios 

for the flow of IIA. Therefore, very low mIIA/OP.EX. indicates the banks of this cluster were not 

investing in IA as part of their OP.EX. Consequently, the very low mIIA/OP.INC. and mIIA/NR 

indicates a negative turnover due to the absence of investment. Finally, the negative amount 

dedicated to knowledge capital shows a divestment of the banks included in this cluster. As a 

result, the flow of IIA positions the third cluster at an immature or digitally beginning/norming 

stage.  
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Stock IA: Regarding the stock of IA, the low mIA/NR and low mIA/TA is complementing the 

previous results as it indicates that the banks of the third cluster have low volumes of IA. Therefore, 

they may be in a less mature phase towards digitalization than their peers.  

 

Summing up, the third cluster can be placed at digitally norming/beginning stage.  

 

7.1.14 Year 2015 to 2017: 

 

Cluster 1: Flow ITS: The flow of ITS of the first cluster shows high mITS/OP.EX. and average 

to high mITS/Empl., indicating the banks of this cluster are spending high amounts of their 

resources in IT and IT knowledge. This comes in line with the current performance of IT when 

mITS/OP.INC. and mITS/NR is average, which means they use their resources somewhat 

effectively. That positions the cluster from the ITS flow perspective in a digitally maturing 

position. 

  

Flow IIA: The average mIIA/OP.EX. and average mIIA/Empl. of the second flow, complements 

the first flow’s results of average investments towards digitalization through IIA and knowledge 

of the employees. Nevertheless, the overly high mIIA/OP.INC. and mIIA/NR show there has been 

a high turnover on investment in IA, generating high OP.INC. and revenue. As a result, the first 

cluster is in a maturing phase towards digitalization. 

 

Stock IA: From the stock variables perspective, the results are consistent, with mIA/TA and 

mIA/NR being high, which means there is already a high volume of IA irrespective of growth.  

 

Consequently, the first cluster may be described as digitally maturing. 

 

Cluster 2: Flow ITS: The second cluster shows generally low flows of ITS. The low 

mITS/OP.EX. and mITS/Empl. indicate that the banks of the cluster are currently not spending on 

IT resources. On the other hand, the low mITS/OP.INC and mITS/NR indicate a somewhat 

efficient performance of their existing IT resources, suggesting that spending towards 
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digitalization may have already taken place previously. Implying that and the banks are currently 

digitally transitioning  

 

Flow IIA: The flow of IIA is complementing the previous results as mIIA/OP.EX. and 

mIIA/Empl. are average that implies that there is still some form of investment towards IA and 

knowledge. Additionally, the high mIIA/OP.INC. and mIIA/NR show there has been some 

investments in the past which are currently generating OP.INC. and revenue. Consequently, 

according to the flow of IIA, the cluster is still in a transitioning phase.  

 

Stock IA: Finally, from the stock perspective, the average mIA/TA and average mIA/NR are 

complementing the transitioning phase of the cluster as there is an average amount of IA.  

 

Concluding, the second cluster may be described as digitally transforming.  

 

Cluster 3: Flow ITS: The third cluster of this time interval shows average mITS/OP.EX. which 

may mean that there is a mediocre spending towards IT. Additionally, the average mITS/OP.INC 

and mITS/NR shows the current IT resources are not generating adequate OP.INC and revenue. 

Despite high mITS/Empl. the cluster seems to be less mature or digitally beginning/norming from 

the ITS perspective.  

 

Flow IIA: The flow of IIA has consistently average results for all the variables over OP.EX., 

OP.INC. and NR, indicating an adequate investment towards IA and adequate turnover of those 

investments, which would position the cluster in a less mature phase compared to its peers. 

Nevertheless, similar to the flow of ITS, the flow variable over Empl. is high, indicating the 

cluster’s employees may have the opportunity to increase their competences.  

 

Stock IA: From a digital stock point of view, very low mIA/TA and mIA/NR show that there is 

no respectable amount of IA that is argued to be essential for digitalization. Therefore, positioning 

the cluster at a digitally beginning phase.  

 

As a conclusion, the third cluster may be delineated as digitally norming/beginning. 
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Time Interval Cluster 1 Cluster 2 Cluster 3 

2008 – 2011 Maturing  Beginning/Norming Transforming 

2012 – 2014 Maturing Transforming Beginning/Norming 

2015 - 2017 Maturing  Transforming Beginning/Norming 

Table 11: Digital maturity stages per cluster and time interval. 

 

7.1.2 Does accounting performance differ in regard to the extent of digital transformation?  

 

Applying the cost-income ratio as the operating efficiency measure, Hypothesis 1a - operating 

efficiency differs in regard to the extent of digitalization - cannot be confirmed. Rejecting this 

hypothesis is based on the results of Table 10 and results of post hoc comparison Figures 8, 9 and 

10 showing that the p-values for CI are larger than our chosen significance level α = 0.05. The F-

statistics were above >1 but below the critical value of 3.44 (Field, 2009) corresponding to two 

and 22 degrees of freedom (p = 0.05). A value above one indicates that the ANOVA model is a 

robust model for the data applied (Field, 2009). However, since the F-ratio is below the critical 

value and the p-value is above the chosen significance level there has been no effect of differences 

in performance. The observed values are therefore insignificant.  

 

The same holds for the profitability measures. Using return on assets (ROA), return on capital 

(ROC) and operating margin (OM) as profitability measure, Hypothesis 1b - profitability differs 

in regard to the extent of digitalization - cannot be confirmed. The rejection of this hypothesis is 

based on the results of Table 10 and the results of the post hoc comparison Figure 8, Figure 9 and 

Figure 10, showing that the p-values for ROA, ROC and OM are larger than our chosen 

significance level α = 0.05. In 2008 to 2011, the F-statistics were below <1 whereas in 2012 to 

2017 the F-statistics were above or close to one. However, all F-ratios for profitability measures 

were below the critical value of 3.44 (Field, 2009) corresponding to two and 22 degrees of freedom 

(p = 0.05). As already mentioned, a value above one indicates that the ANOVA model is a robust 

model for the data applied. However, since the F-ratios are also below the critical value and the p-

values are above the chosen significance level, there has been no effect of differences in 

performance in regard to different levels of digital transformation. The observed values are 

therefore insignificant. 
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That leads to an overall rejection of Hypothesis 1. It needs to be concluded that bank performance 

is unlikely to differ in regard to the extent of digitalization for the investigated sample. 

 

Since the model applied both ANOVA and Welch ANOVA just as Tukey HSD and Games Howell 

post hoc test the model results of this research are assumed to be robust and reliable.  

 

The existing literature emphasized the beneficial role digitalization and innovation play on overall 

firm performance (Fitzgerald, Kruschwitz, Bonnet & Welch 2013; Muiruri & Ngari, 2014; Akhisar 

et al., 2015; Bughin et al., 2017; Weill & Woerner, 2017, Sujud & Hashem, 2017). However, the 

distinct results from the empirical research in this paper contradict the insight into the expected 

effects of digitalization on firms accounting performance. The results of the ANOVA model 

suggest that differences in firm performance are, to a great extent, unlikely in relation to digital 

transformation efforts. These results, however, give rise to the question why there was there no 

coherent outcome.  

 

According to Weill and Woerner (2017), digitally mature firms have a profit margin that is 

approximately 16 percentage points higher than their peers whereas Fitzgerald, Kruschwitz, 

Bonnet and Welch (2013) found that digital leaders benefit from a nine percent increase in revenue 

creation and a 26 percent increase in profitability and, thus, outperform their rivals. 

 

Similar to this paper’s empirical research, Bughin, Catlin, Hall, and Van Zeebroeck (2017) divided 

firms into three distinct groups (lagging, baseline, best practice) according to their digitalization 

ranking. It was found that their digital intelligence scoring was statistically significant and 

positively correlated to revenue and EBIT, confirming the linkage between companies’ revenue 

and their digitalization level.  

 

The results described in this research show that digitally more mature banks do not outperform 

digitally less mature banks. Specifically, mean values of operating efficiency measures and 

profitability measures are unlikely to differ in regard to digital transformation efforts. In-depth, the 

results do not substantiate the findings of various studies.  
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7.1.3 Possible justifications  

 

It may be assumed that the insignificance of the results is due to inferior construct validity resulting 

from shortcomings in the stock and flow scoring methodology that depicts the degree of 

digitalization or the choice of k-means clustering methodology per se rather than stock and flow 

variables not being a valid estimate of digitalization. The approach of measuring objectively, thus, 

moderating the potential for bias, might have been on the expense of a more coherent outcome as 

indicated from Tables 3, 4 and 5 that depicts large data dispersions and similar means per digital 

maturity group resulting from the k-means grouping.  

 

Scott et al. (2017) found that changes in performance owing to digital innovations and 

transformations show initial improvements only after a minimum time period of four years and 

can take up to ten years. In contrast to this, Wyatt (2005) argues that from a financial point of view, 

the realization of value from investment opportunities based on software innovations can be less 

than a year due to short technology cycles time. Short cycle times decrease the lag to cash inflows, 

hence, the accumulation of (intangible) asset stock. If this paper assumes that software technology 

cycle times equal software innovation cycle time, it can be claimed that from a financial 

perspective the three to four-year time intervals applied are long enough to show a solid effect on 

firm performance regardless the risk of the project/initiative. However, digital innovation may not 

only concern software innovation but, for instance, new infrastructure and information system 

implementations that enable new digital services. In this respect, accounting measure may not 

capture the entire potential of investment within a year (Bharadwaj, Bharadwaj & Konsynski, 

1999). Therewith, the effect and extent of time lags for asset stock and cash flows will not be fully 

captured by the three to four-year time intervals applied in this research. Meaning that digital 

efforts may not be appropriately reflected on firm performance for this papers sample.  

 

Literature further debates that value and desired performance improvements from innovations may 

be never realized as investments are directly exposed to firm environment uncertainties, 

reluctances in workforce and rapid value changes that affect operations (Bharadwaj et al., 1999; 

Wyatt, 2005; Fitzgerald et al., 2013). Furthermore, it is claimed that in competitive markets, 

decreased costs through efficiency gains can lead to price reductions which, however, can cancel 
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out profitability gains by diminishing revenues and, consequently, profit (McKinsey, 2017). 

Moreover, Tunay, Tunay & Akhisar (2015) indicate that infrastructure based on relatively old 

technology may prevent banks from reaching performance goals. As this research does not verify 

how digital systems and channels are implemented, connoting if digital channels replace legacy 

systems or complement them, performance effects may be attenuated as Tunay et al. (2015) 

suggest.  

 

Furthermore, as assets become more digital, they also become less tangible (and more intangible). 

That has two implications for financial players. On the one hand, the accumulation of more 

intangible assets over tangible assets complicates the risk assessment (and incorporates most likely 

increased risk) if borrower will be able to meet payment obligations. Hence, banks may not lend 

against intangible assets or only with high interest as described in section 4.2 which, however, 

reduces the income source and dampens profitability (Houben & Kakes, 2002). On the other hand, 

since accounting profitability measures may not account for intangible value, increased 

profitability by means of digitalization may not be reflected in the selected accounting profitability 

measures directly (Bughin & Manyika, 2013). The former, however, implies that the change that 

digitalization brings to capital structure may promote equity financing and therewith the market-

oriented system rather than the bank-based capital market (Houben & Kakes, 2002).  

 

In summary, since this paper applies a different approach - namely a quantitative based study 

where the digital maturity construction is based on firms’ stocks and flows variables, used to form 

digital groups through k-means clustering as well as ANOVA models using financial performance 

variables to test the hypothesis - the outcome is not directly comparable to previous findings.  

 

Yet, the results show some alignment with conclusions reached from former empirical studies that 

focused solely on flow variables such as IT investments and IT spending (productivity paradox). 

Floyd & Wooldridge (1990) found that organizational performance may not only deteriorate but 

decrease if misaligned IT undermines a firms’ strategy. Kivijärvi & Saarinen (1995) found, in 

accordance to Scott et al. (2017) that investments in IT do not necessarily relate to superior 

financial performance in the short term. Chae, Koh and Park (2018) found that firms with enhanced 

IT capability does not relate to superior performance in each industry. Ho, Wu and Xu (2011) and 
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Motiwalla, Khan and Xu (2005) also found no impact of IT investments on firm performance. 

Concluding that the effect on financial measures of business performance is inconsistent (Chan, 

2000).   

 

Above mentioned methodological considerations will be further discussed in the limitations 

section. 

 

7.2 Discussion of Limitations 

 

The hypothesis that accounting performance differs in regard to the extent of digitalization was 

rejected. However, the results are subject to certain limitations. To ensure a holistic perspective on 

limitations, both internal, external, and construct validity will be discussed along with the 

reliability of the study.  

