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Abstract 
 

To overcome the challenge of seamlessly designing and managing compelling customer 

experiences, companies are starting to shift towards the application of artificial intelligence 

to provide customers with personalised and just-in-time product and service 

recommendations. In this context, this thesis investigates how artificially intelligent 

recommender systems can improve customer experience in the retail banking industry. This 

is achieved by reviewing literature in the fields of customer experience, artificial intelligence, 

and recommender systems as well as by performing a statistical analysis. As such, a 

deductive and quantitative methodological approach is chosen to conduct a questionnaire 

with 147 current retail banking clients. The findings of the thesis indicate that recommender 

systems in retail banking should be primarily implemented during the entire pre- and at the 

end of the post-purchase phases of the customer journey in order to maximise the positive 

influence on customer experience. Furthermore, the results imply that in terms of customer 

touchpoints, emphasis should be placed on mobile banking apps, online banking websites as 

well as personal bank advisors. Moreover, the findings suggest that recommender systems 

should – most importantly – manifest accuracy, novelty, transparency, and trustworthiness 

to enhance customer experience. Lastly, the study implies that customers perceive their banks 

to be more innovative and supportive when implementing recommender systems, which 

strengthens emotional bonds. However, the trustworthiness of banks could decrease leading 

to a potential misperception in brand promise. In sum, the thesis not only contributes to 

existing theory by combing emerging streams of research, but also provides retail banking 

executives with insights on what to consider when implementing recommender systems. 
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1. Introduction 

 

In times of digital transformation and the emergence of non-traditional competition, companies 

increasingly face the challenge of meeting and surpassing dynamic customer expectations. In 

fact, executives across industries “are still struggling to design and manage the perfect cross-

channel experiences for their customers – experiences that take advantage of digitalisation to 

provide customers with targeted, just-in-time product and service information in an effective and 

seamless way” (van Bommel, Edelman, & Ungerman, 2014, p. 1). Particularly the introduction 

of the internet has fundamentally changed traditional customer-brand interactions: today’s 

customers connect with a wide range of different brands through diverse new media channels – 

sometimes beyond the control and even the knowledge of marketeers (Edelman, 2010). 

 

To meet changing customer demands, organisations need to thoroughly understand and design 

individual customer decision journeys (Edelman, 2010; Walker, 2011). This entails companies 

understanding decision patterns and analysing the entire buying process from the pre-, to the 

during-, and the post-purchasing phase (Vandermerwe, 2000). Thereby, it is not only vital to 

take various product and service offerings into account, but companies also need to understand, 

design, and manage every point of interaction between a customer and the brand. In this context, 

Dhebar (2013) defines touchpoints, which are “points of human, product, service, 

communication, spatial, and electronic interaction collectively constituting the interface between 

an enterprise and its customers over the course of customers’ experience cycles” (p. 200). By 

optimising both customer journey phases and touchpoints, companies can strengthen their brands 

and establish close relationships with their customers. According to Keller (2001), this can 

provide numerous financial rewards and is seen to be a substantial driver of brand equity.  

 

Both businesses and academia have shaped the above-mentioned concepts into the overarching 

term customer experience, which can be defined as a holistic construct involving emotional, 

spiritual, sensorial, rational, and physical responses of a customer (Gentile, Spiller, & Noci, 

2007). The digital management consultancy Accenture (2019) puts customer experience into 

perspective by stating that “customers today expect to be treated as individuals with real-time, 

personalised marketing messages and connected experiences – anywhere, on any device”. 

However, due to strong fragmentation of both offline and online channels, technologies, and 
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platforms, delivering a customer-centric and seamless experience is a challenging task 

(Accenture, 2019). 

 

Managing customer experiences in an integrated, automated, and personalised manner is 

increasingly enabled by a paradigm shift in the use of data. Today, instead of being regarded as 

static, data are increasingly becoming “a raw material of business, a vital economic input, used 

to create a new form of economic value” (Mayer-Schönberger & Cukier, 2013, p.3). As such, 

big data is migrating into all areas of society and former decision-making practices based on 

causalities are being exchanged with the establishment of simple correlations, which marks the 

beginning of a major transformation (Mayer-Schönberger & Cukier, 2013). A contemporary 

technology that arose with advances in data sciences is artificial intelligence (AI). AI offers great 

opportunities for advancing analytical methods used by organisations to manage a variety of 

marketing tasks (Martinez-Lopez & Casillas, 2013). In other words, AI can be defined as the 

“science and engineering of making intelligent machines, especially intelligent computer 

programs” (McCarthy, 1998, p. 2). As stated by Martinez-Lopez and Casillas (2013), the core 

of AI focuses on developing automatic solutions to problems, which traditionally required 

human intelligence, judgement, or analysis. In the field of marketing, application areas of AI 

range from segmentation and targeting, to pricing strategies, forecasting, and recommendations 

(Martinez-Lopez & Casillas, 2013; Sterne, 2017). 

 

Due to the ever-increasing number of products, customers are oftentimes confronted with too 

many options and information overload. Therefore, the personalisation of product offerings has 

become a major factor in customer’s decision-making and overall satisfaction (Jiang, Shang, & 

Liu, 2009). Within the field of AI, valuable tools which are increasingly being implemented to 

improve marketing automation and personalisation processes are recommender systems. 

According to Jiang et al. (2009), these “systems are decision aids that analyse customer’s prior 

online behaviour and present information on products to match customer’s preferences” (p. 470). 

Thus, the strength of these systems is to reduce the workload of users who are overwhelmed by 

available choices (Konstan & Riedl, 2012).  

 

Today, recommender systems have been implemented by technology companies such as 

Amazon (‘customers who bought this item also bought…’), Netflix (‘because you watched…’), 
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and Google (‘visually similar images’). In fact, the implementation of recommender systems has 

mainly focused on low-involvement products in industries like e-commerce, entertainment, or 

content (Ricci, Rokach, & Shapira, 2015). However, due to their potential to significantly 

improve customer decision-making and to enhance the bottom-line, recommender systems are 

assumed to be useful in a high-involvement context as well (Zibriczky, 2016). In particular, retail 

banks have recently started considering the deployment of statistical machine learning 

algorithms to improve marketing efforts (Gigli, Lillo, & Regoli, 2017). Due to the digital 

transformation, a rapidly growing number of online touchpoints, and an industry disruption 

through FinTech start-ups, retail banks are increasingly challenged to provide a compelling 

customer experience (Srinivas, Wadhwani, Ramsay, Jain, & Singh, 2018). Despite the complex 

implementation of recommender systems for financial products and services, Gogoglione and 

Panniello (2010) found that implementing recommender systems in retail banking has the 

potential to significantly improve customer retention rates. 

 

Past research has extensively investigated the underlying concepts of customer experience in the 

digital transformation of marketing personalisation and automation processes. In addition, 

although recommender systems have already been introduced in the 1990s, the field has been 

increasingly emerging throughout the past years. Despite the great relevance of both topics and 

the ability of recommender systems to support marketing activities, until today, no study 

combined the two fields – this is particularly true for the complex retail banking sector. 

Consequently, the aim of this thesis is to be a starting point in closing this apparent research gap 

and thereby aims to contribute to existing literature by investigating recommender systems in 

retail banking and to understand their potential to influence customer experience. Therefore, the 

problem statement of this thesis is as follows: 
 

How should artificially intelligent recommender systems be designed in order to improve 

customer experience in the retail banking industry. 
 

Based on the initial theoretical foundations and methodological considerations of this thesis, the 

following four research questions aim at answering the problem statement. Here, to measure the 

impact of AI-driven recommender systems on customer experience, the four underlying concepts 

customer journey phases, touchpoints, characteristics, and brand elements are applied:  
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1. In which phase of the customer journey should recommender systems be implemented in 

order to have a positive effect on customer experience in retail banking? 

2. Which touchpoints should be used for recommender system implementation in order to 

have a positive effect on customer experience in retail banking? 

3. What characteristics should recommender systems have in order to have a positive effect 

on customer experience in retail banking? 

4. Does the implementation of recommender systems have an effect on the brand elements 

influencing customer experience in retail banking? 
 

Overall, this research is descriptive, deductive, and quantitative in nature. As such, a 

questionnaire is used to develop a deeper understanding of how a recommender system should 

be designed in order to positively influence customer experience by taking a customer 

perspective. The findings are based on 147 responses gathered from current bank clients and 

offer valuable implications for both researchers and banking executives. 

 

The structure of this thesis is as follows. Firstly, the Literature Review introduces important 

theories underlying customer experience by taking a historical perspective before defining the 

overarching term. Moreover, the field of AI is introduced with a special emphasis on its historical 

development, contemporary discussions, and its role in today’s marketing landscape. Following, 

the technology of recommender systems is explained by elaborating on the different types, 

application areas as well as performance metrics. Hereafter, current developments and trends in 

retail banking are outlined in the context of the research at hand. At the end of this section, the 

literature review is summarised and research questions, hypotheses as well as a hypothetical 

framework are conceptualised. Secondly, the Methodology elaborates on the utilised 

methodological concepts by explaining the research philosophies and approaches as well as the 

research design. Thirdly, the Data Analysis part summarises the statistical results with regard to 

the research questions. Further, the results are interpreted in the Discussion section. Here, both 

theoretical and managerial implications are outlined and limitations as well as areas of future 

research are presented. Lastly, the thesis ends with a Conclusion answering the problem 

statement. 
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2. Literature Review 

 

Digitalisation has driven people to screens, but in recent years, bricks and mortar companies 

started to fight back. Today, as the digital and physical world interconnect, companies need 

to seamlessly intertwine both the digital and physical customer experience (Accenture, 

2018). According to the Fjord Digital Trends 2019, this requires companies to fundamentally 

change their approaches and tools for meeting customer expectations with respect to higher 

personalisation and flexibility (Accenture, 2018). Here, AI-driven recommender systems 

offer a great opportunity to influence customer experience in the retail banking industry by 

means of automation and personalisation. This chapter of the thesis establishes the theoretical 

foundation by reviewing literature in the three research areas customer experience, AI and 

recommender systems, and the retail banking industry. 

 

2.1. Customer Experience 

Developing an outstanding customer experience is nowadays a leading management 

objective driven by the fact that more complex customer journeys have emerged with an 

ever-increasing complexity and number of touchpoints (Lemon & Verhoef, 2016). The 

concept of customer experience is not new to academia. Rather, it is a construct based on 

various underlying theories, which have evolved over multiple decades. By taking a historical 

perspective, this section reviews key literature in the field, before comprehensively defining 

the term customer experience and suggesting ways how it can be optimised. 

 

2.1.1. Concepts Underlying Customer Experience 

The following firstly presents customer buying behaviour models. Secondly, measurement 

scales on customer experience are outlined before focussing on theories of service marketing. 

Subsequently, the concept of relationship marketing is elaborated and recent research on 

customer centricity is explained. Lastly, the contemporary field of customer engagement is 

introduced. 

 

2.1.1.1. Approaches to Design Customer Decision Journeys 

Today’s academic marketing literature is increasingly discussing how to design customer 

journeys and manage the way customers decide to purchase a product or service. However, 
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theories concerning the customer buying behaviour process have already emerged in the 

1960s. Here, the most influential concept is the Theory of Buying Behaviour developed by 

Howard and Sheth (1969). In this theory, internal variables reflecting the reactions and 

buying processes of a customer are studied in an isolated manner. Stimuli received from 

marketing and the social environment are also analysed in order to help predict which journey 

the buyer is likely to pursue based on a predetermined set of factors. In addition, Howard and 

Sheth (1969) introduce a general purchasing process, which ranges from problem 

recognition, to purchase, and after-sales across multiple channels. Overall, models and 

theories around customer buying behaviour are highly influential on path-to-purchase and 

multichannel strategies (Lemon & Verhoef, 2016). 

 

Vandermerve (1993) extends the previously introduced theories by taking changing demands 

and new purchasing patterns into consideration. The author suggests companies to look at 

the entire purchasing process from the pre-, to the during-, and post-purchasing phase 

(Appendix 1). Dhebar (2013), uses these three generic phases and divides them further 

(Appendix 2). To illustrate this, Figure 1 introduces the repeatable Customer Activity Cycle 

by Vandermerwe (1993) and incorporates the sequences identified by Dhebar (2013). 
 

 
Figure 1: Customer journey phases based on Vandermerwe (1993) and Dhebar (2013) (own illustration) 

Based on Figure 1, firstly, when customers enter the pre-purchase phase, they need to decide 

on what to do (Vandermerwe, 1993). Here, customers become aware of a need, which Dhebar 

(2013) labels as problem awareness, identification, and definition. Then, in the problem 

j
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analysis and solution definition step, the customer understands a problem and engages in 

identifying possible solutions. The last step in the pre-purchase phase is option identification, 

analysis, and solution selection. Here, the customer makes a decision on which product or 

service to purchase (Dhebar, 2013). Secondly, the next stage in the customer activity cycle 

is the during-purchase phase, where the customer makes a final product choice and conducts 

the purchase (Vandermerwe, 1993; Dhebar, 2013). The last phase of the customer activity 

cycle is the post-purchase phase, where the customer uses the product. The post-purchase 

phase begins with the delivery. Hereafter, the product or service is used by the customer, who 

might later supplement it with after-sales services, as well as maintenance. At the end of the 

post-purchase phase, the consumer disposes the product or service when it expires or is not 

needed any longer (Dhebar, 2013). 

 

2.1.1.2. Techniques to Measure Customer Experience 

In order to manage and understand customer experience along the introduced customer 

journey phases, it is essential to measure and monitor customer reactions by placing 

particular focus on perceptions and attitudes (Hallowell, 1996). In the 1970s, researchers 

began to assess the perceptions and attitudes of customers by measuring customer 

satisfaction and comparing customer expectations to the actual performance (Bruner, Hensel 

& James, 2005). Whereas Bolton developed a simplistic scale (‘How satisfied are you 

about…’), researchers like Oliver developed a more extensive measurement including 

customer’s emotions (Bruner et al., 2005). 

 

In addition to this, alternative assessments have been developed over the past decade. In fact, 

a common tool used to measure customer satisfaction and loyalty is the so-called Net 

Promoter Score (NPS) introduced by Reichheld from Harvard Business School (2003). The 

introduction of this score was based on Reichheld’s finding that many companies invest great 

amounts of money and time measuring customer satisfaction and loyalty with complex 

measures, which often yield ambiguous results. Instead of making use of such complex 

statistical models, Reichheld (2003) simply suggests asking, ‘How likely is it that you would 

recommend our company to a friend or colleague?’. As such, he states that when customers 

recommend companies to their environment, they put their own reputations on the line and 

will only take on this risk if they are highly satisfied and loyal. The 11-point numeric rating 
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scale that is provided to respondents ranges from 0 (‘very unlikely’) to 10 (‘very likely’). The 

NPS considers respondents answering from 0 to 6 as ‘detractors’, scores of 7 or 8 are 

considered ‘passives’, and answering 9 or 10 indicates ‘promoters’. Whereas ‘detractors’ are 

not likely to perform value-creating behaviours, it is likely that ‘promoters’ behave in a value-

creating way like referring other customers and being highly loyal. The final NPS value is 

calculated by the percentage of ‘promoters’ minus the percentage of ‘detractors’. Reichheld 

(2003) describes the NPS as “the one number you need to grow” (p. 10). 

  

2.1.1.3. Framework for Blueprinting Customer Touchpoints 

In the 1980s, the field or service marketing gained substantial awareness when firms realised 

that the marketing of services is significantly different to the marketing of products (Rust & 

Chung, 2006). Here, service blueprinting was developed as an initial attempt to better 

understand the customer journey by mapping (Lemon & Verhoef, 2016). Thereby, this stream 

of research focusses on the context in which experiences arise. Through the development of 

the SERVQUAL Model and the corresponding metrics developed by Parasuraman, Zeithaml, 

and Berry (1985), scales for measurement and assessment of service quality have been 

validated and improved (Bruner et al., 2005). 

 

Dhebar (2013) adds to the first notions of blueprinting and introduces the importance of 

touchpoints. According to him, touchpoints can be defined as “points of human, product, 

service, communication, spatial, and electronic interaction collectively constituting the 

interface between an enterprise and its customers over the course of customers’ experience 

cycles” (Dhebar, 2013, p. 200). In order to develop an outstanding customer experience along 

the entire customer journey, these touchpoints need to be well designed, implemented, and 

managed. Dhebar (2013) developed the Customer Touchpoint Blueprint as a holistic 

approach to achieve a compelling customer touchpoint architecture. Here, the 

interdependencies between the various touchpoints and the desired configuration are mapped 

(Dhebar, 2013). To analyse interdependencies between the previously outlined customer 

journey phases (Figure 1), Dhebar (2013) suggests a three-step approach. This approach is 

divided into the customer perspective, the enterprise perspective, and combing both. In sum, 

Dhebar (2013) states that in a world of enterprises intensely competing for the customer’s 
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business, it is vital that the customer’s experience across all touchpoints at all stages in the 

customer experience cycle is strategically differentiated. 

 

2.1.1.4. Model for Building Customer-Based Brand Equity 

In the 2000s, research started to focus on customer relationships by introducing the term 

customer relationship management (CRM). Whereas relationship marketing centres on 

building long-term relationships with customers, both CRM and customer value management 

focus on optimising profitability and customer lifetime value (Stefanou, Sarmaniotis, & 

Stafyla, 2003; Kumar, Petersen, & Leone, 2007). In this context, concepts such as brand 

equity, value equity, and relationship equity are key drivers for customer equity. Here, 

significant investments in customer relationship were made with a focus on metrics such as 

customer lifetime value (Lemon & Verhoef, 2016). 

 

In this regard, Keller (2001) suggests the Customer-Based Brand Equity Model, which assists 

management teams in their brand building efforts providing numerous financial benefits. In 

accordance to the model, building strong brands incorporates the following four steps. 

Firstly, a company has to establish brand identity meaning that both a brand’s breadth and 

depth need to be determined. Secondly, brand meaning should be created through favourable, 

strong, and unique brand associations. Thirdly, positive and accessible brand responses can 

be developed. Lastly, intense, active, and loyal relationships between brands and customers 

should be established. In order to accomplish these four steps, a company needs to sculpt the 

following six brand-building blocks: brand salience, brand performance, brand imagery, 

consumer judgement, consumer feeling, and brand resonance (Figure 2).  
 

 
Figure 2: Customer-Based Brand Equity Model based on Keller (2001) (own illustration) 
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In fact, to reach the most valuable brand-building block brand resonance – the pinnacle of 

the pyramid – all other brand-building blocks need to be established first. Having 

accomplished brand resonance enables the interaction with highly loyal customers, who share 

their experiences with others. The Customer-Based Brand Equity model can enable brands 

to assess their progress in reaching brand resonance (Keller, 2001). 

 

2.1.1.5. Development Towards Customer Centricity 

Customer centricity represents a strategic approach that has been put forward since the 2000s. 

It stemmed from the increase in market diversity, intensified competition, well-informed 

customers, and advancements in technology. Customer centricity can be defined as an 

approach that focuses on understanding and delivering value to each customer, rather than to 

a mass market (Sheth, Sisodia, & Sharma, 2000). The basic notion can be traced back to the 

1960s when Levitt suggested that firms should not focus on selling a product or service, but 

rather on fulfilling customer needs (Levitt, 1960). Consequently, the recent ubiquitous 

availability of individual-level customer data shifted the focus to an individual customer 

level. Overall, customer centricity aims at aligning a company’s products and services with 

the needs of its most valuable customers. 

 

As customer-centricity aims at serving customers efficiently and effectively, individual 

needs, wants, and resources need to be taken into consideration. Here, marketeers decide 

whether they should customise elements of the marketing mix or if an offering should be 

standardised (Sheth et al., 2000). A main challenge of adopting customer-centricity is the 

organisational structure. A customer-centric organisation puts the customer first at every 

decision made within each department. As companies are structured with multiple 

hierarchical levels and facets, they are often highly resistant to change (Shah, Rust, 

Parasuraman, Staelin, & Day, 2006). Gryd-Jones, Helm, and Munk (2013) point out that 

organisational silos often limit employees to make decisions emphasising customer 

experience. The consequence of silos within companies is that they ultimately operate by 

means of individual sales and product managers, who are assigned to individual product types 

or categories. In such organisations, resources are allocated based on the product that is 

manufactured and the quantity of products sold. However, when aiming to develop a truly 

customer-centric organisation, this approach is not goal expedient. When looking at an ideal 



 
 

 
Literature Review 

18  

customer-centric organisation, every functional activity is aligned and integrated across all 

departments to provide customers with superior value (Shah et al., 2006). 

 
2.1.1.6. Creation of Customer Engagement 

Over the past ten years, research and businesses started to focus on customer- and brand 

engagement. Definitions on customer engagement focus on behaviour, attitudes, and value 

extraction. A particular emphasis is placed on the behaviour and attitudes going beyond the 

actual purchase. Here, the underlying assumption is that customer engagement is a 

motivational state where customers build and co-create brands (Lemon & Verhoef, 2016). 

Vivek, Beatty, and Morgan (2012) summarise the existing literature and define customer 

engagement as the degree to which a customer participates with a brand or its products and 

services. This engagement is either initiated by the customer itself or the underlying 

organisation. In particular, customer engagement has gained significant traction through both 

digitalisation and social media. This development has empowered customers to positively or 

negatively engage with a brand. 

 

Building upon the above, Edelman (2010) recognises that decision journeys of customers are 

highly depend on the level of the customer-brand relationship. Walker (2011) extends this 

theory by introducing the concept of multiple customer decision journeys (Figure 3). 
 

 
Figure 3: Multiple customer decision journeys based on Walker (2011) (own illustration) 
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At each stage within the three different customer journey loops, individuals interact with a 

company through multiple touchpoints. Walker (2011) suggests that “touchpoint experiences 

and offerings must be designed, engineered, managed, and optimised to support this lifecycle 

across the multitude of digital, face-to-face, direct, indirect, passive, and active touchpoints 

in which customers engage” (p. 6). Here, the aim is to understand what a customer is doing 

and predict what he or she will do in the future. This requires companies to rethink their 

marketing approach: instead of thinking in terms of channels, companies should think in 

terms of touchpoints (Walker, 2011). 

 

2.1.1.7. Summary of Customer Experience Concepts 

Summarising all of the above, it was shown that customer buying behaviour models 

developed in the 1960s to 1970s are the foundation to the current debate on how to design 

and manage customer decision journeys. These models contribute to customer experience by 

explaining how customers make purchasing decisions. Past research on how to measure 

customer satisfaction and customer loyalty was introduced in the 1970s. It was argued that 

measuring the perception and attitudes of customers enables marketeers to measure customer 

experience. In the 1980s, service quality research was introduced. Despite the fact that this 

area focuses on a specific context, it laid the foundation for customer journey blueprinting. 

CRM research in the 2000s showed that linking models to specific elements of customer 

experience has an impact on the financial outcomes. Here, a well-known example is the 

Customer-Based Brand Equity pyramid, where an impact on the bottom line can be 

accomplished by achieving brand resonance. Subsequently, research on customer centricity 

was introduced. In fact, it was shown that customer experience is designed and managed 

appropriately when companies focus on interdisciplinary collaboration and the needs and 

wants of customers. Lastly, contemporary research on customer engagement in the 2010s 

acknowledges the role customers have in designing customer experience. 

 

2.1.2. Customer Experience as a Holistic Construct 

Based on the theories above, the overall construct of customer experience is defined in the 

following. Following, due to the fact that it is increasingly difficult to design and manage 

compelling customer experiences, the concept of an outstanding customer experience is 

described. 
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2.1.2.1. Definition of Customer Experience 

Various literature has previously defined the term experience. Today, the term is used in 

multiple areas of research such as product and service, online and offline, consumption, 

branding, and customer experience, which are analysed in the following. 

 

Product and service experience takes place when customers interact with a product or 

service. Here, product attributes such as visual, form, or verbal play a key role. Experiences 

with a product can either be direct or indirect. Indeed, whereas direct experience refers to a 

physical interaction between a customer and a product, indirect experience refers to a 

mediated interaction with a product such as advertising (Schmitt & Zarantonello, 2013). 