 

7.2.1 Internal validity 

 

The instrumentation, even though bringing objectivity, entailed some difficulties due to having 

multiple sources for the data collected. A further limitation involves the sample size being 

relatively small due to limited/ missing data points concerning stock and flow variables. A limited 

sample size can be prone to extreme values (Saunders et al., 2009) that in turn can distort the entire 

data set and impacts the opportunity to establish a causation for the model results. Additionally, 

the lack of an existing proven digital maturity assessment framework prohibits the possibility of 

establishing a causal relationship between the selected maturity framework and firm accounting 

performance.  

 

Moreover, the geographical focus on Europe may impose an additional limitation. Since Europe 

was chosen for reasons of coherence it cannot be excluded that European banks may be more or 

less digitally evolved than American, Asian or Australian financial institutions. The mentioned 

factors can altogether affect the internal validity of the findings.   
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7.2.2 Construct validity 

 

This paper used stock and flow variables as a proxy for digitalization. Furthermore, accounting 

performance measure were used as a proxy for firm performance. This section discusses whether 

stock and flow variables in fact represent the extend of digital transformation. Moreover, it will be 

discussed if accounting performance measure can account for relevant aspects of firm 

performance.  

 

Previous studies (Decarolis & Deeds, 1999; Miranda et al., 2011; Roper & Hewitt-Dundas, 2015) 

have established evidence for stock and flow variables being a valid proxy for knowledge 

capability and maturity. Hence, applying this concept on digitalization may be regarded as adding 

value to the overall construct validity.  

 

Nonetheless, the lack of an existing digital maturity framework based on financial data or mere 

objectively obtained data (Reis et al., 2018) poses a challenge on creating a sound framework of 

measurement. Therefore, the constructed measurement for digital maturity may not capture all 

required aspects since, for instance, soft measures such as the existence of an aligned digital 

strategy, supporting governance mechanisms, staff trainings and organizational culture were not 

incorporated in the measurement.  

 

Moreover, firms have a voluntary (unregulated) choice to report intangible assets (Bughin & 

Manyika, 2013; Saunders & Brynjolfsson, 2016) which may result into inferior construct validity 

as the measured stock of intangible asset may not depict the actual asset stock. Inferencing that the 

digital maturity measure may not be valid concerning the stock values. Wyatt (2005), however, 

argues that established firms have a strong incentive to provide information about unobservable 

assets when projects such as digital transformation initiatives advance as associated intangibles 

assets tend to become embodied in other assets and become therewith less risky. Furthermore, 

firms have incentives to report intangible assets where management expects that those intangibles 

will lead to superior, future performance (Wyatt, 2005). Therefore, firms with more advanced 

digital projects may record higher levels of intangibles. This view is aligned with this research 

assumption that higher levels of digital asset stock demonstrate higher levels of digital maturity.  
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While this paper focuses on accounting performance, it is known that no single set of performance 

measure can account for all aspects of firm performance. Even though firm performance has been 

assessed using a variety of accounting measures, there is no universal guide for the most 

appropriate choice. Previous studies (Floyd & Wooldridge, 1990; Becalli, 2007; Sujud & Hashem, 

2007; Miranda et al., 2011; Muiruri & Ngari, 2014, Akhisar et al., 2015; Scott et al., 2017) have 

established evidence for the performance measures used, both, within the banking industry and 

outside. Hence, applying this selection of accounting measures may be regarded as adding value 

to the construct validity. 

 

It is worthwhile mentioning that performance and digitalization was measured objectively. The 

concept of digital transformation is not a uniform process which makes it difficult to distinguish 

in different advancement levels. Therefore, it can be argued that choosing a statistical clustering 

method such as k-means clustering to divide into digital degrees may be a viable and valid 

approach to help moderate the potential for bias.  

 

7.2.3 External validity 

 

The main concern in the discussion about external validity is the issue of conducting the 

investigation in a single industry and large-scale organizations. The limitation involves the 

representativeness of the sample. Any inferences based on the results are restricted to the nature 

of the banks. The sample consists of banks being the largest European banks measured in market 

capitalization. 

 

Moreover, the financial market is imposed to strict regulation which is likely to influence the 

results obtained to different times. Furthermore, financial institutions, like all public companies, 

are obliged to adhere to certain accounting standards that are subject to change and adjustments.  

  

Naturally, the implementation of certain measures may differ between organizations of different 

size and industry, therefore, the application of this model to other practices has potential, it may, 

however, be that the results obtained in this paper are difficult to generalize well for future periods.  
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7.2.4 Reliability 

 

Reliability refers to the degree to which researchers will arrive at the same insights if a study was 

to be conducted along the same steps as this paper presents. Although the analysis of this paper is 

based on secondary data which is publicly available, there has been, a challenge concerning the 

completeness of the dataset obtained. However, each step of data collection, preparation and 

transformation is described in a transparent manner and therewith reliable. Nevertheless, ratio 

computation was done manually and could, thus, be prone to the errors in reporting. Moreover, it 

is questionable if a researcher would arrive at the same digital maturity groups, even though the 

groups were clustered automatically by means of k-means clustering. The labelling of the group 

levels (beginning/norming, transforming and maturing) as well as the number of levels assigned 

is sensitive to subjectivity and interpretation of the stock and flow values displayed in each cluster.  

 

7.3 Discussion of Implications 

 

The aim of this study was to expand the knowledge frontier concerning digital transformation 

efforts and its impact on financial performance. The results of the ANOVA showed that there was 

no significance difference in accounting performance for the three depicted digitalization levels 

over the selected time intervals. 

 

7.3.1 Quantifying digital transformation 

 

This paper contributes to the growing literature of digital transformation and firm performance. A 

major practical contribution of the present research is that it provides an in-depth study that 

quantifies firm stock and flow variables in respect to digitalization, adding on the empirical 

findings of section 4.4. Therewith, presenting a quantitative derived proxy for digital 

transformation efforts or the construct of digital maturity using for the first time the stock and flow 

model in the financial services industry and specifically the banking sector. By this, it adds to the 

empirical knowledge of sector specific quantification of digital maturity.  
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This paper, additionally, delivers empirical data of digital transformation effects on firm financial 

performance. Organizations and individuals interested in gaining a deeper understanding of digital 

transformation and, in particular, how it can be described and measured using financial variables, 

can apply the proposed models in their context. The presented measures are thought to be generic 

in the sense that they are applicable to different settings since no novel, firm-specific financial 

measures were used.  

 

It is likely that the proxy of digital transformation requires general refinement, complementation 

and re-assessment according to availability of data and comparability of datasets of future 

researches. This will be further elaborated on in section 8.  

 

7.3.2 Value creation through decision-making 

 

In section 4.1 it was found that digital capability is critical to value creation and capturing. 

Researchers argue that the inability to realize improved business performance from technology 

and digitalization can partly be due to a mismatch between business strategies and technology 

(Huang, 2011) or simply management’s failure to contemplate technologies through digitalization 

strategies (Matt, Hess & Benlian, 2015). That raises the question on how financial investments in 

digitalization combined with other organizational factors may affect overall firm performance. 

Kane, Palmer, Philips, Kiron & Buckley (2015) found that in digitally maturing organizations 

nearly 90% of strategies focus on improving decisions. As a consequence, this section proposes a 

discussion of digitalization efforts in light of managerial decision-making, including factors such 

as decision time and quality.  

 

The inertia of decision-making in large organizations regarding company strategy and large efforts 

are commonly known. On the one hand, a slow decision-process can be of advantage as it impedes 

decision-makers to manipulate in an efficient direction as result of extensively assessing decision 

proposals (Hendrikse, 2003). On the other hand, it is argued that a firms’ success is to a large 

extend determined by the leadership’s quality and speed of decision-making, especially relative to 

speed of the market and competitive environment (Sipp & Carayannis, 2013; Bharadwaj, Sawy, 

Pavlou & Venkatram, 2013). Digital capability decisions, yet, often accompany various risks 
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resulting from incorrect identification and deployment of resources and capabilities, including 

irrecoverable deployments costs and complex implementation processes, together with a rapidly 

changing business environment (Chae et al., 2018). For this reason, speed also recognizes the 

importance of network effects, specifically, the speed of coordination of service offerings and 

dynamic adjustments (Bharadwaj, Sawy, Pavlou & Venkatram., 2013).  

 

The impact of digitalization is therefore twofold: on the one hand, digitalization can improve the 

speed of decision making by providing a wealth of information and advanced analytics. On the 

other hand, in order for digital transformation efforts to be productive, it is essential that 

management makes the appropriate decisions supported by network, company culture and strategy. 

Therefore, the proposed Digital Maturity framework of this paper benefits the management of 

firms in timely decision making.  

 

By providing a ready-to-use measure of their digitalization strategies applicable through common 

financial performance measures, decision makers can identify their level of progress and 

benchmark towards their peers.  

 

8. OTHER PERSPECTIVES AND SUGGESTIONS FOR FUTURE 

RESEARCH 

 

In addition to the previously mentioned limitations of in this paper, suggestions for future research 

are presented and a selection of other perspectives of relevance when considering digital 

transformation and its impact on firm performance. Initially, a perspective on the efficiency of 

investments in digital transformation efforts will be described. Subsequently, a perspective on 

digital transformation and companies’ market performance will be elaborated on. Finally, a 

complementing digital maturity assessment framework will be proposed in order to cater for 

selected limitations that were found in section 7.2.  
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8.1 Overinvestment in digital transformation efforts  

 

According to Gartner (2017), digital transformation is the first business priority for 58% of CEO’s 

in 2017. Furthermore, it was found that 47% of 388 CEO’s surveyed by Gartner felt pressured 

from their board of directors to make progress as digital business. Further, the retail banking sector 

spent about $20 billion on hardware, software, services, and internal IT staff to develop digital 

transformation initiatives in 2017 (Rodriguez, 2018). Nonetheless, it is claimed that industries 

were overall less than 40% digitized in 2017 (Gartner, 2017; McKinsey, 2017). 

Similar to the IT “Productivity Paradox”, initially raised in the late 1980s (Brynjolfsson & Hitt, 

2000), the amount of effort spend on the digital transformation efforts towards a digital business 

raises the questions of efficiency – namely whether there is an overinvestment in digitalization 

from businesses and whether existing industry models are more viable to maintain.  

 

Considering information about future trends is revealed over time, Kauffman et.al (2015) 

suggested that firms’ management would benefit from deferring digitalization investment decision 

based on expectations. Higher risks and volatilities from future trends will yield higher return on 

the investment.  

 

It is argued that digital transformation is a zero-sum game. Meaning that a win by one party comes 

from the loss of another. In game theory, if an existing occupant or a new entrant finds a viable 

digital strategy and business model, the industry structure may change fundamentally in a manner 

that benefits that firm. As digital business models may have the potential to rapidly scale, 

considering that scaling imposes little to no variable costs on the business, digital competitors may 

focus on taking market share from incumbents. As a result, it can be assumed that growth through 

digitalization and digital transformation may come from exhausting the competition rather than 

from overall available growth (McKinsey, 2017).  

 

With a market that remains competitive and with more than one firm looking to acquire or retain 

customers, the decreased costs associated with a digital business model may bring price reductions. 

This is resulting in diminished revenues and reduced profit growth for all competitors in the market 

therewith, also depleting firms’ ability to innovate and digitally transform (McKinsey, 2017).  
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Consequently, a situation that can be depicted as the prisoner’s dilemma becomes apparent. The 

prisoner’s dilemma is a paradox in decision making where two individuals act in their own self-

interest. Meaning that they pursue their own interest that leads to a worse outcome than if they had 

cooperated with each other in the decision-making process. Thus, the typical prisoner’s dilemma 

can be depicted in such a manner that both parties choose to protect themselves at the expense of 

the other participant. As a result, decisions that are rational from the point of view of an individual 

and decisions that are rational from the point of view of a group may diverge (Hendrikse, 2003; 

Dodge, 2012). 

 

In game theory, a dominant strategy for a player is one that produces the best payoff for that player, 

regardless of the strategies employed by other players (Dodge, 2012). Therefore, a dominant 

strategy for the individual company in the prisoner’s dilemma can result in a poor outcome for 

every company when played by each firm. Industry players could all choose to co-operate and 

decide to not digitally transform in order to prevent total available revenue and profit growth from 

shrinking. However, in a market environment with pressure from different stakeholder, the board 

of directors and already existing digital companies such as Alibaba, Amazon and Google that proof 

successful players with a large customer base, it is most likely not possible to adhere to the prisoner’s 

dilemma suggested best outcome where both prisoners decide to not digitally transform its 

business. Therewith, achieving the best collective result. For this reason, it only leaves existing 

market players to invest enough in digitalization and digital transformation to either disrupt or 

learn to follow in a fast manner (McKinsey, 2017; Dodge, 2012). 