Experiences potentially occur in an online or offline environment. The latter has been 

researched for decades, where the literature mainly focuses on brick and mortar environments 

such as supermarkets or shops. However, through the emergence of the internet, a vast range 

of new media developed (Schmitt & Zarantonello, 2013). In contrast to the previously 

introduced areas of research, the concept of consumption experience takes a broader stance. 

It can be defined as overlapping relationships between situational, environmental, and 

personal inputs, which constantly interact reciprocally with each other (Schmitt & 

Zarantonello, 2013). Brand experience is a relatively recent area of research and takes 

multiple subcomponents into account. As such, Brakus, Schmitt, and Zarantonello define 

brand experience as “subjective, internal consumer responses (sensations, feelings, and 

cognitions) and behavioural responses evoked by brand-related stimuli that are part of a 

brand’s design and identity, packaging, communications, and environments” (Brakus, 

Schmitt, & Zarantonello, 2009, p. 53). Lastly, customer experience is the broadest concept, 

as it does not focus on specific marketing elements or on specific findings. Consumption 

interactions during the customer experience can be divided into different phases. Here, the 

focus lies on the individual and how he or she perceives and evaluates all interactions with a 

company (Schmitt & Zarantonello, 2013). 

 

This thesis focuses on the area of customer experience, for which various definitions have 

been developed. Most notably, Meyer and Schwager (2007) define customer experience as 

“the internal and subjective response customers have to any direct or indirect contact with a 

company” (p.2). Direct contact is usually initiated by the customer during the purchase, use, 
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and service stages. Indirect contact occurs through activities such as word-of-mouth 

recommendations, advertising, and reviews. Another definition of customer experience is 

suggested by Gentile et al., (2007): 
 

“The customer experience originates from a set of interactions between a customer and 

a product, a company, or part of its organisation, which provoke a reaction. This 

experience is strictly personal and implies the customer’s involvement at different 

levels (rational, emotional, sensorial, physical, and spiritual). Its evaluation depends on 

the comparison between a customer’s expectations and the stimuli coming from the 

interaction with the company and its offering in correspondence of the different 

moments of contact or touchpoints.” (p. 397) 
 

If companies want to achieve long-term success, they need to be able to satisfy their 

customer’s needs and not solely compete based on their products and services. This requires 

companies to fundamentally change assumptions by starting to truly understand customers 

and their activities. To create a good customer experience, companies need to focus on all 

aspects of an offering – including product features, service features, packaging, advertising, 

reliability, user friendliness, and customer care (Gentile et al., 2007). Based on the two above 

introduced definitions, this thesis defines customer experience as a holistic construct that 

involves emotional, spiritual, sensorial, rational, and physical responses of a customer. These 

experiences are either directly or indirectly controlled by the company and occur in the pre-, 

during-, and post-purchase phase. 

 

2.1.2.2. Design of an Outstanding Customer Experience 

After having defined the construct of customer experience, it is important to understand what 

makes an experience outstanding. Overall, companies can accomplish an outstanding 

customer experience by implementing a closed-loop approach, where every part and function 

of an organisation focuses on delivering a compelling customer experience (Meyer & 

Schwager, 2007). The goal of creating an outstanding customer experience is to enhance 

relationships and ultimately increase customer loyalty. Meyer and Schwager (2007) 

reference a customer experience study conducted by the consultancy Bain & Company, in 

which customers from 362 companies were surveyed. Whereas only 8% of the customers 

described their customer experience as outstanding, 80% of the company’s executives 
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believed that they provided an outstanding customer experience. In other words, there is a 

large gap between the company’s perception and that of customers. 

 

According to Frow and Payne (2007), co-creation also plays an important role when 

developing an outstanding customer experience. The term co-creation has been widely used 

in academic literature. Whereas, Da Silveira, Lages, and Simões, (2013) describe co-creation 

of value as the co-creation of brand identity, Vallaster and von Wallpach (2013) explain the 

co-creation of value as the co-creation of brand meaning. Ind, Iglesias, and Markovic (2017) 

acknowledge these various definitions and define co-creation as “an active, creative, and 

social process based on collaboration between organisations and participants that generates 

benefits for all and creates value for stakeholders” (p. 311). 

 

When engaging in co-creation, customers interact with a company during the entire value-

creation process. Here, the main focus lies on creating a process supporting customer 

experience rather than focusing on conventional branding activities. With respect to customer 

experience, two verifying perspectives of consumer behaviour need to be considered. On the 

one hand, the information-processing view takes a cognitive perspective, in which consumers 

act primarily in a goal-oriented way by searching for available information and evaluating 

options thoroughly. Here, it is assumed that the consumer is knowledgeable enough to assess 

the benefits and drawbacks of consuming a certain product or service (Østergaard & Jantzen, 

2000). On the other hand, the experiential perspective assumes that consumption is driven 

by context and emotions as well as nonutilitarian and symbolic aspects. Through this 

perspective, consumption becomes an experience and is viewed as much more than goal-

directed – it focuses on the flow of feelings, fantasies, and fun (Østergaard & Jantzen, 2000; 

Holbrook & Hirschman, 1982). 

 

When looking at customer experience, these two perspectives need to be taken into 

consideration, where both memory-based and sub-conscious activities are regarded. This 

implies that customer experience management needs to take routine actions and emotional 

experiences into consideration (Frow & Payne, 2007). Frow and Payne (2007) argue that if 

companies want to create an outstanding customer experience, they need to take the rational 

and emotional perspective into account. However, at the same time, they need to carefully 
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consider which of the two is more dominant within their business model. Furthermore, it is 

important to consider the day-to-day experience as well as the emotional and hedonic 

experience in order to create an outstanding customer experience. Frow and Payne (2007) 

use the definition by Wolf to define a perfect customer experience as one that “results in 

customers becoming advocates for the company, creating referral, retention, and profitable 

growth” (p. 92). 

 

2.2. Artificial Intelligence and Recommender Systems in Marketing 

As previously outlined, designing compelling customer experiences is a challenging task. 

This part identifies the underlying concepts of AI and thereby presents recommender systems 

as a technology with the potential to enhance customer experience by personalisation. 

 

2.2.1. Artificial Intelligence  

Firstly, an introduction to AI gives the reader an understanding of the development within 

this increasingly emerging field of technology and its current progress. Secondly, the 

different models underlying AI are introduced. Subsequently, the different application areas 

of the technology are presented. Lastly, the section outlines the role of AI in improving 

marketing efforts and performance. 

 

2.2.1.1. Development of Artificial Intelligence 

John McCarthy – the father of AI – defines AI as the “science and engineering of making 

intelligent machines, especially intelligent computer programs” (1998, p. 2). However, the 

idea of intelligent machines goes back to 1637. In times of early enlightenment, the 

mathematician and physician René Descartes compared a machine’s intelligence to that of 

humans. He stated that although machines can perform certain tasks as well or even better 

than humans, human intelligence is universal and has the ability to serve all contingencies, 

whereas machines are only trained for specific tasks (Descartes, 1637). Similarly, 

philosophers like Gottfried Wilhelm Leipniz seized the possibility of mechanical reasoning 

devices solving certain issues based on rules of logic (Buchanan, 2006). When the first 

computers were developed, scientists started raising questions of whether it is possible to 

construct artificially intelligent systems (Flasiński, 2016). Here, the English mathematician 

and computer scientist Alan Turing first referred to computers as ‘giant brains’ (Buchanan, 
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2006). In 1950, he invented the well-known operational Turing Test (the so-called ‘Imitation 

Game’). This test evaluates a machine’s performance in exhibiting intelligent behaviour, 

which is indistinguishable from that of a human (Turing, 1950). 

 

In 1956, the ‘Dartmouth Summer Research Project on Artificial Intelligence’ gave AI its 

name with the introduction of the Logic Theorist program. This was invented by Newell, 

Shaw, and Simon and laid the ground for the logic-based paradigm in AI research 

(Buchanan, 2006). The mission of the research project was “to proceed on the basis of the 

conjecture that every aspect of learning or any other feature of intelligence can in principle 

be so precisely described that a machine can be made to simulate it.” (Knapp, 2006). 

Hereafter, Newell, Shaw, and Simon advanced their work by introducing the General 

Problem Solver system, which has the ability to resolve a variety of formal problems based 

on cognitive simulation by taking human performance and error into account (Flasiński, 

2016). In the 1960s and 1970s, McCarthy solved problems of formal logic-based reasoning 

models by inventing knowledge-based systems. This invention led to a paradigm shift in AI 

research as it substantially differed from both prior logic-based and cognition-simulation 

approaches. As such, these systems are equipped with “all the knowledge that human experts 

possess in a particular field” (Flasiński, 2016, p. 5). Here, knowledge is treated as data and 

stored in the knowledge base of the intelligent machines. Instead of solving general problems, 

the systems focus on well-defined application areas (Flasiński, 2016). 

 

After the development of knowledge-based systems, there has been considerable progress in 

understanding common modes of reasoning that are not strictly deductive. This progress can 

mainly be attributed to advances in data science and the fact that quantitative information is 

increasingly being collected to be fed into algorithms for the purpose of prediction, 

measurement, and governance (Flyverbom & Madsen, 2015). Thus, to find the right rules 

and knowledge, data is crucial for AI to extract valuable and useful information (Provost & 

Fawcett, 2013). As summarised by Halevy, Norvig, and Pereira (2009), successes in several 

application areas of AI can be explained by the unreasonable effectiveness of data and by the 

fact that today, training sets for input-output behaviour needed for automation are available 

for use ‘in the wild’. Sterne (2017) adds to this by stating that the current wave of enthusiasm 

and progress for AI began around 2010 and was driven by three main factors, which build 
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upon each other: (1) the availability of big data from multiple sources (2) providing raw 

material for dramatically improving machine learning algorithms, (3) which in turn rely on 

capabilities of substantially more powerful computers. 

 

Today, AI is one of the key technologies of the fourth industrial revolution. The so-called 

industry 4.0 is currently beginning with the development in ‘hyper automation’, ‘hyper 

connectivity’, and key technologies such robotics, internet of things, and AI. These 

technologies enable the processing of big data including languages and images with 

increasing autonomy and capabilities in diverse areas of society (Park, 2017). Nevertheless, 

the increasing autonomy goes alongside the responsibility for considering societal 

implications. As such, issues by critics in relation to the loss of privacy, the failure of 

autonomous machines, and job displacements must be taken seriously (Buchanan, 2006). 

Burns (2018) mitigates this by stating that the general public is poorly informed about the 

current state of AI. Furthermore, a world, which is increasingly run by algorithms demands 

a public which understands what machine learning is and how it works (Buchanan, 2006). 

For a better understanding of AI, the following introduces underlying models. 

 

2.2.1.2. Models of Artificial Intelligence  

Similar to the previously posed definitions of AI, Mendes da Silva (2019) from the Danish 

Alexandra Institute describes AI as a computer-aided simulation of human behaviour. 

Furthermore, he divides AI into the two sub-parts machine learning and deep learning 

(Mendes da Silva, 2019). Both are explained in more detail in the following (Figure 4). 
 

 
Figure 4: Levels of artificial intelligence based on Mendes da Silva (2019) (own illustration) 
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Machine Learning 

When machines are solely functioning as rules-based systems, they simply do exactly what 

they are told. Although rules-based functionalities are sufficient in multiple domains, in times 

of information overload and big data, the need for machine learning arose. As stated by Sterne 

(2017), the “magic of machine learning is that it was designed to learn, not to follow strict 

rules” (p. 10). In other words, machine learning needs data, performs certain tasks, and waits 

for feedback. In case of positive feedback, it duplicates the same actions for similar tasks the 

next time and if feedback is negative, it tries to understand where it went wrong. Here, the 

machine can write its own algorithms and build its own architecture. Mendes da Silva (2019) 

gives political survey polls, weather prediction, and image differentiating between dogs and 

cats as examples of machine learning. According to Davenport and Patil (2012), along with 

the significant increase in the availability and accessibility of data in combination with 

improved analytical tools came two areas in the field of machine learning: supervised and 

unsupervised learning. 