 

Thereby, the question about the rationale of a potential overinvestment in digital transformation 

efforts and its efficiency is not easily answered and needs to be researched further. However, the 

expansion of this topic from a game theoretical point of view is beyond the scope of this paper.  

 

8.2 The effect of digital transformation effort from a market point of view  

 

Market valuations of many Internet-based companies are higher than those of their counterparts in 

other sectors. However, many Internet leaders earn lower returns on equity than established 

technology companies (Bughin & Manyika, 2013). If the market does not make irrational bets on 
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growth potentials of digitally advanced companies the rejection of the hypothesis by the ANOVA 

model raises the question whether accounting performance measures can in fact demonstrate 

profitability and operating efficiency by means of digitalization correctly.  

 

It is argued that digital transformation enables banks to boost their enterprise value (Dapp, 2017). 

But why is the increase in value not delineated in accounting performance? An explanation may 

be that, as previously mentioned, digital assets are often not accounted for since they belong to the 

intangible asset class and may, therefore, not be represented in balance sheets and traditional 

accounting measures such as return on assets (Bughin & Manyika, 2013). This is aligned with the 

finding from Brynjolfsson, Hitt and Yang (2002) who found that $1 of technology hardware stock 

is correlated with more than $10 of market value, suggesting that there are $9 of unmeasured 

technology-related intangible assets for every $1 of hardware (Brynjolfsson, Hitt & Yang, 2002; 

Saunders & Brynjolfsson, 2016). Another reason may be a time lag between spending on 

digitalization and the realization of the associated benefits.  

 

Concluding, accounting measures do not only lack the incorporation of future benefits of 

intangible assets. Arguments against accounting measures include also the insensitivity to time 

lags as mentioned in section 7.1 and the reflection of past performance (Bharadwaj et al., 1999).  

 

Daniel & Titman (2006) argue that returns can be decomposition into tangible and intangible 

returns. To gain a more comprehensive view on performance, this section proposes to use market 

performance measures (or a combination of accounting and market performance measures) instead 

of accounting performance measures in the one-way ANOVA model to test Hypothesis 1.  

 

Market measures such as Price-to-Earnings (P/E) ratio or Tobin’s q are argued to have several 

advantages according to Bharadwaj et al. (1999):  

 

• Share prices represent a direct measure of stockholder value.  

• Stock prices are claimed to fully reflect all available aspects of performance.  

• Share prices cannot be manipulated in reporting such as accounting measures.  

• They can be adjusted for general market movements, inflation, and a firm's market risk. 
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• Managerial decisions-making may be reflected in a share price.  

 

The price-to-earnings ratio is a measure of market confidence in the shares of the firm. The ratio 

is calculates using current share price divided by earnings per share. The higher the P/E ratio, the 

better the expectation of the firm’s future profitability. It is, however, also argued that the P/E ratio 

creates a misalignment for valuation purposes as the historical earning are divided by the share 

price that reflects the present value of future earnings (Masa’deh, Tayeh, Al-Jarrah & Tarhini, 

2015).  

 

Tobin’s q is defined as the ratio of market value of the firm to the replacement to its assets. Tobin’s 

q is a financial market measure that incorporates the intangible value (Bharadwaj et al., 1999). The 

measure was first introduced by James Tobin as a predictor of firm’s future investments. Since 

then it was used in multiple occasions: for instance. as an alternate measure of business 

performance or indicator of a firm’s intangible value (Bharadwaj et al., 1999).  

 

However, critics of market measure also argue that market measure do not properly reflect the true 

economic value of a firm as stock prices react to information and market signals instantly. Positive 

but also negative publicity can therefore promptly change a firm’s market value. According to 

behavioral finance literature, investors are, additionally, prone to errors in information processing, 

namely overconfidence and conservativism (Bodie et al., 2014) 

 

The above section proposed two market measures that can be utilized to test the in section 5.1 

developed hypothesis from a market point of view or a combination of both accounting and market 

perspective in order to enhance construct validity of this research. The expansion of this topic, 

including data collection and data cleaning as well as the comparison of the new findings with the 

previous findings is, however, beyond the scope of this paper. 
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8.3 Suggestions for future research 

 

Having rejected the hypothesis of the fifth research sub-question, the aim of this section is to 

consider other suggestions on addressing the research sub-questions for further researches 

interested in expanding the scope of this paper.  

 

Section 4.3 concluded that an appropriate way to measure the extent of digitalization may be by 

means of IT spending and investments in intangible assets as flow variables together with the stock 

of intangible assets. As discussed in section 7.2.2 it is argued that no single set of performance 

measure can account for all aspects of firm performance. The same applies to digital maturity: no 

single set of digital maturity measure can account for all aspects of a firm’s digitalization 

performance. As derived from section 7, there are multiple fundamental aspects that are important 

to be incorporated in a digital maturity measure. In an attempt to expand the way digital maturity 

can be measured in a reliable manner, for the purpose of comparison and future research, 

propositions for a complementing digital maturity assessment framework will be suggested.  

  

Digitalization is said to enhance organizational capabilities, resulting in tailored products, 

improved quality and better customer satisfaction while enabling automation and streamlining 

processes. Moreover, the facilitation of improved labor and management productivity is desired. 

Such improvements, however, may often not be reflected in improved financial performance 

(Chan, 2000) as confirmed by the results of the ANOVA model in sections 6 and 7. The lack of 

digital maturity assessment measures based on financial data or mere objectively obtained data 

(Reis et al., 2018) poses a challenge on creating a sound framework of measurement. Even though 

the proxy created in this paper may be supported by various empirical research (Decarolis & 

Deeds, 1999; Miranda et al., 2011; Roper & Hewitt-Dundas, 2015) it is unclear how large the 

impact of additional factors would have been on the group clustering and, consequently, on the 

ANOVA model results. A consideration in this regard concerns the question as to which additional 

(non-financial) factors in combination with the existing, constitute to a sound digital maturity 

measure. One challenge when applying metrics is that they can be process- (task that is defined in 

one way of working or process but not in another) or firm-specific (Olszewska et al., 2016). In the 
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interest of having a generalizable applicable framework that can be applied for other purposes, the 

proposed measures will be as transparent and universal as possible.   

 

In addition to that, the applied stock and flow variables may also subject to complementation. In 

2015, it was found that digitally maturing companies developed four key technologies, those being 

social media platforms, mobile applications, analytics and cloud computing (Kane et al., 2015). 

Therefore, it may be viable to further distinguish the stock variable not only in intangible assets 

but distinguish the different types of intangible assets.  

 

As previously mentioned, Kane et al. (2015) found that in digitally maturing organizations nearly 

90% of strategies focus on improving decisions. As a consequence, digitalization efforts should be 

further considered in light of managerial decision-making, including factors such as decision time, 

company strategy and organization's culture and its possible effect on firm performance.  

 

8.3.1 Timely decision making and organizational culture 

 

In order to accomplish timely managerial decisions, it is vital that a business has established 

technology and feedback loops. Having analytics and digital feedback systems in place allows 

mangers to access a plethora of information and different alternatives quickly. Hence, uncertainty 

considering consequences can be reduced and the decision-making process expedite. This, in turn, 

facilitates prompt decision implementations, including novel digital initiatives, product launches 

or similar which may contribute to improved brand awareness (communication factor), increased 

customer satisfaction, customer retention and/or acquisition. Consequently, it can potentially 

increase the market share, profitability and efficiency. An example that would benefit a financial 

service player may be the acquisition of large amounts of customer deposits with low operational 

costs (distribution factor) (Bharadwaj et al., 2013; Whaling, 1996).  

 

Kane et al. (2015) found that digitally maturing organizations take higher risks than their less 

digitally mature peers. Furthermore, it is claimed that the focal point of a digital transformation of 

the banking business is the executive management which takes the leading role in changing the 

organizational culture (Krstic & Tesic, 2016). Therefore, literature suggests that manager need to 
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embrace failure as a prerequisite for digital success in their decision-making and foster a 

corresponding organizational culture. According to Hendrikse, an organizational culture is defined 

as “common values, norms and practices of an organization” (Hendrikse, 2003). It expresses the 

priorities of an organization and leads employees to co-coordinate their decisions and to take 

actions in the interest of the company and their digital strategy. Having a less risk-averse 

organizational culture that embraces change, creativity, collaboration and novelty can reduce 

costly delays of digitalization and innovation efforts. This will increase co-ordination, builds a 

foundation of new ideas and digital initiatives and activities are executed faster and more flexibly 

as a result of common communication. Consequently, raises the chance of producing positive 

results (Kane et al., 2015). 

 

The importance of a digital business strategy has been emphasized in section 4.1 along with the 

significance of obtaining a competitive advantage through digital capability. This becomes 

fundamentally vital since the competitive environment of financial institutions faces new entrants 

such as Fintechs. Thus, established banking institutions require novel transformative ideas that 

prevents them from loss of current and future clients. 

 

Therewith, the success of a company and its digital transformation efforts depends to a large degree 

on a firms’ digital capability, including the managerial decision-making process and decision 

speed. Even though the proposed Digital Maturity framework can contribute towards timely 

decision making, company management, additionally, requires to facilitate the adoption of an 

appropriate organizational culture, an ongoing system adaptation, continuous learning just as the 

incorporation and evaluation of a variety of factors in their decision-making process so that the 

success of digitalization efforts may be mirrored on firms’ operating efficiency and profitability 

measures that goes along with a firms’ overall success (Sipp & Carayannis, 2013; Chan, 2000). 

Concluding that above mentioned factors are crucial to be incorporated to the existing digital 

maturity measure. 
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8.3.2 Digital governance 

 

The importance of managerial decision making is directly linked into an efficient digital 

governance (Robb & Parent, 2011). It is claimed that the desired improvement of firm performance 

can diminish when digital transformation efforts are not optimally utilized due to lack of adequate 

internal governance mechanisms. In section 4.2 is was found that financial intermediaries and 

therewith a bilateral governance structure is feasible where there are two independent parties with 

comparable power. However, the impact on internal governance has not been assessed. It is 

claimed that having an appropriate digital governance in place may alter the outcome of this 

research, namely the rejection of the hypothesis. (Weill & Woerner, 2018) 

 

Welchman (2015) defines digital governance as a model to establish clear accountability for digital 

strategy, policy, and standards. Strategies provide a long-term plan and objectives of a company’s 

digital direction. Digital policies provide guidance statements, manage risks and ensure that 

organizations interests are served. Standards delineate the minimum requirements and optimal 

state for quality and effectiveness of the digital scope such as infrastructure, development and 

design (Andrews, 2016). Robb and Parent (2011) argue that an appropriate framework must consist 

of guidance on structure, process and measurement. In other words, structure must provide a view 

on business requirements for current and future needs. Plans and policies describe when and how 

implementations of digitalization efforts happen whereas measurement depict the monitoring of 

coherence and performance of digital implementations. A single individual or group may not hold 

all required expertise over each particular knowledge area and therefore not having clear 

accountabilities in place can delay increase the risk of not realizing the best possible return on an 

organization's investment in technology (Welchman, 2015). 

 

In order to have a well-functioning governance it is important that a firm has strategies, policies, 

standards or else in place prior initiating digitalization efforts. Furthermore, it is vital that digital 

governance is overall aligned with government regulation the industry or firm is imposed to. 

Lacking such described prerequisites can delay or diminish the realization of improvement 

business performance since changes to internal processes are claimed to be difficult to undertake 

and time-consuming (Weill & Woerner, 2018). Consequently, the proposed digital maturity 
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measurement framework of this paper is lucking the considerations of a digital governance 

framework. 

 

Overall it can be said that a digital governance framework can promote digital transformation and 

its effect on firm performance by defining clear decision-making authorities. Consequently, 

facilitating rapid decision making, once again emphasizing the importance of managerial decision-

making as discussed. Overall concluding that, additionally to above, internal digital governance 

mechanisms are crucial for a firm's digitalization’s success. It is therefore implied that those 

measures should be also incorporated in the existing digital maturity measure. 

 

8.3.3 Advanced Digital Maturity Framework 

 

Concluding, it is vital to add at least four more measures into the digital maturity framework 

currently comprising the financial hard measure intangible asset stock, IT spending and 

investments in intangible assets (flow variables). The metrics to be included are speed of 

managerial decision-making, the existence of a digital strategy, an organizational culture that 

supports change and digitization as well as the existence of an appropriate digital governance 

framework.  

 

Consequently, it can be said that it is vital to incorporate both hard and soft measures into the 

digital maturity framework (Masa’deh et al., 2015). In addition to that, some research further 

argues in favor of incorporating, among others, customer satisfaction scores and the existence of 

employee training (Kaplan & Norton, 2014). Figure 11 presents the complemented digital maturity 

framework, showing proposed soft and hard measures.  
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Figure 11: Digital Maturity Framework 

 

Since soft measures can be easily of subjective nature, it is important to measure it in a quantitative 

objective manner. In the following, 2 different approaches will be presented. Option 1 follows the 

approach presented in section 7.1 of clustering to form maturity groups (digital advancement 

levels) and Option 2 follows the grouping presented by Miranda et al. (2011) instead of automatic 

clustering.   

 

Option 1: Firstly, it is suggested that the soft measures follow a simple linear scoring system 

where “absolute (relative)” gives one point, “average (relative)” (relative average being 45% to 

55% (Miranda et al., 2011)) appoints half a point and “non-relative” may give zero points. After 

scoring every line item and forming the total for the soft measures, ranks should be formed where 

the highest scored company will get the lowest rank, starting with rank one. Secondly, the scoring 

system for the hard measures (stock and flow variables) should follow the ranking approach 

described in section 7.1.1. Thereafter, by means of a statistic tool the data should be clustered by 

Firm #1 Firm #2 Firm #3

Digital governance Digital strategy in place

Digital governance Digital policies in place

Digital governance Digital standards in place

Customer satisfaction Net promoter score

Brand Digital image

Digital strategy Roadmap in place

Digital strategy Quality of roadmap - realistic plan?

Digital strategy Progress according to roadmap

Leadership Encouraging novelty, creativity, idea generation

Employees Training and development

Organisational culture Values that support the digital business model

Digital budget Funding and financing in place

Decision-making Decision time

Decision-making Feedback loops in place

Total Soft Measures

Firm #1 Firm #2 Firm #3

Stock variable Technology stock / total intangible assets

Stock variable Intangibles assets / tangible assets

Flow variable Investment in intangible assets / total operating expenses

Flow variable Investment in intangibles assets / # employees

Flow variable Investmet in intangible assets / total revenue

Flow variable IT spending / total revenue

Flow variable IT spending / total operating expenses

Flow variable IT spending / # employees

Digital value Benefits assessment vs. realisation

Digital budget Budget oversight (variance analysis)

Total Hard Measures

Digital Maturity Score

Soft measures

Hard measures
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using, for instance, k-means clustering, choosing three cluster groups. The cluster results generated 

require to be individually labelled by assessing the different scorings and ranks. While this 

approach utilizes an objective approach to form clusters it depends on a manual group labelling 

(norming/beginning, transforming, maturing) that is vulnerable to subjectivity. 

 

Option 2 follows the same scoring system for the soft measures. However, the ranking of the 

scores is not required. Additionally, the scoring for the hard measures follows the ranking approach 

described in section 7.1.1. in in a reversed manner (the higher the rank the better). After 

computation of the scores and forming the sum of the overall total (hard plus soft measure scores), 

the companies can be divided into low, middle and high scoring companies. This research follows 

the approach from Miranda et al. (2011) where, on the one hand, “high scoring/maturing” 

companies and, on the other hand, “low scoring /beginning /norming” companies account for 45% 

each. The remaining 10% (45% to 55%) constitute the “middle scoring/transforming” companies. 

The approach secures an objective labelling. However, the division may be overly simplified.  

 

This framework assesses a company’s digital maturity to a certain point in time relative to its peers. 

Therewith, a reassessment on regular basis will be required to account for any changes.  

 

In conclusion, digital transformation requires a balance between fundamental change by advanced 

technologies and disruptive business models on the one hand (depicted by digital asset stock and 

flow variables). And, on the other hand, support functions (depicted by soft measures such as 

digital governance, managerial decision-making, organizational culture) that are required to serve 

changing customer demand, keep customers attracted as well as managing the resulting frictions 

with the already existing business environment (von Kutzschenbach & Brønn, 2017). 

 

As it becomes apparent from above mentioned measurement ideas, the construction of a 

comprehensive digital maturity framework and especially value scoring poses challenges due to 

contingent subjectivity or oversimplification. Consequently, this section should be considered as 

proposition solely. The expansion of this topic, including objective data provisioning of the 

proposed additional factors, data cleaning, scoring just as the comparison of the originated groups 
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resulted from option one and two described in this section versus the approach delineated in section 

6.1 is beyond the scope of this paper.  

 

8.3.4 Further suggestions for future research 

 

While this study attempted to reduce the knowledge gap concerning the impact of digital 

transformation on firm performance within management, economics and finance, a range of topics 

deserve to be further researched, in addition to the other perspectives touched upon in this section.  

 

One area that is not focused on in this paper is the regulatory aspect of financial accounting of 

digitalization efforts and its implications on the results depicted. An additional aspect that could 

be investigated is the profitability and operating efficiency of pure digital players such as Fintechs 

compared to established traditional banking institutions. In this respect, the differences in 

regulation and its impact on firm performance could be further discussed.  

 

Moreover, a refinement of the methodological approach of digital transformation with respect to 

its impact on accounting performance can be further researched. Following improvement areas 

may be apparent. To begin with, future research may enhance construct validity by further refining 

the clustering approach. Secondly, further incorporating quantitatively measured soft performance 

indicators as suggested in this section may also enhance construct validity. Moreover, automating 

scoring and ranking can further eliminate errors in reporting. Finally, while there is much emphasis 

on digital transformation efforts, this paper does not quantify an optimal future state. Research that 

refines the methodological approach by quantifying when a bank can be defined as digitally 

transformed or matured could further enhance the validity of the digital maturity framework.  

 

In addition to that, this research is industry specific. Effects of digital transformation can differ 

between industries. Research aimed cross-industry or aimed at other industries could provide 

unique insights and results can be compared with this research in order to determine differences in 

effect.  
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9. CONCLUSION 

 

The objective of this paper was to answer the primary research question: “What are the 

implications of digital transformation from a strategy and management theoretical perspective 

within management economics and finance, and how do digital transformation efforts impact bank 

performance?”. The primary research question reflected the paper’s motivation of advancing the 

body of knowledge of digital transformation and digital maturity from a management and strategic 

perspective within management economics and finance and to test the hypothesis whether 

accounting performance of banks differs in regard to the extent of digitalization. As outlined in 

section 2, five sub-questions were developed that in combination answer the primary research 

question. The various sections of this paper contribute to acquire insight and conclusions required 

to address the sub-questions. In addition to that, the sub-question depicts the scope and 

delimitations of this paper since not all implications within management, finance and management 

economics can be accounted for.  

 

Since the first sub-question was outlined as “What is the concept of digital transformation? What 

role does ICT and digitalization play in value creation?”, it is appropriate to initially consider the 

conclusions from a strategic management perspective. The resource and knowledge-based view 

were linked to digital transformation and maturity. Increases of competitive advantage are tried to 

be achieved by firms by means of implementing innovative technologies and improving the 

knowledge and digital capabilities of their employees. The importance of an overarching digital 

transformation strategy was stressed in order for the management to take advantage of their 

existing resources and capabilities along with reaching the optimal potential of digitalization. It 

was found that to achieve their digital goals, it is beneficial for firms to measure their current state 

in the transformation process. Therefore, identifying their digital maturity level. The innovation 

cycle’s S-curve model was parallelized with the digital innovation process, and three stages/levels 

of digital maturity were defined: digitally beginning/norming, transforming and maturing. The 

importance the management perspective of digitalization plays for the banks is introduced.  

  

In regard to the second and third sub-question delineated as “What role does financial 

intermediation play within the financial market and what is the traditional role of banks as 
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intermediaries? How does digital transformation impact banks as financial intermediaries?”, it 

was found that the presence of transaction costs in financial markets show the importance of 

financial intermediaries’ roles and functions. Financial intermediaries reduce asymmetric 

information between borrow and lender as well as decrease adverse selection and moral hazard. 

Further, traditional financial intermediation implies the demand and supply of financial assets and 

liabilities, the administration of accounts, the riskless matching of preferences of borrowers and 

lenders just as the demand and supply of non-tangible assets and liabilities such as collateral, 

information and advice.  

 

Consequently, financial intermediation is economically important since it significantly reduces 

transaction costs, enables risk sharing, solves information problems, enables efficiency, economic 

development and stability which is a vital requirement for sustained economic growth. While 

digitalization may lead to a reduction in the traditional banking services, it was concluded that 

financial intermediaries can also find new valuable service offerings and will, therewith, remain 

critical in financial markets that move towards digitalization. It was found that transaction costs 

and risks can be further reduced by means of digital transformation. Moreover, even though new 

sources of information asymmetry may arise from digital transformation, efficiency gains in 

information collection and analytics can be noted as well. Intermediation is a trust-based business. 

Banks have a long history in enabling customers to gain access to funding, to safeguard 

transactions transfer and keep customers money safe. Therefore, banking institutions are vital as 

they provide trust and security for transaction validity. This is as well in alignment with their 

abilities to reduce information asymmetries, moral hazard and adverse selection. Consequently, 

the banking sector and financial intermediation will remain an interesting and critical industry in 

regards of digitalization efforts.  

 

Concerning the fourth sub-question defined as “What are the key line items and performance 

indicators for banking institutions in relation to digitalization?”, it was concluded that the stock 

of IA and the flows of IIA and ITS are the most suitable accounting line items to be used as proxy 

for digitalization in order to measure the digital maturity of the banks. Furthermore, the 

performance measures of ROA, ROC and OM along with the efficiency ratio of CI were found to 
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be the most suitable ones of the common performance financial ratios in order to assess the banks’ 

performance in connection to digital maturity.  

 

In the context of the fifth sub-question described as “Does digital transformation impact 

accounting bank performance?”, a hypothesis and two sub-hypotheses were developed and tested 

based on 1701 data points. Moreover, in order to test the hypothesis a digital maturity measure 

was instrumented with help of a strategic asset stock variables as well as several flow variables. 

Thereafter, three clusters were formed for each time interval. Neither hypothesis could be 

confirmed due to the statistical evidence from Table 10 where the means of the selected 

performance ratios are not significantly different for digitally beginning/norming, digitally 

transforming and digitally maturing banks for all three time-intervals applied. Therefore, it had to 

be concluded that digital transformation efforts or digital maturity measured in selected stock and 

flow variables is unlikely to impact financial accounting performance of banks. Various potential 

reasons and limitation to this outcome were found and require to be further researched. In addition 

to that, the one-way analysis of variance ANOVA model was found not to be a robust statistical 

model as observed F-values did not meet critical values at a 0.05 level significant level. It is 

noteworthy that the results are not generalizable for different industries and world regions just as 

across different company size, as the chosen method is focused on a specific region, industry and 

firm size measured by market capitalization.  

 

In summary, while the current research addresses the question “What are the implications of digital 

transformation from a strategy and management theoretical perspective within management 

economics and finance, and how do digital transformation efforts impact bank performance?”, 

this research may not yet adequately address related set of questions such as “when does digital 

transformation investments provide the most value; how much is an efficient level of digital 

investment and how can this value be captured best?”. In order to answer these questions 

appropriately, a further examination on a variety of theoretical and quantitative measures (on 

digital maturity and performance) and perspectives (on market and theoretical views) may be 

required. 
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APPENDIX A 

 

K-Means Clustering Results 

 

Year-group 

2008 – 2011  

Cluster 1 – 6 banks LLOY, NDA, STAN, CBK, SEBA, VTB 

 Cluster 2 – 11 banks INGA, UBS, BBVA, GLE, RBS, CSGN, KBC, SHBA, 

SWEDA, DNB, SAB 

 Cluster 3 – 10 banks  HSBC, SAN, BNP, ISP, BARC, ACA, DBK, UCG, 

DANSKE, EBS 

Year-group 

2012 – 2014  

Cluster 1 – 8 banks STAN, CBK, SAB, HSBC, ISP, BARC, DBK, EBS 

 Cluster 2 – 11 banks LLOY, SEBA, VTB, CSGN, SHBA, SWEDA, DNB, SAN, 

BNP, ACA, UCG 

 Cluster 3 – 8 banks  

 

NDA, INGA, UBS, BBVA, GLE, RBS, KBC, DANSKE 

Year-group 

2015 – 2017  

Cluster 1 – 11 banks STAN, CBK, SAB, HSBC, ISP, BARC, DBK, EBS, ACA, 

NDA, BBVA 

 Cluster 2 – 6 banks LLOY, SEBA, VTB, SHBA, SAN, UCG 

 

 Cluster 3 – 10 banks CSGN, SWEDA, DNB, BNP, INGA, UBS, GLE, RBS, 

KBC, DANSKE 
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  IIA / NR [L] IIA / Empl. [H] IIA / OP. EX. [H] IIA / OP.INC. [L] 