 

On the one hand, supervised learning is used to classify explanatory variables based on a 

chosen target value. Thus, the goal is to find a specific structure in the input data that enables 

correct output data. In order to create a model that predicts the specified target value of a new 

observation, a large training dataset is required with labelled variables (Kotsiantis, Zaharakis, 

& Pintelas, 2007). According to Soni (2018), common algorithms in the field of supervised 

learning are naive Bayes, logistic regression, and artificial neural networks. In terms of the 

latter, neural networks are inspired by the human central nervous system and can add value 

to complex data processing tasks (Hardt, 2018). On the other hand, unsupervised learning is 

not based on a previously defined target variable. Instead, the goal here is to identify 

similarities and patterns in data and to cluster it into different groups without using previously 

labelled data (Baesens, 2014). Soni (2018) uses customer segmentation as an example for 

unsupervised learning in business. Here, customer groups are clustered based on similarities 

in demographics or behaviouristic patterns. 

 

Deep Learning 

According to LeCun, Bengio, and Hinton (2015), the conventional techniques for machine 

learning are limited in their ability to process natural data in the raw form. This limitation led 
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to the development of representation learning. Here, the goal is to allow a machine to 

discover representations needed for detection and classification in raw data. LeCun et al. 

(2015) define deep learning methods as “representation-learning methods with multiple 

levels of representation” (p. 436). These representations are composed into different 

modules, which transform representations at one level into more abstract levels. Sterne 

(2017) states that the key aspect is that the layers of features are not pre-defined by humans 

but that they are instead learned from data. Due to the fact that machines teach themselves 

vastly complex functions, deep learning can help solving problems that have resisted past 

technological developments in machine learning algorithms (LeCun et al., 2015). Mendes da 

Silva (2019) mentions autonomous vehicles, Netflix’s and Amazon’s preference generators, 

and the Google search engine as examples of advanced deep learning. In order to understand 

the reach of AI in today’s increasingly digitalised world, the following introduces the 

technology’s main application areas. 

 

2.2.1.3. Applications of Artificial Intelligence 

In general, according to Sterne (2017), the functionality of AI can be described in terms of 

the ‘three D’s’ detect, decide, and develop. Firstly, even when using a large variety of data 

types and noisy data, AI is able to distinguish between more and less relevant characteristics 

for the domain. Secondly, “AI can infer rules about data, from the data, and weigh the most 

predictive attributes against each other to make a decision” (Sterne, 2017, p. 5). Thirdly, AI 

has the ability to grow and mature with each iteration. It can program itself by altering 

opinions about its environment and evaluating it (Sterne, 2017). 

 

Sterne (2017) defines AI as a large umbrella, under which one can find the fields of visual 

recognition, voice recognition, natural language processing, expert systems, affective 

computing, and robotics. Firstly, visual recognition refers to computer vision and its sub-

field of image recognition, which enable a machine to see and make sense out of digital 

images. Secondly, voice recognition includes speech-to-text as well as text-to-speech used in 

in systems like Amazon’s Echo. Moreover, natural language processing refers to content 

extraction, classification, machine translation, question answering, and text generation. An 

example for this type of AI is the detection of spam e-mails (Kumar, 2018). Further, an expert 

system contains domain-specific and high-quality knowledge enabling it to solve complex 
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problems and to make decisions (Gour, 2018). In addition, described by Banafa (2016), 

“affective computing is the study and development of systems and devices that can recognise, 

interpret, process, and simulate human affects”. Here, due to the fact that technologists have 

largely ignored emotions, the aim is to restore a balance between cognition and emotion 

(Massachusetts Institute of Technology, 2018). Lastly, the field of robotics focuses on 

designing and manufacturing robots able to perform tasks such as car assembly, that are 

difficult for humans to perform consistently (Kumar, 2018). At this point it is important to 

note that the listed technologies are not mutually exclusive but rather complementary in the 

sense that they can be used in hybrid to solve specific problems (Corea, 2018). 

 

What all AI fields have in common is the fact that they mimic intelligent human behaviour, 

abilities, intelligence, and senses. In addition, the field is frequently divided into weak and 

strong AI. Whereas weak AI can do specific tasks very well without an exact understanding 

of how human reasoning works, strong AI refers to systems thinking like humans, drawing 

on general knowledge, and imitating common sense (Sterne, 2017; Marr, 2018). Generally, 

however, a vast majority of today’s AI development use human reasoning as a guide rather 

than aiming to achieve perfect replica of the human mind (Marr, 2018). To exploit the 

immense potential of automation and personalisation of AI, the following gives an 

introduction to its usage in marketing. 

 

2.2.1.4. Utilisation of Artificial Intelligence in Marketing 

As stated by Sterne (2017), AI gives organisations the ability to match information about 

their products with information that prospective buyers need at right time and in the right 

format. This allows customers to consume more effectively – for themselves and for the 

brand. Furthermore, Sterne (2017) states that “in the realm of customer experience, machine 

learning rapidly produces and takes action on new data-driven insights, which then act as 

new input for the next iteration of its models” (p. 7). In sum, businesses can use the results 

to anticipate needs, delight customers, and achieve a competitive advantage. 

 

Sterne (2017), presents the three most valuable and used outputs obtained by implementing 

AI in marketing: predictive scoring, forecasting, and recommendations. Firstly, in lead 

generation, predictive scoring gives every lead a score representing the likelihood that it will 
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convert into an opportunity. In addition, the system can explain the reasons behind this score, 

which leads to a better understanding of the lead’s source and of the other factors influencing 

the likelihood of conversion. Secondly, forecasting predicts the future value of a business 

activity or decision. In sales, it enables a sales manager to predict performance and indicates 

whether or not sales targets can be reached. Lastly, companies frequently use AI and 

specifically machine learning algorithms to track customer preference data in order to 

provide personalised product, service, or content recommendations. When connecting these 

notions with the previous part of the literature review, which focussed on the construct of 

customer experience, it is reasonable to assume that AI-driven recommendations have a 

material potential in designing an outstanding customer experience. 

 

2.2.2. Recommender Systems 

Based on the previous section, the following builds upon the role of AI in marketing by 

highlighting the importance of recommender systems in the context of customer experience 

management. Firstly, a definition of recommender systems is provided by defining its main 

goals as well as roles in contemporary marketing practices. Secondly, different approaches 

of recommender systems are presented and application areas are outlined. Lastly, 

performance metrics of recommender systems are introduced. 

 

2.2.2.1. Definition of Recommender Systems 

According to Sterne (2017), recommender systems are a subclass of information filtering 

systems seeking to predict the preference and the rating a user would give to an item based 

on sophisticated machine learning algorithms. Since the introduction of recommender 

systems in the early 1990s, marketing practices and the delivery of content have been 

revolutionised by personalised recommendations and predictions (Konstan & Riedl, 2012). 

As stated by Jiang, Shang, and Liu (2009), in today’s competitive and challenging market, 

personalising product information has become one of the most important factors impacting 

customers’ product selection and satisfaction. In other words, “successful firms are those that 

provide the right products to the right customers at the right time for the right price” (Jiang 

et al., 2009, p. 470). Over the past decades, the field of recommender systems has evolved 

both in terms of research and commercial development: today, recommender systems are 

embedded in a wide range of areas – both offline and online (Konstan & Riedl, 2012). In 
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fact, a study conducted by the consultancy McKinsey & Company found that personalised 

advertisement and recommendations are the most utilised machine learning application in 

media. Targeting individual consumers based on multi-modal data has the highest impact and 

degree of data richness compared to other machine learning disruptions (Sterne, 2017). 

 

The development of recommender systems was originally initiated by the basic observation 

that in their daily decision-making processes, people often rely on recommendations for both 

low- and high-involvement decisions (Ricci et al., 2015). Therefore, as stated by Chen et al. 

(2013), “a primary function of recommender systems is to help people make good choices 

and decisions” (p. 17) and therefore, cope with information overload. Hence, recommender 

systems are oftentimes used in situations where individuals lack the sufficient competence, 

experience, and resources to evaluate large amounts of product offerings (Ricci et al., 2015). 

As there are different approaches of recommender systems, the following introduces these. 

 

2.2.2.2. Approaches of Recommender Systems 

To discover the products that best suit the customer, recommender systems employ both 

quantitative and qualitative methods (Jiang et al., 2009). Regardless of the recommendation 

approach chosen, according to Gorgoglione and Panniello (2011), “given a set of customers 

and a set of items or products, a [recommender system] predicts the unknown utility of an 

item for a customer” (p. 98). Hence, if an item j is predicted to have a high utility for customer 

i, the system recommends the customers to buy the item. Due to the fact that all customers 

receive a different set of items based on their preferences, this action is personalised. The 

utility of an item for a user is measured by implying whether or not the customer owns a 

particular product as well as by estimating the usage or purchasing frequency of the item. As 

will be seen in the following, these kinds of functions can be built by employing several 

different approaches (Gorgoglione & Panniello, 2011). 

 

In general, Ricci et al. (2015) identify five main classes of recommender systems, which are 

currently implemented in the marketing sphere. Firstly, content-based systems recommend 

products similar to products the customer liked in the past by matching the user’s profile with 

the product’s attributes. Secondly, collaborative filtering techniques base their 

recommendations on items that other users with similar profiles liked or bought in the past. 
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Here, the so-called people-to-people correlation is calculated based on the similarity in taste 

of two users and similar ratings in history (Ricci et al., 2015). Thirdly, demographic 

approaches make recommendations based on the demographic user profile by assuming that 

different recommendations should be generated for different demographic groups. Fourthly, 

knowledge-based recommender systems recommend items based on the knowledge about the 

domain in which the product or service is useful and how the item’s features meet consumers’ 

needs and preferences. Lastly, most recommender systems make use of hybrid approaches, 

which are a combination of the above-mentioned methods (Ricci et al., 2015). Particularly 

when implementing collaborative filtering or hybrid recommender systems, user data must 

be gathered, which can be done either implicitly or explicitly. Whereas users are aware of 

providing their information in explicit data gathering, implicit approaches access information 

in an indirect manner (Portugal, Alencar, & Cowan, 2017). In order to be able to better 

understand recommender systems in practice, the following introduces some of the systems’ 

application areas. 

 

2.2.2.3. Applications of Recommender Systems 

Ricci et al. (2015) categorise recommender systems into five main domains. Within the e-

commerce environment, they recommend products to customers such as books, cameras, or 

PCs. In the services industry, there are – amongst others – consulting recommendations, real 

estate recommendations, travel recommendations, and even matchmaking services. Within 

entertainment, recommender systems may suggest music, games, and movies on platforms 

such as Spotify and Netflix. In terms of content, recommender systems provide suggestions 

like webpages, newsletters, and e-mail filters. Lastly, recommendations also happen on 

social networks by, for instance, suggesting new friends or content such as tweets, Facebook 

feeds, and LinkedIn updates (Ricci et al., 2015). 

 

The first company to popularise recommender systems was the e-commerce giant Amazon 

in 1997, only two years after the platform’s launch (Smith & Linden, 2017). Here, data is 

tracked based on items that are frequently bought together and people who bought and rated 

items who also bought and rated similar items. Thereby, the company makes use of an item-

to-item collaborative filtering method, which can be considered a hybrid of content-based 

and collaborative filtering (Mayer-Schönberger & Cukier, 2013). Due to the fact that 
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organisations like Amazon know their customers’ browsing and buying habits, they are able 

to suggest the right products to the right customers at the right time and touchpoint. This 

enables them to bind their customers even tighter (Sterne, 2017). As stated by Smith and 

Linden (2017), the company even made it their mission to “helping people discover what 

they might have not found on their own” (p. 18). Today, one third of Amazon’s sales result 

from personalised recommendations, which drove several competitors out of the industry 

(Mayer-Schönberger & Cukier, 2013). This fact cannot only be explained by the 

personalisation effect but also by a study conducted by Paraschakis (2017) finding that 

whenever items are labelled as recommendations, chances of being consumed increase. As 

stated by Adomavicius, Bockstedt, Curley, and Zhang (2011), recommender systems account 

for 10% to 30% of online retail sales, partly due to cross- and up-selling. Moreover, 

approximately two-thirds of movies watched on Netflix are driven by the company’s 

recommender system (Adomavicius et al., 2011).  

 

According to Sterne (2017), as customers engage with multiple touchpoints, behaviouristic 

patterns and customer paths can be automatically discovered if the data is properly gathered. 

Especially in times of omnichannel customer experience, enabling marketeers to easily 

identify customer segments at critical points in the brand relationship is a tremendous benefit. 

Nowadays, brands can gain a broad understanding of the right time, the right context, and the 

right individuals for the first time (Sterne, 2017). Nevertheless, it is important to note that the 

implementation of recommender systems may also have a potential impact on strategic 

practices. Based on the fact that recommendations can have a substantial effect on customers’ 

decision-making, there is a certain risk for companies to take on unscrupulous business 

practices (Adomavicius et al., 2011). Therefore, measuring the performance of recommender 

systems is of great importance as will be described in the following.  

 

2.2.2.4. Performance Metrics of Recommender Systems 

Pu et al. (2011) summarise user benefits of recommender systems to include “higher 

efficiency in finding preferential items, more confidence in making a purchase decision, and 

the potential to discover something new” (p. 157). Thereby, a recommender system has the 

potential to decrease the size of consumers’ consideration sets and improve the quality of 

purchase decisions (Gemmis et al., 2013). 
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By stating that “research on human decision-making in recommender systems is still in its 

infancy” (p. 22), Chen et al. (2013) suggest devoting more attention to decision-making 

processes supported by the system and adopted by customers. According to Jiang et al. 

(2009), the conventional measure of success for a recommender system is to consider if 

customers purchase the recommended products. However, by stating that “a customer’s 

acceptance of a recommendation is not equivalent to its success” (p. 470), they emphasise 

the fact that the pure act of purchasing a recommended product does not guarantee customer 

satisfaction (Jiang et al., 2009). Therefore, they suggest that a recommender system must 

endure the ‘test of time’ and “only when customers claim that the products are what they like 

after their practical usage one can claim that the system has made effective 

recommendations” (Jiang et al., 2009, p. 470). In order to be able to maximise customer 

satisfaction, companies should not only match customers’ needs but also satisfy their wants. 

In fact, a recommendation should only be provided if the predicted satisfaction rating is high 

enough to ensure contentment. According to Jiang et al. (2009) authors, this satisfaction 

rating can be drawn from online reviews where information on needs, preferences, personal 

profiles, and opinions about products are readily available.  

 

Similar to Jiang et al. (2009), Pu et al. (2011) find that there is not necessarily a correlation 

between recommendation accuracy and user satisfaction. With the notion that “the ability to 

characterise user experience and user’s affective attitudes toward the technology has become 

extremely important” (p. 157), Pu et al. (2011) set up an influential, unifying evaluative 

framework for recommender systems. With their research, Pu et al. (2011) aim to understand 

the criteria for measuring the success of a recommender system from a user’s point of view. 

As such, they conceptualised the so-called ResQue (Recommender Systems’ Quality of User 

Experience) framework aiming at measuring the product’s recommendation quality (Pu et 

al., 2011). Their final model consists of 32 questions based on 15 constructs, which define 

the essential qualities of an effective and satisfying recommender systems in order to provide 

a cost-effective evaluation tool. This tool is supposed to support both business and academia 

in identifying in which areas of recommender system development to invest resources for an 

enhanced performance (Pu et al., 2011). Due to the fact that their research added substantial 

value to measure recommender system performance, this framework is not only cited by 

more than 450 academic research papers but also lies an important cornerstone for the study 
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at hand. The four layers of the evaluative questionnaire as well as the sub-constructs are 

described below.  

 

Here, the first layer refers to perceived system qualities analysing users’ perception of 

objective characteristics (informational and functional capabilities) consists of three main 

constructs. Firstly, recommender quality focusses on the quality of suggested items, which 

research considers to be the most critical success metric of a system. The main qualities are 

perceived accuracy (extent to which users feel that the recommendations matches their 

preferences and items), novelty (degree to which recommendations are new and interesting), 

attractiveness (whether recommendations stimulate positive emotions of desire), diversity 

(diversity level of items), and context compatibility (evaluating if recommendations consider 

general or personal context). Secondly, interface adequacy emphasises on optimising the 

system’s layout in order to achieve a maximum visibility. Here, Pu et al. (2011) aim to 

understand the interface of a recommender system in terms of its information sufficiency, the 

layout adequacy and clarity as well as the interface label. Thirdly, in terms of interaction 

adequacy, “the system’s ability to elicit user preferences, allows for user feedback and to 

explain the reason why recommendations facilitate purchasing decisions also weighs heavily 

on users’ overall perception of a recommender” (Pu et al., 2011, p. 159). Here, the main 

interaction mechanisms suggested by Pu et al. (2011) are explanation (the system’s ability to 

explain its results), initial preference elicitation, and preference revision. 

 

The second evaluation layer of the proposed model consist of beliefs, which focusses on how 

efficiently and effectively the recommender system accomplishes tasks, such as supporting 

purchase decisions. Here, perceived usefulness (degree to which the recommender systems 

improves users’ performance in contrast to the experience without the system), perceived 

ease of use (measures ability to quickly accomplish tasks without frustration), user control 

(whether users feel in control when interacting), and transparency (whether the systems 

allow users to understand their inner logic) are the main constructs (Pu et al., 2011).  

 

The third evaluation layer consists of attitude, which is considered to be longer lasting than 

a belief. Here, the construct overall satisfaction is included and aims at determining what 

users feel and think when being exposed to a recommender system. Additionally, the 
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confidence inspiring construct measures the degree to which the recommender systems 

convince users of the suggestions and trust implies whether users perceive the recommender 

system to be trustworthy (Pu et al., 2011).  

 

The fourth and last layer of the model, behavioural intentions, is related to the degree at 

which the recommender system influences users’ decisions to purchase the recommended 

items. This layer refers to fact that particularly in e-commerce settings, the goal is “to 

maximise user loyalty and lifetime value to stimulate users’ future visits and purchases” (Pu 

et al., 2011, p. 160). 

 

In sum, Pu et al. (2011) suggest one to four survey questions for each of the 15 identified 

constructs measuring recommender system success. After careful examination, they 

conclude that the constructs are robust with regards to their internal consistency, reliability, 

and that validity is satisfactory (Pu et al., 2011). Having underlined the potential of 

recommender systems to support the increasing organisational need to design and manage a 

compelling customer experience, the following delimits the scope of this thesis by 

introducing the retail banking industry. 

 

2.3. Retail Banking Industry 

Changes in regulations, fickle customer loyalty, and non-traditional competitors are key 

drivers forcing retail banks to shift towards designing a compelling customer experience. In 

the 2017 annual reports of the 50 largest global banks, 75% announced that they are 

committing to transform their customer experience (Maechler, Michael, Schiff, & Smith, 

2018). In part, this shift in strategy is pursued due to marginal differences in financial services 

and products offered by retail banks as new product offerings are typically matched by 

competition (Beerli, Martín, & Quintana, 2004). Therefore, retail banks are hoping to create 

a legitimate differentiator in a highly competitive environment (Maechler et al., 2018). 

 

Technologies like AI and cloud have already substantially transformed the retail banking 

industry. Nevertheless, order to maximise the potential of these technologies, data needs to 

be accessible and integrated (Srinivas et al., 2018). Furthermore, according to Desmangles et 

al. (2018), retail banks are required to further move towards personalised services. In this 
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context, banks as well as FinTech companies recently started to look at how recommender 

systems can support them in providing a compelling experience (Gigli et al., 2017). 

 

In order to design a study focussing on the implementation of recommender systems in the 

retail banking industry, it is vital to get a broad understanding of this industry. Therefore, the 

following describes a typical product portfolio in retail banking. Subsequently, a general 

customer decision journey is outlined, touchpoints are presented, and opportunities as well 

as challenges of implementing recommender systems in retail banking are elaborated. The 

last part of this section focusses on brand elements in the chosen industry. 

 

2.3.1. Typical Product Portfolio of Retail Banking 

A typical product portfolio of a retail bank incorporates an extensive variety of services and 

products, of which the most important ones are listed in the following. Based on Norris 

(2018), the first product group consists of checking and saving accounts. Typically, 

customers can open a checking account for a monthly fee. A savings account usually has a 

slightly higher interest rate in comparison to the checking account. In addition, retail banks 

also provide mortgages on residential and investment properties. This represents a 

substantial part of a retail bank’s business and is the biggest exposure of a bank to retail 

clients. Furthermore, automobile financing is where banks provide loans to clients for new 

and used vehicles as well as refinancing for existing loans. Moreover, banks offer credit 

cards, which provide short-term borrowing capabilities to clients and charge high interest 

rates. Additionally, retail banks also provide their clients with credit lines and personal credit 

products. Lastly, retail banks provide currency and remittance services. The level of 

personalised banking services varies depending on the income level and the amount of 

interactions a client has with a bank (Norris, 2018). 

 

2.3.2. Customer Journey Phases in Retail Banking 

As previously mentioned, there is a large number of products and services offered by retail 

banks, which in turn implies that there is a diverse variety of customer decision journeys. In 

order to manage these, it is important to recognise their complexity and focus on the most 

important ones. The key customer journeys can then be replicated to suite other decision 

contexts for different customers, products, and services (Maechler et al., 2018). In sum, one 
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can distinguish between two general types of customer journeys: becoming a customer at a 

bank and purchasing additional products or services. Due to the fact that recommender 

systems need customer specific data in order to be as accurate as possible, the following only 

takes the latter journey into consideration.  

 

Based on section 2.1.1.1. of this thesis, the customer journey phases by Vandermerwe (1993) 

are used. To make the journey more specific, the example of a customer interested in a new 

credit card is applied. As the customer is planning a trip abroad, he or she enters the customer 

decision journey by becoming aware of the fact that his or her debit card is not sufficient to 

pay or withdraw money in the respective country (problem awareness). Then, the customer 

starts to analyse the problem by looking at different payment methods. Through his or her 

social surrounding and the personal bank advisor, the following options can be identified: 

taking cash, bringing traveller cheques, or purchasing a credit card at his or her bank. Within 

the purchasing phase, the customer decides for the third option by taking various personal 

factors into consideration and choosing the standard credit card his or her bank offers. The 

credit card is ordered online and delivered to the customer five days later. A couple of weeks 

later, the customer starts his travels and begins to use the credit card. Due to the fact that he 

or she is highly satisfied with the new credit card services, the customer decides to 

supplement his credit card by adding an international travel insurance. After a certain number 

of years, the credit card expires meaning that customer needs to dispose it. Here, the customer 

can either reorder the same credit card or take another banking solution into account. This 

implies the ongoing, circular nature of the customer activity cycle (Vandermerwe, 2000; 

Dhebar, 2013). At this point, it is important to note that the by Dhebar (2013) suggested stage 

‘maintenance’ is not applicable in the case of retail banking.  

 

Applying customer decision journeys to the context of e-banking, the researchers 

Cunningham, Gerlach, and Harper (2005) investigate perceived insecurities and risk in e-

banking settings in contrast to traditional banking services from a consumer perspective. 

Their findings imply that whereas perceived risk increases in the need recognition, solution 

evaluation, and purchase phase, perceived risk in the information search decreases. The 

researchers Voorhees et al. (2017) look at the customer journey in the context of service 

experiences. Here, similar to Vandermerwe (1993), they define the three distinct phases pre-
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core, core, and post-core service encounter and find that the need for recommendations is 

particularly high in the pre- and post-core service encounter phases.  