# Banks 08-11 12-14 14-17 08-11 12-14 14-17 08-11 12-14 14-17 08-11 12-14 14-17 

1 HSBC 22.00 16.67 19.67 7.7 7.0 9.0 5.33 5.33 9.33 16.33 13.67 15.67 

2 SAN 13.67 11.67 10.67 14.0 19.0 17.7 14.33 20.00 17.67 12.67 8.50 13.00 

3 BNP 11.33 18.00 14.67 19.3 17.7 21.0 20.00 16.67 21.33 6.67 5.33 3.67 

4 INGA 1.67 14.67 14.33 26.3 21.0 10.0 26.33 21.67 14.00 11.67 9.67 15.00 

5 UBS 5.67 14.00 5.67 23.3 18.0 22.3 23.33 18.00 23.33 4.67 1.00 1.67 

6 LLOY 17.33 12.00 10.00 9.3 15.3 13.3 8.00 16.33 15.00 12.33 8.00 15.00 

7 BBVA 14.00 8.33 12.33 13.7 20.3 16.3 12.67 20.33 15.67 10.67 9.50 14.00 

8 ISP 18.00 12.33 24.67 11.3 19.3 6.7 10.00 18.33 8.33 16.00 12.50 16.33 

9 NDA 24.00 10.33 26.67 6.3 10.0 1.3 8.33 13.00 2.67 12.67 9.83 21.33 

10 BARC 21.33 18.33 23.67 10.0 4.0 7.0 11.67 4.67 9.67 7.67 13.00 15.00 

11 GLE 9.67 6.00 16.33 22.3 20.0 22.0 22.33 20.67 21.33 8.67 9.50 3.33 

12 ACA 18.33 16.00 15.67 8.3 13.3 7.0 13.00 14.00 11.33 13.00 5.33 14.00 

13 RBS 10.00 1.33 2.67 19.7 22.3 25.7 19.67 22.00 25.33 13.67 6.83 9.33 

14 DBK 20.33 19.00 20.00 6.3 3.3 6.7 10.67 10.00 14.33 11.67 9.67 12.00 

15 UCG 20.67 19.67 23.67 17.0 19.0 18.0 16.67 19.00 13.33 12.33 10.67 9.00 

16 CSGN 8.00 16.33 5.67 22.3 18.7 24.0 22.67 18.33 24.00 4.67 7.00 5.00 

17 STAN 13.00 18.00 11.67 15.7 10.3 15.3 11.33 6.00 13.00 11.33 13.67 12.67 

18 KBC 11.67 14.33 12.00 14.7 13.7 12.3 13.33 12.00 10.33 16.67 7.67 13.33 

19 SHBA 12.33 15.00 11.33 17.7 9.7 9.0 19.00 11.00 11.33 5.67 10.00 14.33 

20 SWEDA 8.33 14.33 7.33 16.7 14.0 13.3 13.00 14.00 12.00 7.33 4.33 10.67 

21 CBK 16.33 19.00 20.67 8.7 4.3 3.3 11.00 4.33 4.33 15.33 16.00 22.33 

22 DANSKE 6.33 12.67 4.67 15.7 25.3 19.7 18.67 24.00 21.00 6.00 9.50 8.33 

23 SEBA 16.67 13.00 3.67 3.0 6.3 23.3 4.00 9.33 24.00 17.67 6.67 10.50 

24 EBS 17.00 15.33 8.00 13.0 15.3 11.0 11.33 13.00 7.00 13.67 13.83 20.00 

25 DNB 20.67 10.33 23.00 10.0 11.7 16.7 12.67 14.00 19.00 8.67 9.33 5.67 

26 SAB 10.00 15.67 18.67 17.3 3.7 9.0 17.67 3.00 8.00 15.00 13.33 19.00 

27 VTB 9.67 15.67 10.67 8.3 15.3 17.0 1.00 9.00 1.33 22.33 13.50 17.33 
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  ITS / NR [L] ITS / Empl. [H] ITS / OP.EX. [H] ITS / OP.INC. [L] 

# Banks 08-11 12-14 14-17 08-11 12-14 14-17 08-11 12-14 14-17 08-11 12-14 14-17 

1 HSBC 14.0 22.3 24.0 10.5 5.3 2.3 10.0 2.0 1.7 11.7 22.3 23.7 

2 SAN 13.5 6.0 6.3 5.5 18.0 20.3 7.8 18.0 18.0 12.7 7.3 10.7 

3 BNP 19.0 12.5 12.8 2.3 12.5 12.8 6.8 12.5 12.8 18.7 12.5 12.8 

4 INGA 13.0 20.3 18.0 8.0 3.3 6.0 13.1 4.7 7.0 14.3 22.7 22.7 

5 UBS 9.0 19.7 16.7 9.5 4.3 3.3 14.4 8.3 13.7 5.3 13.0 9.3 

6 LLOY 3.0 9.7 6.7 18.0 14.0 18.0 14.3 17.7 19.7 1.7 8.7 6.3 

7 BBVA 10.0 19.7 19.0 11.8 7.7 8.7 11.0 5.0 6.3 14.0 20.3 20.3 

8 ISP 11.3 10.7 16.3 11.8 16.7 10.7 8.3 14.3 11.0 14.7 12.0 15.7 

9 NDA 10.5 15.7 13.3 10.5 6.7 7.0 10.6 8.7 9.3 11.0 14.3 12.3 

10 BARC 11.0 14.0 11.3 8.8 10.7 11.7 9.4 13.0 16.0 6.0 10.7 11.0 

11 GLE 10.5 12.5 15.2 10.5 12.5 13.5 10.6 12.5 13.2 11.0 12.5 12.2 

12 ACA 11.0 12.5 12.8 7.8 12.5 12.8 14.6 12.5 12.8 13.3 12.5 12.8 

13 RBS 9.0 22.0 24.3 13.0 3.3 2.3 13.5 4.0 1.3 6.7 22.7 24.7 

14 DBK 13.8 21.3 22.7 6.0 2.7 2.7 10.5 5.7 8.0 14.3 19.7 19.0 

15 UCG 10.3 7.0 7.3 13.5 21.0 21.7 10.0 19.3 14.0 11.7 6.0 6.0 

16 CSGN 13.3 6.0 5.7 6.3 11.3 15.0 6.3 21.3 21.7 3.7 3.3 4.0 

17 STAN 6.0 15.0 17.7 18.0 16.3 16.3 9.3 10.0 11.0 5.3 15.3 18.3 

18 KBC 11.5 17.0 16.7 14.3 10.7 11.3 9.5 8.3 9.0 16.7 17.3 16.0 

19 SHBA 10.5 2.3 2.7 10.5 22.0 22.7 10.6 23.0 23.7 11.0 2.7 2.7 

20 SWEDA 10.5 10.3 9.0 13.0 11.7 14.7 9.8 13.3 16.7 10.3 10.3 8.3 

21 CBK 9.3 14.7 17.0 12.0 15.3 12.3 9.1 13.7 15.0 10.0 16.0 14.0 

22 DANSKE 10.3 20.0 21.3 6.3 2.7 4.3 8.8 5.3 3.7 16.3 21.0 21.0 

23 SEBA 10.5 1.0 1.0 10.5 23.0 23.7 10.6 24.0 24.7 11.0 1.0 1.0 

24 EBS 18.5 11.3 11.7 4.8 20.0 20.0 5.8 4.7 4.0 20.3 15.3 17.3 

25 DNB 9.3 4.0 4.0 6.8 10.7 11.0 14.5 21.7 21.7 10.7 8.0 5.7 

26 SAB 5.3 7.3 10.7 14.3 18.7 16.7 13.8 19.0 9.7 7.0 7.0 16.3 

27 VTB 1.3 2.7 2.3 19.8 24.0 24.7 14.3 15.0 21.0 7.7 3.0 2.3 
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  IA/TA [H] IA/NR [H] 

# Banks 08-112 12-142 15-17 08-112 12-142 15-17 

1 HSBC 6.5 4.3 4.3 10 5.33 4.3 

2 SAN 8.5 10.0 13.7 17 16.67 20.0 

3 BNP 19.8 15.0 16.0 19 17.00 17.3 

4 INGA 9.5 22.0 23.0 9 20.00 23.0 

5 UBS 24.5 25.7 26.0 21 26.00 26.7 

6 LLOY 9.8 8.0 9.7 11 6.67 10.7 

7 BBVA 10.3 7.0 4.7 20 13.00 10.7 

8 ISP 1.0 1.3 1.7 1 1.00 4.0 

9 NDA 22.8 18.7 11.7 19 14.00 6.3 

10 BARC 12.3 11.3 7.0 11 9.00 4.0 

11 GLE 14.5 17.3 18.0 17 17.00 18.0 

12 ACA 21.3 21.0 20.0 13 13.00 14.0 

13 RBS 11.8 13.0 19.7 8 7.67 15.7 

14 DBK 12.0 6.7 8.7 6 3.67 6.0 

15 UCG 3.5 8.7 13.3 3 10.00 12.0 

16 CSGN 26.3 27.0 26.7 25 27.00 26.3 

17 STAN 15.0 17.7 14.0 22 21.33 12.3 

18 KBC 17.5 16.3 17.0 19 22.33 20.3 

19 SHBA 26.8 25.0 21.7 26 23.67 18.3 

20 SWEDA 18.8 20.7 20.7 17 20.00 20.7 

21 CBK 17.3 13.7 6.3 13 7.67 4.3 

22 DANSKE 15.8 24.0 24.7 11 21.33 24.0 

23 SEBA 6.5 7.3 10.7 5 3.33 7.0 

25 EBS 2.0 2.0 4.7 3 4.67 9.7 

26 DNB 21.0 22.7 24.7 22 24.00 25.0 

27 SAB 12.3 9.0 1.3 16 8.33 1.0 

28 VTB 11.3 2.7 8.3 16 14.33 16.3 
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Final Cluster Centers (08-11) 

 

No of Cases in each Cluster (08-11) 

Cluster 

1 6.000 

2 11.000 

3 10.000 

Valid 27.000 

Missing 0.000 

  Cluster 

 1 2 3 

Zscore(VAR00002) 0.27717 0.34891 -0.55010 

Zscore(VAR00003) -1.08909 0.71609 -0.13425 

Zscore(VAR00004) -0.70880 -0.20691 0.65288 

Zscore(VAR00005) 0.82229 -0.43441 -0.01553 

Zscore(VAR00006) -0.99249 -0.10202 0.70772 

Zscore(VAR00007) 0.37956 -0.66728 0.50627 

Zscore(VAR00008) 1.01005 0.04842 -0.65928 

Zscore(VAR00009) -0.91653 0.76555 -0.29219 

Zscore(VAR00010) -0.03364 0.52096 -0.55288 

Zscore(VAR00011) -0.08775 0.81196 -0.84050 

Zscore(VAR00012) 0.19071 0.56137 -0.73193 
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Cluster Membership (08-11) 

Case Number VAR00001 Cluster Distance 

1 HSBC 3 2.295 

2 SAN 3 1.634 

3 BNP 3 3.799 

4 INGA 2 3.296 

5 UBS 2 2.611 

6 LLOY 1 2.426 

7 BBVA 2 1.997 

8 ISP 3 2.629 

9 NDA 1 2.599 

10 BARC 3 2.405 

11 GLE 2 1.862 

12 ACA 3 2.766 

13 RBS 2 2.380 

14 DBK 3 1.681 

15 UCG 3 2.613 

16 CSGN 2 3.523 

17 STAN 1 2.453 

18 KBC 2 2.722 

19 SHBA 2 2.060 

20 SWEDA 2 1.457 

21 CBK 1 1.646 

22 DANSKE 3 2.905 

23 SEBA 1 2.995 

24 EBS 3 3.049 

25 DNB 2 2.994 

26 SAB 2 2.493 

27 VTB 1 3.179 
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Final Cluster Centers (12-14) 

 

No of Cases in each Cluster (12-14) 

Cluster 

1 8.000 

2 11.000 

3 8.000 

Valid 27.000 

Missing 0.000 

  Cluster  

 1 2 3 

Zscore(VAR00002) -0.34188 0.85893 -0.83915 

Zscore(VAR00003) -0.97764 0.11468 0.81995 

Zscore(VAR00004) 0.35399 -0.87304 0.84645 

Zscore(VAR00005) 1.05783 -0.43117 -0.46496 

Zscore(VAR00006) 0.32017 -0.89073 0.90458 

Zscore(VAR00007) 0.66451 0.17403 -0.90379 

Zscore(VAR00008) 0.10794 0.59753 -0.92955 

Zscore(VAR00009) -0.88716 0.08770 0.76657 

Zscore(VAR00010) -0.72958 0.13810 0.53970 

Zscore(VAR00011) -0.74197 0.28410 0.35133 

Zscore(VAR00012) -0.83436 0.25683 0.48123 
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Cluster Membership (12-14) 