 

2.3.3. Touchpoints in Retail Banking 

To receive the above-mentioned products and services, customers interact with their banks 

through various touchpoints along the customer journey. Generally, as stated by Srinivas et 

al. (2018), in recent years, banks have increasingly designed customer experience in a 

mobile-centric manner. A recent study by Ieva and Ziliani (2017) showed how various bank 

touchpoints contribute to customer loyalty in a multichannel retail banking environment. Ieva 

and Ziliani analyse these touchpoints in terms of reach and positivity. In sum, 22 touchpoints 

that can be related to retail banking were identified: TV and cinema advertising, radio 

advertising, newspaper advertising, customer magazine, direct mailing, billboards, online 

advertising, social networks, bank website, bank branch, special events, ATM machine, 

branch associates, word-of-mouth, emailing, loyalty programs, mobile app, special 

promotion, mobile messaging, customer service, customer satisfaction surveys, and 

telemarketing. Out of these 22 touchpoints, the following touchpoints contribute to a positive 

customer experience: bank website, word of mouth, e-mailing, mobile app, customer service, 

and customer satisfaction surveys. Most of the touchpoints are brand-owned meaning that 

banks have the opportunity to control and adapt them. On the contrary, the touchpoints bank 

branch, telemarketing, and radio advertising are found to negatively relate to customer 

loyalty (Ieva & Ziliani, 2017). 

 

2.3.4. Recommender Systems in Retail Banking 

In general, banks are highly dependent on the competences of their front office personnel to 

provide a coherent service across the customer journey (Gorgoglione & Panniello, 2011). 

Here, recommender systems have the potential to add value as a decision support tool either 

by improving the efficiency of sales representatives or by supporting decision-making 

processes for customers (Zibriczky, 2016). Therefore, as confirmed by Gigli et al. (2017), in 

the last years, banks and FinTech companies are seriously looking at the fields of machine 

learning and information retrieval to leverage data and to provide customers with 

personalised experiences and tailored services.  
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As stated by Zibriczky (2016), there are several challenges when implementing recommender 

systems in retail banking. As such, compared to items recommended by conventional 

recommender systems, financial products require a significant, long-term financial 

commitment and oftentimes, expert knowledge is necessary to make a good choice. 

Moreover, as users particularly protect their personal data in banking, recommender systems 

bring a certain privacy risk and require more complex personalisation methods (Zibriczky, 

2016). Furthermore, in contrast to industries such as e-commerce, banking clients usually do 

not provide ratings on financial products and services. In addition, product features of 

financial products and services are more likely to change over time. Finally, because 

recommendations in banking have a substantial financial impact, they need to be particularly 

transparent, robust, and fit the clients (Chirkina & Rankov, 2018). 

 

As stated by Gorgoglione and Panniello (2011) oftentimes, retail banks have to deal with 

customer churn and therefore, aim at easily identifying customers who are about to quit the 

relationship with their bank. Particularly in times of increasing competition and industry 

disruption, “retaining customers and avoiding customer churn becomes even more crucial” 

(Gorgoglione & Panniello, 2011, p. 90). Gorgoglione and Paniello (2011) state that in the 

past decades, computer science in banking has mainly focused on building accurate models 

using statistical, machine learning, and data mining approaches to predict which customers 

are at risk of leaving. Nevertheless, the problem of generating personalised activities in order 

to improve customer retention rates are at least as critical. Therefore, Gorgoglione and 

Paniello (2011) suggest recommender systems based on similarity-based approaches to 

recommend items to customers in a way that maximises both customer utility and retention. 

 

Gorgoglione and Paniello (2011) base this notion on three hypotheses, for which they find 

support in both marketing literature and management. Firstly, they state that retention can be 

substantially improved by recommending certain products to customers. Secondly, the 

products able to improve customer retention differ for each customer and can be identified 

by considering the behaviour of loyal customers. In this regard, bank managers stated that 

certain products (i.e. insurance products, bank’s stocks, and loans) have a direct potential to 

improve customer loyalty. However, due to the fact that customers have different sensitivities 

to different products based on personality traits and lifecycle stages, the products retaining 
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customers differ. Thirdly, “similar customers behave similarly and have similar preferences” 

(Gorgoglione & Panniello, 2011, p. 99). In sum, Gorgoglione and Panniello (2011) find that 

when implementing a recommender system in retail banking, while control and efficiency 

stay the same, automation significantly increased. Therefore, it can be concluded that 

although implementing recommender systems in banking is a challenging task, it has the 

potential to offer promising results. 

 

2.3.5. Brand Elements in Retail Banking 

In a survey across 17 countries, Srinivas et al. (2018) found that customers have a stronger 

emotional connection to brands such as Apple and Google than to their own banks. Therefore, 

in designing recommender systems for retail banks, it is vital for banks to consider the brand 

elements (also called brand antecedents) of customer loyalty and their relative importance 

(Gorgoglione & Panniello, 2011). In this context, the authors Lewis and Soureli (2006) set 

up a study to understand the antecedents of customer loyalty in retail banking. Overall, they 

found that loyalty is the outcome of a cognitive rather than an affective process. On the one 

hand, their findings imply that the following variables have a positive effect on customer 

loyalty in retail banking: perceived service quality (i.e. individual attention, up-to-date 

facilities, and willingness to help); satisfaction (i.e. meeting expectations, speed of service, 

and reliability); service attributes (i.e. the bank keeps customers constantly informed); image 

(i.e., the bank fulfils the promises it makes and has a better image than other banks); and trust 

(i.e. clients feel that they can trust their bank and that their accounts are safe). On the other 

hand, the following antecedents are found to have no effect on customer loyalty in banking: 

involvement, perceived value, relationship marketing efforts, commitment, switching costs, 

and inertia (Lewis & Soureli, 2006). 

 

2.4. Theoretical Departure Point for the Research 

The previous three parts of the literature review helped to substantially narrow down the 

research interest of this thesis. In general, the literature review focuses on the underlying 

concepts of customer experience by emphasising the fact that companies – in this case, retail 

banks – increasingly aim at building long-term, mutually satisfying, and profitable 

relationships with their customers (Gentile et al., 2007). The retail banking industry is 

increasingly emphasising customer experience due to an increasing competitive pressure 
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triggered by a homogeneity across banks’ product and service portfolios as well as the rapid 

emergence of FinTech companies (Maechler et al., 2018). To meet diverse customer 

expectations, it is key for retail banks to manage customer experience entailing them to take 

an integrated approach, where all touchpoints are unified along the customer decision 

journey. Particularly in times of online banking, customers interact with their banks through 

an increasing number of both online and offline touchpoints during various phases of the 

customer decision journey (Walker, 2011). In turn, this implies that companies need to 

internally integrate all departments managing touchpoints and implement a closed-loop 

approach, in which every part of the organisation focuses on providing an integrated 

customer experience (Meyer & Schwager, 2007). Overall, preferences and purchases need to 

be increasingly driven by personalised experience, trusted peer-to-peer information, and real-

time delivery of products and services. Thereby, companies can increase customer 

satisfaction, which in turn leads to customer loyalty (Lemon & Verhoef, 2016). As stated by 

Keller (2001), in order to establish a close relationship with customers based on loyalty, all 

brand building blocks reaching from brand salience to brand resonance need to be in place. 

 

To support the design and management of compelling customer experiences, recent advances 

in AI have enabled organisations to substantially improve marketing automation and 

personalisation (Sterne, 2017). The literature review introduces recommender systems as an 

emerging AI technology to be increasingly used in marketing practice and research. 

Recommender systems seek to predict the performance and rating a customer gives to an 

item (Sterne, 2017). Thereby, they have the potential to increase the efficiency of various 

touchpoints by effectively supporting customers’ purchase decisions when faced with an 

information overload due to a rapidly increasing number of products and services (Ricci et 

al., 2015). However, as argued by Jiang et al. (2009), successful recommender systems 

should not just convince customers to purchase, but also maximise customers’ satisfaction 

and ensure contentment – also after the sale is completed. In turn, it is reasonable to assume 

that the systems have the potential to nurture customer experience, which can lead to 

increased customer satisfaction and loyalty. Nevertheless, this effect has not yet been 

academically proven (Jiang et al., 2009). 
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2.4.1. Hypotheses Development 

Overall, the literature review showed that there is a material amount of literature on customer 

experience and AI-driven recommender systems, individually. However, to the knowledge 

of the authors, no previous literature combined these two fields to study the effect of 

recommender systems on customer experience. Yet, with increasing awareness in both fields, 

it is considered to be of great relevance to start closing this apparent research gap. Here, as a 

first starting point, it is particularly interesting to understand the consumer perspective on 

recommender systems and to find out what features are needed in order to positively 

influence customer experience. Therefore, the purpose of this research is to answer the 

following problem statement: 
 

How should artificially intelligent recommender systems be designed in order to 

improve customer experience in the retail banking industry. 
 

To answer the problem statement, this thesis divides it into four parts, which build the 

foundation for the research questions. As such, it is of great interest to identify the appropriate 

customer journeys phases, touchpoints, and characteristics for recommender system 

implementation. These three factors are perceived to be mostly in organisational control by 

retail banks. Furthermore, the thesis aims to investigate if the implementation of a 

recommender system has an effect on the brand elements, which in turn influence customer 

experience. However, these are perceived to be less directly controllable by retail banks. The 

topics for all four research questions are summarised in Figure 5 below. 
 

 
Figure 5: Overview of research questions (own illustration) 
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To provide the methodological departure point, the following explains each research question 

and the respective hypotheses individually. Then, the four research questions are taken 

together to build the overarching hypothesis framework of this thesis. 

 

Recommender Systems along Customer Journey Phases 

The literature review of this thesis shows that in order to provide an outstanding customer 

experience, all interactions a customer has with a bank need to be aligned. In this context, 

the literature review introduces a combined framework by Vandermerwe (1993) and Dhebar 

(2013). This framework divides the customer journey into the following phases: the pre-

purchase phase consists of the successive stages problem awareness, identification, and 

definition, problem analysis and solution definition, and option identification, analysis, and 

solution selection; the during-purchase phase; and the post-purchase with the five stages 

delivery, use, supplement, maintenance, and disposal (for reference see Figure 1). 

 

Due to the fact that – except for the phase maintenance – it is theoretically possible to 

implement a recommender system at any customer journey phase, it is of great interest to 

understand where customers see the greatest need for recommendations. This leads to the 

first research question of this thesis: 
 

In which phase of the customer journey should recommender systems be implemented 

in order to have a positive effect on customer experience in retail banking? 
 

To answer this research question, it is necessary to test the effect of implementing a 

recommender system at each of the eight specific customer journey phases on customer 

experience. As shown in section 2.3.2., Cunningham, Gerlach, and Harper (2005), tested 

something similar in their research by investigating the perceived risk of purchasing e-

banking services compared to traditional banking services. Building upon the above, the 

following null hypothesis and alternative hypothesis can be derived: 
 

H10: The customer journey phase during which the recommendation is provided has 

no effect on customer experience in retail banking. 

H1A: The customer journey phase during which the recommendation is provided has 

an effect on customer experience in retail banking. 
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Figure 6 below summarises the research framework for answering the stated research 

question and testing the related hypothesis. 
 

 
Figure 6: Research framework for customer journey phases (own illustration) 
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H20: The touchpoint through which the product or service recommendation is 

provided has no effect on customer experience in retail banking. 

H2A: The touchpoint through which the product or service recommendation is 

provided has an effect on customer experience in retail banking. 
 

The research framework for this research question is presented in Figure 7 below. 
 

 
Figure 7: Research framework for touchpoints (own illustration) 
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hypothesis can be derived. Here, it is important to note that characteristics refer to the eleven 

constructs that have been specified above. 
 

H30: The characteristics of the product or service recommendations have no effect 

on customer experience in retail banking. 

H3A: The characteristics of the product or service recommendations have an effect 

on customer experience in retail banking. 
 

The research framework of the research question at hand is outlined in Figure 8 below. 
 

 
Figure 8: Research framework for characteristics (own illustration) 
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experience, the following is the last research question posed by this thesis: 
 

Does the implementation of recommender systems have an effect on the brand 

elements influencing customer experience in retail banking? 
 

Introducing the Customer-Based Brand Equity Model in section 2.1.1.4. of literature review 

underlines the fact that most companies strive to build strong brands (Keller, 2001). Amongst 

others, building strong brands leads to greater loyalty and less vulnerability to competitors. 

In order to reach customer loyalty, the brand building blocks from brand salience to brand 

resonance need to be in place (Keller, 2001). Keeping this in mind, Lewis and Soureli (2006) 
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determined antecedents for retail banking that lead to customer loyalty. The study at hand 

refers to these antecedents as brand elements. Through this, it is possible to derive the null 

hypothesis and the alternative hypothesis: 
 

H40: The implementation of a recommender system has no effect on the brand 

elements influencing customer experience in retail banking. 

H4A: The implementation of a recommender system has an effect on the brand 

elements influencing customer experience in retail banking. 
 

The following brand elements are chosen to determine the effect of the implementation of a 

recommender system: innovation, trust, image, loyalty, promise, emotions, support, product, 

and information (Figure 9).  
 

 
Figure 9: Research framework for brand elements (own illustration) 

 

2.4.2. Research Framework 

Building upon the four research questions and their respective hypothesis previously 

outlined, a hypothetical framework can be derived and is illustrated in Figure 10 below. 

According to Sekaran and Bougie (2010), the hypothetical framework “is logically a 

developed, described, and elaborated network of associations among the variables deemed 

relevant to the problem situation and identified through such processes as interviews, 

observations, and literature review” (Sekaran & Bougie, 2010, p. 80). How this thesis tests 

the hypothetical framework is outlined in the following chapter. 
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Figure 10: Overall research framework (own illustration)
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3. Methodology 

 

This chapter presents the methodological approach that was chosen in order to answer the 

research questions introduced in section 2.4.1.. This part of the thesis follows the outline 

suggested by the Research Onion, which was developed by Saunders, Lewis, and Thornhill 

(2009). As can be seen in Appendix 3, this framework suggests moving from the highest to 

the lowest level of abstraction – in other words, from the underlying research philosophy to 

applied techniques and procedures. Therefore, the following firstly introduces the research 

philosophy. Secondly, the approach to the theory development is explained. Thirdly, the 

methodological strategies are described before the methodological choices are outlined. 

Then, the time horizon is presented and lastly, the techniques and procedures are explained. 

By moving from the outer to the inner layer of the Research Onion, each decision limits the 

following choices implying that each choice needs to be elaborated, defended against 

potential alternatives, and possibly criticised. Before explaining every layer in detail, Figure 

11 below highlights this thesis’s research choices for each layer of the Research Onion. 

 

 
 
Figure 11: Summary of the methodological approach based on Saunders et al. (2009) (own illustration) 
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3.1. Research Philosophy 

As suggested by Saunders et al. (2009), the first step in describing the methodological 

approach of this thesis is to determine the underlying research philosophy (Figure 11). The 

research philosophy describes the nature of knowledge and how this knowledge is developed. 

Therefore, the adopted research philosophy contains important assumptions about the way 

this thesis views the world. As the world view underlines the research strategy and the 

methods chosen, it has a significant impact on the results of the underlying study. Therefore, 

the following establishes the philosophical framework for this research based on the two 

main philosophical realities – ontology and epistemology (Saunders et al., 2009). 

 

3.1.1. Ontology 

Ontology focuses on the nature of reality. Here, the thesis’s assumptions are described in 

terms of how it perceives the way the world works and how they commit to particular views. 

The central question with respect to ontology is whether social entities can and should be 

regarded as objective entities who have a reality next to social actors or if these entities can 

and should be regarded as social constructs built through the perceptions and actions of its 

social actors (Saunders et al., 2009). To answer this question, researchers can take different 

positions, of which the two most commonly applied are subjectivism and objectivism. The 

following defines the two research assumptions to justify the thesis’s ontological standpoint. 

 

Subjectivist researchers’ view on social phenomena is that they are created from the 

perception and consequence of the social actors and are constantly revised through the 

process of social interaction. Subjectivists emphasise that in order to understand the reality, 

one needs to understand the situational context in detail (Saunders et al., 2009). This view is 

based on interpretivism and can be associated with constructionism as both emphasise the 

necessity to understand subjective meanings that motivate social actors to pursue certain 

actions. Hence, the goal is to thoroughly make sense of the subjective reality of each 

individual in order to understand their actions, motives, and intentions. Subjectivists perceive 

organisational culture as something that an organisation ‘is’, which is the result of continuing 

social interaction (Saunders et al., 2009). 

 



 
 

 
Methodology 

51  

On the contrary, objectivism views organisational culture as something that a company ‘has’. 

This perspective is increasingly taken by management theory and practice proposing that 

organisational culture is a variable, which can be manipulated to reach certain goals. 

According to Saunders et al. (2009), “this portrays the position that social entities exist in 

reality external to social actors concerned with their existence” (p. 108). As such, although 

structures might differ amongst companies, the function and structure of management is 

similar across companies (Saunders et al., 2009). 

 

Due to the fact that the potential of recommender systems in banking is similar across 

companies and that these systems are a function of different objective aspects of 

management, this thesis agrees with the objectivist view. According to Saunders et al. (2009), 

both the positivistic and the realistic research philosophies are based on an objective 

ontology. As such, within positivism, the researcher’s view of the nature of reality is 

“external, objective, and independent of social actors” (Saunders et al., 2009, p. 119). 

Although this view also exists independently of human thoughts and beliefs in realism, it is 

interpreted through social conditioning in critical realism. The implementation of 

recommender systems is seen to be a phenomenon that is interpreted by social conditioning. 

Therefore, this thesis follows the ontological position of critical realism. 

 

3.1.2. Epistemology 

Epistemology is concerned with what constitutes acceptable knowledge and how it is 

contained. At the core of epistemology lies whether the social world can and should be 

analysed by applying the same procedures, principles, and ethos as natural sciences 

(Saunders et al., 2009). In line with the previously explained ontological standpoint, the 

epistemology of this research could either be based on positivism or on realism. 

 

When applying the positivist view on research, researchers believe that observations are 

quantifiable and that a statistical analysis can be conducted. Here, research is guided by 

observable social realities and the results of the study delivers law-like generalisations that 

show a certain similarity to research in natural and physical sciences (Saunders et al., 2009). 

In this context, researchers believe that only phenomena that can be observed will lead to the 

production of credible data. To create a research strategy on how to collect the data, existing 
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theory is used to develop hypotheses. These hypotheses are then tested and confirmed in 

whole or in part, which in turn leads to the development of more theory that can be tested in 

future research. Furthermore, the research that is conducted within the positivist research 

approach is undertaken in a value-free way (Saunders et al., 2009). 

 

Similar to positivism, realism takes a philosophical position that relates to a scientific enquiry 

meaning that observable phenomena provide credible data and facts. This philosophical 

position assumes that what the senses show as a reality is the truth. Therefore, objects exist 

independent of the human mind, meaning that there is a reality independent of the mind. 

Realism can be seen as a branch of epistemology in which a scientific approach is chosen to 

develop knowledge. Thus, this approach is quite similar to positivism. There are two types 

of realism: on the one hand, direct realism assumes that humans experience the world through 

their senses, which in turn portrays the world accurately. On the other hand, critical realism 

assumes that experiences are sensations meaning that things in the real world are not the 

things directly. Critical realism points out that there are two steps when experiencing the 

world: first, the thing itself conveys a sensation and second, after the sensations meet our 

senses, a mental process starts. In contrast, direct realism assumes that the first step is 

sufficient (Saunders et al., 2009). As stated by Saunders et al. (2009), in the case of direct 

realism, insufficient data means inaccuracies in sensations, critical realism assumes that 

phenomena create sensations, which are open to misinterpretation. 

 

This thesis agrees with the epistemological standpoint of critical realism as it is believed that 

social constructs underlining the impact of artificially intelligent recommender systems on 

customer experience in retail banking need to be understood in order to understand the social 

world. Furthermore, this thesis also agrees with the view that what is observed is only part 

of a bigger picture. Hence, practical and theoretical processes of social sciences are needed 

in order to explore this. 

 

Based on the ontological and epistemological discussion above, it can be concluded that both 

standpoints of this thesis respect the research philosophy of critical realism. This perspective 

recognises the importance of multi-level studies, in which each level has the potential to 

change the understanding of the concept that is studied. Although this thesis mainly considers 
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the individual level, it also recognises the fact that the other levels such as groups and 

organisations have the capacity to change the understanding of what is being studied 

(Saunders et al., 2009). 

 

3.2. Approach to Research 

Having defined the over-arching concept of how this thesis develops knowledge and its 

nature, another vital question concerning the research design is to what extent the thesis has 

a clear idea about the theory at the beginning of the research (Figure 11). There are two major 

approaches to research, namely inductive and deductive research (Saunders et al., 2009). 

When applying an inductive research approach, data is collected first and then a theory is 

developed based on the results of the data analysis. On the contrary, when applying a 

deductive research approach, theory is developed based on previous literature, from which 

hypotheses and a research strategy are derived. This research approach is closely linked to 

the chosen research philosophy. Whereas the inductive approach can be linked (but is not 

limited) to interpretivism, deduction is mainly associated with both positivism and realism. 

 

In line with the thesis’s research philosophy of critical realism, a deductive research approach 

is followed, which is rooted within natural sciences. When applying this approach, 

researchers first need to derive testable hypotheses from previous theory before testing them 

(Saunders et al., 2009). In the case at hand, vast academic literature has been conducted on 

the respective topics of customer experience and artificially intelligent recommender 

systems. However, literature has not considered both concepts in a consolidated manner and 

consequently, there is a research gap. Therefore, this thesis uses literature from both research 

areas to develop appropriate hypotheses. 

 

According to Saunders et al. (2009), the deductive research approach possesses several 

important characteristics followed by this thesis. Firstly, in order to test the hypotheses in a 

reliable and valid manner, the study makes use of controls. Secondly, this thesis tries to 

establish a cause-effect relationship between variables by applying a highly structured 

approach in order to facilitate replication. Thirdly, as stated by Saunders et al. (2009), an 

“important characteristic of deduction is that concepts need to be operationalised in a way 

that enables facts to be measured quantitatively” (p. 125). As explained in section 3.4.2. to 
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follow, particularly the concept of customer experience is operationalised in order to ensure 

its quantitative measurability. Lastly, in order to generalise human social behaviour and 

opinions, it is critical for this thesis to select a sample of sufficient numerical size (Saunders 

et al., 2009). 

 

3.3. Research Design 

After having touched upon the research philosophy and approach to research, the following 

will elaborate on the research design (Figure 11). The research design of a study lays out the 

plan on how to answer the research questions. It contains the objective of the research 

question, specifies the sources from which the data is collected, and takes potential 

constraints of the study into consideration (Saunders et al., 2009). The following firstly 

classifies the research purpose. Secondly, the research strategy is explained, and advantages 

and disadvantages are then elaborated. 

 

3.3.1. Research Purpose 

Before determining the research strategy, the research question needs to be classified. Here, 

the most commonly known research question classifications are exploratory, descriptive, and 

explanatory (Saunders et al., 2009). The purpose of this thesis is to understand how 

artificially intelligent recommender systems should be designed in order to positively 

influence customer experience in the retail banking industry. Hence, there is a clear picture 

of the phenomena on what kind of data needs to be collected before the actual data collection 

begins. Based on this, it can be concluded that the study can be classified as descriptive. 

Descriptive classification of research has a clear place in management and business research. 

Despite this, the research project enables a description that is very likely to be a predecessor 

to an explanation. Descriptive studies aim at portraying an accurate picture of a situation, 

event, or person (Saunders et al., 2009). 

 

3.3.2. Research Strategy 

This section is concerned with elaborating the appropriate research strategy for the 

descriptive study at hand. In line with critical realism, the research strategy can either be 

qualitative or quantitative – as long as it fits the subject matter. According to Saunders et al. 

(2009), the choice of the appropriate research strategy is based on the research questions, the 
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objective, the amount of knowledge existing in the field of research, and the time available 

for the research and resources. As previously mentioned, the goal of this thesis is to determine 

how artificially intelligent recommender systems should be designed in order to enhance the 

customer experience within the banking industry. Therefore, the research question is aiming 

at answering a ‘how’ question. To answer such a question, research uses surveys. 

Furthermore, the research applies a mono-method. 

 

The application of surveys is highly popular in management and business research. 

Additionally, the research strategy is often used in research that is descriptive and deductive. 

This further supports the application of a survey technique to be the most appropriate research 

design. This technique allows researchers to collect a large amount of data from a population 

at marginal cost and is thus perceived as an outstanding tool to collect data from a large 

population. Moreover, through the collection of quantitative data, possible reasons for certain 

relationships between variables can be found. Moreover, a survey strategy gives researchers 

control over the research process as it is possible to generate findings of a population 

representative at a lower cost than other research strategies. When applying a survey, it is of 

utmost importance to use a representative sample and that a pilot test is conducted in order 

to ensure that the respondents are able to understand the research (Saunders et al., 2009). 