Case Number VAR00001 Cluster Distance 

1 HSBC 1 2.557 

2 SAN 2 1.802 

3 BNP 2 2.374 

4 INGA 3 1.731 

5 UBS 3 2.905 

6 LLOY 2 1.897 

7 BBVA 3 1.993 

8 ISP 1 3.205 

9 NDA 3 2.011 

10 BARC 1 1.395 

11 GLE 3 2.437 

12 ACA 2 1.996 

13 RBS 3 3.322 

14 DBK 1 2.974 

15 UCG 2 2.331 

16 CSGN 2 2.660 

17 STAN 1 2.638 

18 KBC 3 1.959 

19 SHBA 2 2.647 

20 SWEDA 2 2.104 

21 CBK 1 1.663 

22 DANSKE 3 1.928 

23 SEBA 2 3.452 

24 EBS 1 2.274 

25 DNB 2 2.443 

26 SAB 1 2.681 

27 VTB 2 2.933 
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Final Cluster Centers (15-17) 

 

No of Cases in each Cluster (15-17) 

Cluster 

1 11.000 

2 6.000 

3 10.000 

Valid 27.000 

Missing 0.000 

  Cluster 

 1 2 3 

Zscore(VAR00002) -0.49804 1.10366 -0.11435 

Zscore(VAR00003) -0.67637 -0.03288 0.76374 

Zscore(VAR00004) 0.52698 -1.17129 0.12310 

Zscore(VAR00005) 0.74619 0.12576 -0.89627 

Zscore(VAR00006) 0.47378 -1.24635 0.22665 

Zscore(VAR00007) 0.61659 -0.33194 -0.47909 

Zscore(VAR00008) -0.26694 1.32600 -0.50197 

Zscore(VAR00009) -0.82978 0.35509 0.69971 

Zscore(VAR00010) -0.80609 -0.13181 0.96579 

Zscore(VAR00011) -0.44236 -0.30630 0.67038 

Zscore(VAR00012) -0.90636 0.00692 0.99284 
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Cluster Membership (15-17) 

Case Number VAR00001 Cluster Distance 

1 HSBC 1 2.562 

2 SAN 2 1.419 

3 BNP 3 1.752 

4 INGA 3 2.704 

5 UBS 3 2.140 

6 LLOY 2 1.493 

7 BBVA 1 2.182 

8 ISP 1 1.414 

9 NDA 1 2.349 

10 BARC 1 2.057 

11 GLE 3 1.941 

12 ACA 1 2.103 

13 RBS 3 3.533 

14 DBK 1 3.007 

15 UCG 2 2.231 

16 CSGN 3 3.097 

17 STAN 1 2.407 

18 KBC 3 2.172 

19 SHBA 2 2.045 

20 SWEDA 3 2.174 

21 CBK 1 2.319 

22 DANSKE 3 2.376 

23 SEBA 2 2.654 

24 EBS 1 2.443 

25 DNB 3 3.139 

26 SAB 1 2.086 

27 VTB 2 2.415 
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APPENDIX B  

p= 0.05 

ANOVA 2008-2017 
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p= 0.05 

ANOVA 2008-2011 

 

 

 

 

 

 

Statistic df Sig. Statistic df Sig.

1.00 0,223 5 .200
* 0,944 5 0,695

2.00 0,172 10 .200
* 0,964 10 0,831

3.00 0,171 10 .200
* 0,923 10 0,384

1.00 0,188 5 .200
* 0,955 5 0,770

2.00 0,186 10 .200
* 0,842 10 0,046

3.00 0,172 10 .200
* 0,937 10 0,522

1.00 0,172 5 .200
* 0,959 5 0,799

2.00 0,174 10 .200
* 0,971 10 0,898

3.00 0,195 10 .200
* 0,889 10 0,164

1.00 0,241 5 .200
* 0,872 5 0,275

2.00 0,186 10 .200
* 0,920 10 0,359

3.00 0,181 10 .200
* 0,932 10 0,469

Tests of Normality

Maturity

Kolmogorov-Smirnov
a

Shapiro-Wilk

ROA

CTI

ROC

OM

Levene Statistic df1 df2 Sig.

CTI 1,195 2 24 0,320

ROA 0,834 2 24 0,446

ROC 0,100 2 22 0,906

OM 7,899 2 24 0,002

Test of Homogeneity of Variances

Sum of 

Squares df

Mean 

Square F Sig.

Between Groups 6,256 2 3,128 0,321 0,729

Within Groups 234,095 24 9,754

Total 240,350 26

Between Groups 47,518 2 23,759 1,803 0,186

Within Groups 316,237 24 13,177

Total 363,755 26

Between Groups 2,259 2 1,130 0,028 0,972

Within Groups 880,703 22 40,032

Total 882,963 24

Between Groups 537,464 2 268,732 0,680 0,516

Within Groups 9483,665 24 395,153

Total 10021,130 26

ANOVA

ROA

CTI

ROC

OM
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Post Hoc Tests

Tukey HSD

Lower 

Bound Upper Bound

2.00 0,99580 1,58505 0,806 -2,9625 4,9541

3.00 1,26250 1,61278 0,717 -2,7651 5,2901

1.00 -0,99580 1,58505 0,806 -4,9541 2,9625

3.00 0,26670 1,36459 0,979 -3,1411 3,6745

1.00 -1,26250 1,61278 0,717 -5,2901 2,7651

2.00 -0,26670 1,36459 0,979 -3,6745 3,1411

2.00 -2,88525 1,84227 0,279 -7,4859 1,7154

3.00 -3,42063 1,87450 0,183 -8,1018 1,2605

1.00 2,88525 1,84227 0,279 -1,7154 7,4859

3.00 -0,53538 1,58604 0,939 -4,4962 3,4254

1.00 3,42063 1,87450 0,183 -1,2605 8,1018

2.00 0,53538 1,58604 0,939 -3,4254 4,4962

2.00 -0,58285 3,46549 0,985 -9,2884 8,1227

3.00 -0,82198 3,46549 0,970 -9,5275 7,8835

1.00 0,58285 3,46549 0,985 -8,1227 9,2884

3.00 -0,23914 2,82956 0,996 -7,3472 6,8689

1.00 0,82198 3,46549 0,970 -7,8835 9,5275

2.00 0,23914 2,82956 0,996 -6,8689 7,3472

2.00 11,68561 10,08869 0,489 -13,5088 36,8800

3.00 6,48333 10,26519 0,804 -19,1518 32,1185

1.00 -11,68561 10,08869 0,489 -36,8800 13,5088

3.00 -5,20227 8,68552 0,822 -26,8925 16,4880

1.00 -6,48333 10,26519 0,804 -32,1185 19,1518

2.00 5,20227 8,68552 0,822 -16,4880 26,8925

Multiple Comparisons

Dependent Variable

Mean 

Difference 

(I-J) Std. Error Sig.

95% Confidence Interval

ROA 1.00

2.00

3.00

CTI 1.00

2.00

3.00

ROC 1.00

2.00

3.00

OM 1.00

2.00

3.00

Sum of 

Squares df

Mean 

Square F Sig.

Between Groups 47,518 2 23,759 1,803 0,186

Within Groups 316,237 24 13,177

Total 363,755 26

Between Groups 6,256 2 3,128 0,321 0,729

Within Groups 234,095 24 9,754

Total 240,350 26

Between Groups 2,259 2 1,130 0,028 0,972

Within Groups 880,703 22 40,032

Total 882,963 24

Between Groups 537,464 2 268,732 0,680 0,516

Within Groups 9483,665 24 395,153

Total 10021,130 26

CTI

ROA

ROC

OM

ANOVA
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ANOVA 2012-2014 

 

 

 

Statistic
a

df1 df2 Sig.

Welch 3,062 2 14,846 0,077

Brown-Forsythe 2,095 2 22,458 0,146

Welch 0,318 2 12,569 0,733

Brown-Forsythe 0,318 2 17,856 0,732

Welch 0,030 2 11,639 0,971

Brown-Forsythe 0,030 2 18,794 0,971

Welch 0,434 2 9,861 0,660

Brown-Forsythe 0,645 2 13,575 0,540

OM

a. Asymptotically F distributed.

Robust Tests of Equality of Means

CTI

ROA

ROC

Statis

tic df Sig. Statistic df Sig.

1.00 0,268 8 0,095 0,824 8 0,051

2.00 0,177 11 .200
* 0,937 11 0,483

3.00 0,273 6 0,183 0,855 6 0,172

1.00 0,263 8 0,109 0,873 8 0,162

2.00 0,100 11 .200
* 0,988 11 0,995

3.00 0,158 6 .200
* 0,951 6 0,749

1.00 0,354 8 0,004 0,748 8 0,008

2.00 0,144 11 .200
* 0,948 11 0,617

3.00 0,233 6 .200
* 0,873 6 0,238

1.00 0,278 8 0,068 0,814 8 0,040

2.00 0,229 11 0,110 0,913 11 0,264

3.00 0,179 6 .200
* 0,921 6 0,510

a. Lilliefors Significance Correction

ROA

CTI

ROC

OM

*. This is a lower bound of the true significance.

Tests of Normality

Group

Kolmogorov-Smirnov
a

Shapiro-Wilk
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Levene Statistic df1 df2 Sig.

ROA 3,349 2 23 0,053

CTI 1,236 2 24 0,309

ROC 3,270 2 23 0,056

OM 9,144 2 23 0,001

Test of Homogeneity of Variances

Sum of 

Squares df Mean Square F Sig.

Between 

Groups

19,964 2 9,982 1,008 0,380

Within 

Groups

227,678 23 9,899

Total 247,642 25

Between 

Groups

19,274 2 9,637 0,785 0,468

Within 

Groups

294,790 24 12,283

Total 314,064 26

Between 

Groups

17,611 2 8,805 0,131 0,878

Within 

Groups

1549,897 23 67,387

Total 1567,507 25

ANOVA

ROA

CTI

ROC

Post Hoc Tests

Lower Bound Upper Bound

2.00 -2,05605 1,46195 0,354 -5,7173 1,6052

3.00 -1,46473 1,62835 0,646 -5,5427 2,6132

1.00 2,05605 1,46195 0,354 -1,6052 5,7173

3.00 0,59133 1,52120 0,920 -3,2183 4,4009

1.00 1,46473 1,62835 0,646 -2,6132 5,5427

2.00 -0,59133 1,52120 0,920 -4,4009 3,2183

2.00 0,94854 1,62849 0,831 -3,1183 5,0154

3.00 -1,08896 1,75235 0,810 -5,4651 3,2872

1.00 -0,94854 1,62849 0,831 -5,0154 3,1183

3.00 -2,03750 1,62849 0,436 -6,1043 2,0293

1.00 1,08896 1,75235 0,810 -3,2872 5,4651

2.00 2,03750 1,62849 0,436 -2,0293 6,1043

2.00 -1,28172 3,81437 0,940 -10,8342 8,2707

3.00 -2,14034 4,24853 0,870 -12,7801 8,4994

1.00 1,28172 3,81437 0,940 -8,2707 10,8342

3.00 -0,85862 3,96897 0,975 -10,7983 9,0810

1.00 2,14034 4,24853 0,870 -8,4994 12,7801

2.00 0,85862 3,96897 0,975 -9,0810 10,7983

Multiple Comparisons

Dependent Variable

Mean Difference 

(I-J) Std. Error Sig.

95% Confidence Interval

CTI Tukey HSD 1.00

2.00

3.00

ROA Tukey HSD 1.00

2.00

3.00

ROC Tukey HSD 1.00

2.00

3.00
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ANOVA 2015-2017 

 

 

Sum of Squares df Mean Square F Sig.

Between Groups 19,964 2 9,982 1,008 0,380

Within Groups 227,678 23 9,899

Total 247,642 25

Between Groups 19,274 2 9,637 0,785 0,468

Within Groups 294,790 24 12,283

Total 314,064 26

Between Groups 17,611 2 8,805 0,131 0,878

Within Groups 1549,897 23 67,387

Total 1567,507 25

Between Groups 1176,523 2 588,261 1,975 0,162

Within Groups 6849,791 23 297,817

Total 8026,314 25

ROA

CTI

ROC

OM

ANOVA

Statistic
a

df1 df2 Sig.

Welch 1,038 2 14,470 0,379

Brown-Forsythe 1,228 2 20,073 0,314

Welch 0,630 2 14,964 0,546

Brown-Forsythe 0,783 2 20,127 0,471

Welch 0,156 2 13,646 0,857

Brown-Forsythe 0,137 2 14,936 0,873

Welch 1,585 2 15,311 0,237

Brown-Forsythe 2,477 2 19,617 0,110

OM

a. Asymptotically F distributed.

Robust Tests of Equality of Means

ROA

CTI

ROC

Statistic df Sig. Statistic df Sig.

1.00 0,170 11 .200
* 0,933 11 0,445

2.00 0,179 6 .200
* 0,956 6 0,790

3.00 0,181 8 .200
* 0,907 8 0,333

1.00 0,105 11 .200
* 0,963 11 0,808

2.00 0,226 6 .200
* 0,866 6 0,209

3.00 0,190 8 .200
* 0,895 8 0,258

1.00 0,117 11 .200
* 0,978 11 0,957

2.00 0,339 6 0,030 0,799 6 0,058

3.00 0,164 8 .200
* 0,913 8 0,377

1.00 0,144 11 .200
* 0,972 11 0,909

2.00 0,208 6 .200
* 0,907 6 0,417

3.00 0,173 8 .200
* 0,910 8 0,353

Tests of Normality

Maturity

Kolmogorov-Smirnov
a

Shapiro-Wilk

a. Lilliefors Significance Correction

ROA

CTI

ROC

OM

*. This is a lower bound of the true significance.
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Levene Statistic df1 df2 Sig.

CTI 2,594 2 23 0,096

ROA 3,219 2 24 0,058

ROC 3,882 2 23 0,035

OM 2,171 2 24 0,136

Test of Homogeneity of Variances

Sum of 

Squares df

Mean 

Square F Sig.

Between Groups 18,122 2 9,061 0,919 0,413

Within Groups 236,703 24 9,863

Total 254,826 26

Between Groups 19,695 2 9,848 1,032 0,372

Within Groups 219,579 23 9,547

Total 239,275 25

Between Groups 66,175 2 33,087 0,508 0,608

Within Groups 1498,553 23 65,154

Total 1564,728 25

Between Groups 451,486 2 225,743 0,630 0,541

Within Groups 8593,071 24 358,045

Total 9044,557 26

ROA

CTI

ROC

OM

ANOVA
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Post Hoc Tests

Lower 

Bound

Upper 

Bound

2.00 -1,94557 1,59386 0,453 -5,9259 2,0347

3.00 -1,42440 1,37218 0,561 -4,8511 2,0023

1.00 1,94557 1,59386 0,453 -2,0347 5,9259

3.00 0,52117 1,62174 0,945 -3,5288 4,5711

1.00 1,42440 1,37218 0,561 -2,0023 4,8511

2.00 -0,52117 1,62174 0,945 -4,5711 3,5288

2.00 1,96570 1,56814 0,435 -1,9614 5,8928

3.00 1,58692 1,38877 0,498 -1,8910 5,0649

1.00 -1,96570 1,56814 0,435 -5,8928 1,9614

3.00 -0,37878 1,62847 0,971 -4,4570 3,6995

1.00 -1,58692 1,38877 0,498 -5,0649 1,8910

2.00 0,37878 1,62847 0,971 -3,6995 4,4570

2.00 -4,12621 4,09661 0,580 -14,3855 6,1331

3.00 -1,56966 3,62802 0,902 -10,6554 7,5161

1.00 4,12621 4,09661 0,580 -6,1331 14,3855

3.00 2,55654 4,25423 0,821 -8,0975 13,2106

1.00 1,56966 3,62802 0,902 -7,5161 10,6554

2.00 -2,55654 4,25423 0,821 -13,2106 8,0975

2.00 -9,57515 9,60331 0,586 -33,5574 14,4071

3.00 -7,27482 8,26765 0,658 -27,9215 13,3719

1.00 9,57515 9,60331 0,586 -14,4071 33,5574

3.00 2,30033 9,77131 0,970 -22,1014 26,7021

1.00 7,27482 8,26765 0,658 -13,3719 27,9215

2.00 -2,30033 9,77131 0,970 -26,7021 22,1014

CTI 1.00

2.00

3.00

ROA 1.00

2.00

3.00

OM 1.00

2.00

3.00

ROC 1.00

2.00

3.00

Multiple ComparisonsTukey HSD

Dependent Variable

Mean 

Difference 

(I-J)

Std. 

Error Sig.

95% Confidence Interval

Sum of Squares df Mean Square F Sig.

Between Groups 19,695 2 9,848 1,032 0,372

Within Groups 219,579 23 9,547

Total 239,275 25

Between Groups 18,122 2 9,061 0,919 0,413

Within Groups 236,703 24 9,863

Total 254,826 26

Between Groups 66,175 2 33,087 0,508 0,608

Within Groups 1498,553 23 65,154

Total 1564,728 25

Between Groups 451,486 2 225,743 0,630 0,541

Within Groups 8593,071 24 358,045

Total 9044,557 26

CTI

ROA

ROC

OM

ANOVA
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Statistic
a

df1 df2 Sig.

Welch 1,125 2 11,081 0,359

Brown-Forsythe 0,814 2 10,462 0,469

Welch 2,009 2 15,534 0,167

Brown-Forsythe 1,107 2 17,430 0,353

Welch 1,192 2 13,385 0,334

Brown-Forsythe 0,653 2 19,000 0,532

Welch 0,684 2 11,001 0,525

Brown-Forsythe 0,530 2 12,893 0,601

OM

a. Asymptotically F distributed.

Robust Tests of Equality of Means

CTI

ROA

ROC

Post Hoc Tests

Games-Howell

Lower Bound Upper Bound

2.00 1,96570 1,99641 0,610 -4,0356 7,9669

3.00 1,58692 1,15492 0,377 -1,3960 4,5699

1.00 -1,96570 1,99641 0,610 -7,9669 4,0356

3.00 -0,37878 2,07997 0,982 -6,4208 5,6632

1.00 -1,58692 1,15492 0,377 -4,5699 1,3960

2.00 0,37878 2,07997 0,982 -5,6632 6,4208

2.00 -1,94557 0,95044 0,136 -4,4213 0,5302

3.00 -1,42440 1,55034 0,637 -5,4439 2,5951

1.00 1,94557 0,95044 0,136 -0,5302 4,4213

3.00 0,52117 1,40124 0,927 -3,2530 4,2954

1.00 1,42440 1,55034 0,637 -2,5951 5,4439

2.00 -0,52117 1,40124 0,927 -4,2954 3,2530

2.00 -4,12621 3,01877 0,389 -12,2378 3,9854

3.00 -1,56966 4,00907 0,919 -11,8042 8,6648

1.00 4,12621 3,01877 0,389 -3,9854 12,2378

3.00 2,55654 2,86403 0,658 -5,3978 10,5109

1.00 1,56966 4,00907 0,919 -8,6648 11,8042

2.00 -2,55654 2,86403 0,658 -10,5109 5,3978

2.00 -9,57515 10,84497 0,669 -42,2983 23,1480

3.00 -7,27482 7,60362 0,615 -27,1287 12,5791

1.00 9,57515 10,84497 0,669 -23,1480 42,2983

3.00 2,30033 12,15279 0,980 -31,4852 36,0859

1.00 7,27482 7,60362 0,615 -12,5791 27,1287

2.00 -2,30033 12,15279 0,980 -36,0859 31,4852

ROC 1.00

2.00

3.00

OM 1.00

2.00

3.00

CTI 1.00

2.00

3.00

ROA 1.00

2.00

3.00

Multiple Comparisons

Dependent Variable

Mean Difference 

(I-J) Std. Error Sig.

95% Confidence Interval
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APPENDIX C  

p= 0.10 

ANOVA 2008-2011 
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ANOVA 2012-2014 
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ANOVA 2015-2017 
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APPENDIX D  

p= 0.01 

ANOVA 2008-2011 
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ANOVA 2012-2014 
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ANOVA 2015-2017 
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APPENDIX E 

ANOVA INPUT - ROC 

 

 

 

ANOVA INPUT - ROA 

 

 

 

 

 

BANK FY 2008 FY 2009 FY 2010 FY 2011 FY 2012 FY 2013 FY 2014 FY 2015 FY 2016 FY 2017 ROC 2008-2011ROC 2012-2014 ROC 2013-2017

1 HSBC 1,33 1,17 1,96 2,47 2,12 2,54 2,17 2,35 0,60 1,92 1,73 2,27 1,62

2 SAN 1,94 1,86 1,83 1,22 0,60 1,15 1,50 1,41 1,41 1,52 1,71 1,08 1,45

3 BNP 0,26 0,54 1,05 0,89 1,07 0,83 0,08 1,11 1,33 1,31 0,68 0,66 1,25

4 INGA -0,16 -0,27 0,85 1,68 1,34 1,31 0,49 1,56 1,84 1,92 0,53 1,05 1,77

5 UBS -2,79 -0,47 2,16 1,20 -0,71 1,49 1,82 3,08 1,60 0,51 0,02 0,87 1,73

6 LLOY 0,56 1,05 -0,07 -0,81 -0,51 -0,40 0,89 0,58 1,51 2,11 0,18 -0,01 1,40

7 BBVA 2,17 1,92 2,05 1,30 0,81 1,12 1,22 1,22 1,69 1,75 1,86 1,05 1,55

8 ISP 0,84 0,94 0,93 -2,69 0,55 -1,63 0,52 1,13 1,29 2,61 0,00 -0,19 1,68

9 NDA 1,54 1,15 1,21 1,06 1,11 1,04 1,08 1,20 1,32 1,12 1,24 1,08 1,21

10 BARC 1,04 1,82 0,77 0,65 0,03 0,25 0,19 0,19 1,06 -0,32 1,07 0,16 0,31

11 GLE 0,40 0,19 0,95 0,58 0,24 0,43 0,53 0,78 0,77 0,56 0,53 0,40 0,70

12 ACA 0,15 0,18 0,28 -0,19 -1,02 0,46 0,45 0,68 0,75 0,85 0,10 -0,04 0,76

13 RBS -4,18 -0,32 -0,28 -0,38 -1,29 -2,39 -0,98 -0,53 -2,80 0,73 -1,29 -1,56 0,10

14 DBK -1,08 1,54 0,63 1,08 0,08 0,19 0,51 -2,07 -0,40 -0,21 0,54 0,26 -0,89

15 UCG 1,00 0,46 0,37 -2,09 0,30 -3,43 0,63 0,55 1,66 -0,07 -0,83 1,10

16 CSGN -1,76 1,05 0,95 0,45 0,30 0,61 0,51 -0,67 -0,66 -0,25 0,18 0,47 -0,53

17 STAN 3,29 3,35 3,89 3,87 3,35 2,53 1,46 -1,21 -0,12 0,75 3,60 2,44 -0,19

18 KBC -1,32 -1,93 2,12 0,06 0,87 1,57 4,51 3,91 3,83 -0,27 1,22 3,83

19 SHBA 0,97 0,75 0,79 0,85 0,94 0,96 0,99 1,03 1,02 0,99 0,84 0,96 1,02

20 SWEDA 1,10 -0,97 0,71 1,13 1,34 1,26 1,50 1,36 1,75 1,77 0,49 1,37 1,63

21 CBK 0,02 -1,03 0,28 0,19 0,02 0,05 0,12 0,42 0,16 0,12 -0,13 0,06 0,23

22 DANSKE 0,06 0,10 0,22 0,10 0,26 0,38 0,22 0,73 1,12 1,05 0,12 0,29 0,97

23 SEBA 0,86 0,10 0,60 1,01 1,10 1,30 1,72 1,64 1,06 1,69 0,64 1,37 1,46

24 EBS 1,35 1,24 1,34 -0,75 0,84 0,29 -1,98 2,11 2,55 2,73 0,80 -0,28 2,46

26 DNB 1,16 0,76 1,53 1,32 1,27 1,58 1,77 2,06 1,60 1,76 1,19 1,54 1,81

27 SAB 1,67 1,27 0,87 0,52 0,16 0,25 0,63 1,10 1,02 1,05 1,08 0,35 1,06

28 VTB 0,31 -2,73 2,80 3,66 2,79 2,64 0,02 0,03 1,01 3,13 1,01 1,82 1,39

BANK BANK FY	2008 FY	2009 FY	2010 FY	2011 FY	2012 FY	2013 FY	2014 FY	2015 FY	2016 FY	2017 ROA	av.08-11 ROA	av.12-14 ROA	av.15-17

HSBC HSBC 0,2347 0,2385 0,5461 0,6705 0,5346 0,6042 0,516 0,5362 0,1036 0,441 0,42 0,55 0,36

SAN SAN 0,9046 0,828 0,7028 0,4318 0,1821 0,3501 0,4883 0,4578 0,4631 0,4756 0,72 0,34 0,47

BNP BNP 0,1603 0,2822 0,3867 0,3053 0,339 0,2592 0,0081 0,3288 0,3784 0,3844 0,28 0,20 0,36

INGA INGA -0,0551 -0,0749 0,2331 0,4576 0,3402 0,3155 0,1206 0,4014 0,5027 0,58 0,14 0,26 0,49

UBS UBS -0,9905 -0,1631 0,5669 0,304 -0,1851 0,2791 0,3339 0,6187 0,3412 0,1138 -0,07 0,14 0,36

LLOY LLOY 0,1956 0,3864 -0,0317 -0,2841 -0,1545 -0,0941 0,1659 0,1035 0,2971 0,4242 0,07 -0,03 0,27

BBVA BBVA 0,9613 0,7813 0,8468 0,5222 0,275 0,3702 0,4311 0,3824 0,4691 0,495 0,78 0,36 0,45

ISP ISP 0,4223 0,4449 0,4215 -1,262 0,2445 -0,7013 0,1969 0,4141 0,4439 0,9614 0,01 -0,09 0,61

NDA NDA 0,6189 0,4715 0,4882 0,4051 0,4506 0,4799 0,5127 0,5564 0,5966 0,5063 0,50 0,48 0,55

BARC BARC 0,2672 0,5474 0,245 0,1916 -0,0409 0,0381 0,0056 -0,004 0,1783 -0,1094 0,31 0,00 0,02

GLE GLE 0,1826 0,063 0,3634 0,2062 0,065 0,1658 0,2124 0,3028 0,2852 0,2112 0,20 0,15 0,27

ACA ACA 0,0668 0,0701 0,0802 -0,0886 -0,3825 0,1601 0,1508 0,2255 0,2319 0,2374 0,03 -0,02 0,23

RBS RBS -1,1177 -0,1304 -0,0636 -0,1349 -0,4082 -0,7347 -0,2666 -0,1708 -0,6515 0,1796 -0,36 -0,27 -0,21

DBK DBK -0,1816 0,2686 0,1356 0,2031 0,0126 0,0367 0,1002 -0,4071 -0,0871 -0,049 0,11 0,05 -0,18

UCG UCG 0,3881 0,1724 0,1424 -0,9919 0,0933 -1,5935 0,2404 0,1988 0,6453 -0,07 -0,42 0,42

CSGN CSGN -0,6494 0,6108 0,4941 0,1877 0,1367 0,2589 0,209 -0,338 -0,3304 -0,1216 0,16 0,20 -0,26

STAN STAN 0,8474 0,7755 0,9089 0,8743 0,7986 0,6265 0,3732 -0,3211 -0,0384 0,1861 0,85 0,60 -0,06

KBC KBC -0,6988 -0,7258 0,5767 0,0043 0,2257 0,4096 0,7287 1,0608 0,9201 0,9074 -0,21 0,45 0,96

SHBA SHBA 0,6038 0,4785 0,5156 0,5349 0,5802 0,5872 0,5728 0,6122 0,6309 0,5969 0,53 0,58 0,61

SWEDA SWEDA 0,6367 -0,5829 0,4241 0,6574 0,7724 0,7029 0,8337 0,7366 0,9081 0,8862 0,28 0,77 0,84

CBK CBK 0,0005 -0,6176 0,1789 0,0901 -0,0072 0,0137 0,048 0,1987 0,0551 0,0334 -0,09 0,02 0,10

DANSKE DANSKE 0,0293 0,052 0,116 0,0516 0,1367 0,212 0,1182 0,3891 0,5861 0,5952 0,06 0,16 0,52

SEBA SEBA 0,4136 0,0462 0,3006 0,4767 0,4834 0,5982 0,7498 0,6455 0,415 0,6272 0,31 0,61 0,56

EBS EBS 0,4277 0,4482 0,4313 -0,3458 0,2281 0,0291 -0,6976 0,4889 0,62 0,6138 0,24 -0,15 0,57

DNB DNB 0,5573 0,4697 0,804 0,6509 0,6204 0,7411 0,8157 0,9441 0,7331 0,8148 0,62 0,73 0,83

SAB SAB 0,8575 0,6403 0,4225 0,2348 0,0625 0,0898 0,2274 0,3809 0,3374 0,3695 0,54 0,13 0,36

VTB VTB 0,1996 -1,7344 1,4731 1,6136 1,208 1,2543 0,0391 0,0828 0,3988 0,9399 0,39 0,83 0,47
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ANOVA INPUT - OM 

 

 

 

ANOVA INPUT - CI 

 

 

 

 

  

OM BANK FY	2008 FY	2009 FY	2010 FY	2011 FY	2012 FY	2013 FY	2014 FY	2015 FY	2016 FY	2017 OM	2008-2011 OM	2012-2014 OM	2015-2017

1 HSBC 21 8 23 24 24 30 25 26 9 27 19,00 26,33 20,67

2 SAN 27 24 23 17 6 11 16 20 22 24 22,75 11,00 22,00

3 BNP 10 19 26 20 19 18 7 20 22 21 18,75 14,67 21,00

4 INGA -1 -5 16 28 20 25 22 33 31 38 9,50 22,33 34,00

5 UBS -140 -9 22 18 -7 11 8 16 13 17 -27,25 4,00 15,33

6 LLOY 8 -38 3 -16 -3 2 10 9 23 26 -10,75 3,00 19,33

7 BBVA 26 30 30 24 9 14 19 22 24 24 27,50 14,00 23,33

8 ISP 19 15 16 5 16 -14 13 20 15 27 13,75 5,00 20,67

9 NDA 38 31 35 34 37 38 38 43 42 39 34,50 37,67 41,33

10 BARC 40 14 17 17 2 10 10 7 12 14 22,00 7,33 11,00

11 GLE 15 0 20 15 11 10 17 20 22 17 12,50 12,67 19,67

12 ACA 1 5 12 11 3 8 12 15 15 21 7,25 7,67 17,00

13 RBS -30 -7 -2 -12 -29 -49 16 -20 -28 15 -12,75 -6,50 -11,00

14 DBK -32 17 12 16 2 3 7 -17 -4 4 3,25 4,00 -5,67

15 UCG 20 7 6 4 -2 -31 11 -1 -61 15 9,25 -7,33 -15,67

16 CSGN -158 24 23 13 9 15 13 -11 -12 8 -24,50 12,33 -5,00

17 STAN 35 33 38 38 36 36 27 -5 7 18 36,00 33,00 6,67

18 KBC -50 -55 25 11 12 21 33 32 39 43 -17,25 22,00 38,00

19 SHBA 48 41 45 48 47 48 48 49 49 48 45,50 47,67 48,67

20 SWEDA 36 -28 27 40 47 46 46 46 49 50 18,75 46,33 48,33

21 CBK -6 -40 10 4 10 2 6 17 5 5 -8,00 6,00 9,00

22 DANSKE 4 7 13 8 16 21 15 34 45 45 8,00 17,33 41,33

23 SEBA 27 9 27 35 33 39 45 42 30 41 24,50 39,00 37,67

25 EBS 16 15 16 -4 10 5 -11 24 28 28 10,75 1,33 26,67

26 DNB 32 28 43 41 39 46 52 56 42 48 36,00 45,67 48,67

27 SAB 21 26 24 21 -6 19 23 23 32 19 23,00 12,00 24,67

28 VTB 12 7 72 83 75 69 43 47 50 59 43,50 62,33 52,00

BANK BANK FY	2009 FY	2010 FY	2011 FY	2012 FY	2013 FY	2014 FY	2015 FY	2016 FY	2017 CTI	av.08-11 CTI	av.12-14 CTI	av.15-17

HSBC HSBC 0,07 0,30 0,35 0,26 0,24 0,41 0,35 0,50 0,32 0,24 0,31 0,39

SAN SAN 0,33 0,31 0,47 0,37 0,45 0,54 0,70 0,64 0,68 0,37 0,45 0,67

BNP BNP 0,14 0,23 0,37 0,30 0,31 0,27 0,32 0,31 0,31 0,25 0,29 0,31

INGA INGA 1,10 1,22 1,49 0,86 1,24 1,37 1,08 1,27 1,15 1,08

UBS UBS 0,13 -0,04 0,04 0,03 0,01 0,06 0,02 0,02 -0,05 0,04 0,03 0,00

LLOY LLOY 1,06 0,10 0,06 0,33 0,22 1,06 1,12 0,41 0,47 0,41 0,54 0,67

BBVA BBVA 0,34 0,33 0,62 0,64 0,59 0,76 0,57 0,62 0,45 0,43 0,66 0,54

ISP ISP 0,61 0,65 0,98 0,46 0,36 0,39 0,25 0,14 0,29 0,75 0,40 0,23

NDA NDA 0,17 0,15 0,26 0,14 0,14 0,10 -0,02 0,03 0,19 0,13 0,01

BARC BARC -0,06 0,05 0,17 0,05 0,10 0,25 0,32 0,38 0,27 0,05 0,14 0,32

GLE GLE 0,25 0,17 0,36 0,24 0,15 0,17 0,00 0,08 0,19 0,26 0,19 0,09

ACA ACA 0,90 0,76 0,67 1,41 0,98 0,57 0,70 0,63 0,50 0,78 0,99 0,61

RBS RBS 0,44 0,50 0,77 0,86 0,71 0,70 0,82 0,91 1,00 0,57 0,75 0,91

DBK DBK 0,21 0,49 0,48 0,46 0,39 0,40 0,43 0,57 0,53 0,39 0,42 0,51

UCG UCG 0,64 0,61 0,73 0,43 0,45 0,47 0,78 -0,65 0,84 0,66 0,45 0,32

CSGN CSGN -0,13 -0,03 0,13 0,10 0,11 0,18 0,45 0,64 0,27 -0,01 0,13 0,45

STAN STAN 0,05 0,20 0,34 0,27 0,37 0,46 1,13 0,70 0,53 0,20 0,37 0,79

KBC KBC 1,85 1,68 1,28 0,31 0,34 0,51 0,57 0,36 0,08 1,28 0,39 0,34

SHBA SHBA 0,44 0,48 0,62 0,77 0,69 0,53 0,43 0,55 0,68 0,51 0,66 0,55

SWEDA SWEDA 0,33 0,22 -0,20 0,10 0,17 0,14 0,16 0,13 0,02 0,12 0,14 0,10

CBK CBK 1,15 0,48 1,24 0,78 1,06 0,62 0,67 0,28 0,40 0,48 0,82 0,45

DANSKE DANSKE 0,89 1,03 0,98 0,68 1,39 0,84 0,67 0,43 0,21 0,97 0,97 0,44

SEBA SEBA -0,06 0,09 0,11 0,05 -0,01 -0,07 -0,12 -0,11 -0,12 0,05 -0,01 -0,12

EBS EBS 0,64 0,72 1,06 0,83 0,97 0,73 0,79 0,91 0,67 0,81 0,84 0,79

DNB DNB 0,19 0,07 0,14 0,43 0,26 0,22 0,10 0,15 0,32 0,13 0,30 0,19

SAB SAB 0,76 0,59 0,46 0,59 0,00 -0,26 0,09 0,87 0,78 0,60 0,11 0,58

VTB VTB -0,22 -0,78 -0,73 -0,73 -0,64 -0,63 -0,60 -0,11 -0,60 -0,22 -0,67 -0,43
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APPENDIX F 

 

BANK TICKER SYMBOLS 

  

1 HSBC Holdings Plc HSBC 

2 Banco Santander SA SAN 

3 BNP Paribas BNP 

4 ING Groep NV INGA 

5 UBS Group AG UBS 

6 Lloyds Banking Group Plc LLOY 

7 Banco Bilbao Vizcaya Argentaria SA BBVA 

8 Intesa Sanpaolo ISP 

9 Nordea Bank AB (PUBL) NDA 

10 Barclays Plc BARC 

11 Société Générale SA GLE 

12 Credit Agricole Group ACA 

13 Royal Bank of Scotland Group Plc (The) RBS 

14 Deutsche Bank AG DBK 

15 UniCredit SpA UCG 

16 Credit Suisse Group AG CSGN 

17 Standard Chartered Plc STAN 

18 KBC Groep NV KBC 

19 Svenska Handelsbanken AB SHBA 

20 Swedbank AB SWEDA 

21 Commerzbank AG CBK 

22 Danske Bank Group DANSKE 

23 Skandinaviska Enskilda Banken AB SEBA 

24 Erste Group Bank AG EBS 

25 DnB SA DNB 

26 Banco de Sabadell SA SAB 

27 VTB VTB 
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