 

3.3.3. Time Horizon 

Before entering the most inner layer of the Research Onion in Figure 11, the following needs 

to establish the time horizon of the conducted research. When creating a research design, it 

is important to determine whether the research represents a snapshot of a phenomenon taken 

at a particular time or if the research entails a series of snapshots over a given time period. 

The first is referred to as cross-sectional research, whereas the second is called longitudinal 

(Saunders et al., 2009). As the research at hand is constrained by time, a cross-sectional 

research is conducted. 

 

3.4. Data Collection 

As described above, this thesis follows the assumptions of the research philosophy of critical 

realism. Here, a deductive approach is chosen following a mono-method by conducting a 

survey. Taken together, these factors constitute the outer part of the Research Onion. At the 
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core of the Research Onion lies data collection (Figure 11), which is concerned with how 

data is collected and in what way it is analysed (Saunders et al., 2009). Therefore, the 

following explains the usage of data and the questionnaire design. 

 

As this thesis aims at being a starting point to close the apparent research gap, the usage of 

primary data is indispensable providing up-to-date, specifically gathered, and original data 

for the research. The primary data is collected through the usage of a self-administered online 

survey. In addition to primary data, the thesis uses secondary data to enrich the research and 

uses existing research to develop the questions asked in the questionnaire, in order to ensure 

validity and reliability. Furthermore, secondary data is used for the literature review and is 

leveraged to understand and build on previous research conducted in the areas of interest. 

However, it needs to be emphasised that the research itself only relies on the usage of primary 

data collected through a survey. 

 

The method to collect data is a self-administered online questionnaire. This technique is 

chosen as a larger sample of the population can provide evidence of a pattern, meaning that 

the research question can be explored at a larger scale. Further, reach and scalability are 

achieved in a more cost- and time-efficient manner. Similarly, using an online questionnaire 

is simple to administer and user friendly. Additionally, the responses obtained are more 

consistent due to the fact that the options are limited by the researcher. In turn, this allows 

the researcher to compare responses in a direct manner. Lastly, the answers to the survey are 

gathered anonymously meaning that the probability that respondents provide honest feedback 

when answering the questionnaire is enhanced (Saunders et al., 2009). 

 

3.4.1. Pilot Testing 

Before the data for the analysis was collected, a pilot test was carried out to ensure that 

respondents of the questionnaire do not face any problems and that the risk of issues when 

recording the data is minimised. Furthermore, it supports in assessing the question’s validity 

and the likely reliability of the data that will be collected (Saunders et al., 2009). The pilot 

testing conducted in the research at hand entailed three phases: First, the supervisor of the 

thesis was asked to comment on the suitability and representativeness of the questionnaire. 

Through this review, suggestions were incorporated into the questionnaire to further establish 
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content validity. Second, a trial run was conducted with eight respondents similar to the 

population of interest. This number of testers is seen as sufficient, as include major variations 

within the population. Each response of the test population was checked in order to ensure 

that the respondents had no issues with understanding or answering the questions asked and 

to see if all instructions were followed correctly. Through this, face validity was proven due 

to the fact that the questionnaire appeared to make sense to the respondents. Thirdly, as the 

questionnaire was distributed online, a final trial run was conducted with four testers to 

ensure the design and usability of the questionnaire. In this phase, respondents were asked to 

time themselves in order to establish the length of the questionnaire. Further, unclear and 

ambiguous questions were detected and eliminated. Lastly, questions with which the 

respondents did not feel comfortable were identified and adapted or removed. Within the 

pilot testing phase, particular emphasis was placed upon language to ensure that all 

respondents have the same understanding of the questions. As such, it is of utmost importance 

that the wording is clear and understandable to ensure that the sample as a whole understands 

all terms used in the questionnaire. 

 

3.4.2. Questionnaire Design 

As emphasised in the literature review, the customer journey phases, touchpoints, 

characteristics, and brand elements are of high importance when trying to answer how 

customer experience can be improved through AI-driven recommender systems. 

 

Due to the fact that the concept of customer experience cannot be measured as such, it needs 

to be operationalised. Previous research has shown that good customer experience entails 

both the constructs of customer satisfaction and customer loyalty (Klaus & Maklan, 2012; 

Lemon & Verhoef, 2016). Due to its unambiguous and straightforward nature, the NPS is 

chosen to be one of the key measures of customer satisfaction and loyalty in this thesis. This 

metric was developed by Reichheld (2003) and is introduced in section 1.1.2. of this thesis. 

 

In general, the questions for the questionnaire were taken from various previous studies and 

adapted from past questionnaires to suit the purpose of this thesis (Saunders et al., 2009). As 

previously mentioned, the questionnaire is self-administered. Therefore, it is of utmost 

importance to note that all questions were designed in a simple and straight-forward manner. 
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A total of 20 questions is asked to the respondents. Each of the questions can be allocated to 

one of the following overarching categories: introduction and elimination, customer journey 

phases, touchpoints, characteristics, brand elements, and demographics. The following 

explains each question in the respective category and its design in detail. The questionnaire 

can be found in Appendix 4. Each questionnaire question is also included in the following 

text and the respective variable names are introduced, which are of great importance for the 

data analysis section in the next part of this thesis. 

 

Introduction and Elimination 

When entering the online self-administered questionnaire, respondents are firstly informed 

about the purpose of the underlying study with the following text: 
 

“Thank you very much for participating in our survey – we really appreciate your 

feedback and your help in finalising our Master's thesis at Copenhagen Business 

School! This questionnaire is designed to understand the experience you have with 

your bank and your opinion about personalised product and service 

recommendations. Answering the following questions will take approximately 7 

minutes. Your response will be kept strictly confidential.” 
 

Hereafter, the respondents are asked through a dichotomous question (‘yes’ or ‘no’ question): 

“Are you currently customer at a bank?”. This question is asked in order to ensure that every 

respondent of the questionnaire has a bank account. If a respondent answers ‘no’, he or she 

will be automatically eliminated and forwarded to the end of the survey. If the respondent 

answers ‘yes’, the survey continues. As it is reasonable to assume that participants are clients 

of multiple banks simultaneously, they are asked to refer to the bank they use and interact 

with the most by stating the following: “If you are a customer at multiple banks, please refer 

to the bank that you use and interact with the most to answer all the following questions of 

this questionnaire“. In order to control for potential differences, the succeeding question 

asks, “In which country do you have your main bank account?”, which is phrased as a list 

question. Hereafter, the respondents are additionally asked “When did you become customer 

at your bank?” aiming to get an indication of the customer lifetime value. The question is 

phrased as a category question, meaning that every respondent only fits within one of the 

following categories provided: “Less than 1 year ago”, “1-2 years ago”, “3-5 years ago”, 
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“6-10 years ago”, “More than 10 years ago”, and “I don’t remember”. The subsequent 

question is concerned with what type of bank a respondent is referring to. This question is 

again phrased as a category question by asking “What kind of services does your bank 

offer?”. Here, the three categories provided are: “Online services only (i.e. the bank does not 

have a physical bank branch or personal bank advisor)”, “Offline services only (i.e. 

transactions can only be conducted with your bank advisor at the bank branch”, and “Both 

offline and online services (i.e. with your advisor in the bank branch or via online banking)”.  

 

In order to better understand the degree of loyalty a customer currently has towards his or 

her bank, the NPS is used to establish the likeliness of a respondent to recommending their 

bank by asking “On a scale from 0-10, how likely are you to recommend your bank to a 

friend or colleague?”. Here, an 11-point numeric rating scale anchored by ‘Not at all likely’ 

(0) and ‘Very likely’ (10) is applied in order to answer the given question. 

 

Furthermore, participants are asked to indicate the frequency of interactions they have with 

each given touchpoint. To ensure that every respondent understands what is meant by the 

term touchpoint, a short definition is provided stating “As a customer, you interact with your 

bank through diverse touchpoints (points of contact and interaction with you and your 

bank)”. Following, the below question in a matrix format is posed:  
 

“How often do you interact with your bank through the following touchpoints?” 
Touchpoint Variable name Never Very 

rarely Rarely Sometimes Often Very 
often Always 

Personal bank advisor TP_BankAdvisor � � � � � � � 
Website/ 
online banking 

TP_Website_ 
OnlineBanking � � � � � � � 

Mobile app TP_MobileApp � � � � � � � 
Mobile messaging (SMS) TP_SMS � � � � � � � 
Postal mail TP_PostalMail � � � � � � � 
E-mail TP_EMail � � � � � � � 
Customer service  TP_CustomerService � � � � � � � 
 

As can be seen, a 7-point Likert scale anchored by ‘Never’ (1) and ‘Always’ (7) is used (Bass 

et al., 2007). The choice of touchpoints and the scale is based on the research by Ieva and 

Ziliani (2017), who identified relevant touchpoints that customers use when interacting with 

their bank. As artificially intelligent recommender systems cannot be implemented at all 

touchpoints, solely the following relevant ones were chosen for the research at hand: personal 
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bank advisor, website/online banking, mobile app, mobile message (SMS), postal mail, e-

mail, and customer service. 

 

Hereafter, participants are introduced to the concept of recommendations with the following 

statement “In recent years, companies have increasingly started to use customer data and 

artificial intelligence to provide customers with relevant and personalised product and 

service recommendations. You might have noticed such recommendations on websites like 

Amazon (‘customers who bought this item also bought...’) or Netflix (‘because you 

watched…’)”. The next question aims at establishing whether a respondent frequently 

receives recommendations by asking “How often do you receive product or service 

recommendations when you are in contact with your bank?”. The question is phrased on a 

7-point Likert scale anchored by ‘never’ (1) and ‘very often’ (7). 

 

Customer Journey Phases 

The following part of the questionnaire aims at investigating the appropriate customer 

journey phases for recommender system implementation. The respective questions are based 

on research conducted by Cunningham, Gerlach, and Harper (2005). To answer the posed 

research question, Cunningham et al. (2005) used a 7-point Likert scale to identify the 

perceived risks along the customer journey steps in a matrix style. To increase the response 

quality and reliability (Buttle, 1996), this thesis adapted the questions to a 5-point Likert scale 

anchored by ‘Strongly disagree’ (1) and ‘Strongly agree’ (5) and made them fit the research 

purpose. The customer journey phases used in the matrix questions below are based on 

Dhebar (2013) introduced in the literature review section 2.1.1.1.. 
 

Please imagine that your bank provides you with product and service recommendations 
and rate your level of agreement with the following statements. 
 

“I would like to receive a relevant and personalised recommendation for a product or 
service from my bank… 
Statement Variable Name Strongly 

disagree 
Somewhat 
disagree 

Neither agree 
nor disagree 

Somewhat 
agree 

Strongly 
agree 

…when I become aware that I 
need a new product or service 
from my bank.”  

RS_CJP_ProblemA
wareness � � � � � 

…when I am starting to look for 
a product or service at my bank.”  

RS_CJP_ProblemA
nalysis � � � � � 

…when I am evaluating different 
products and services.”  

RS_CJP_Option 
Identification � � � � � 

…when I am purchasing a 
product or service.”  RS_CJP_Purchase � � � � � 
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…when I receive my new 
product or service.”  RS_CJP_Delivery � � � � � 

…when I am using my product 
or service.”  RS_CJP_Use � � � � � 

…when I am planning on 
supplementing my product or 
service.”  

RS_CJP_ 
Supplement � � � � � 

…when the current product or 
service for my financials is about 
to expire.”  

RS_CJP_Disposal � � � � � 

 
To test the impact of a product or service recommendation during various phases in the 

customer journey on customer experience, the NPS is applied – this time in a hypothetical 

nature. Again, an 11-point numeric rating scale, anchored by ‘Not at all likely’ (0) and ‘Very 

likely’ (10) is used in order to determine the likelihood of customers recommending their 

bank to a friend or colleague if they would receive a recommendation at the respective phase 

in the customer decision journey. 

 

Touchpoints 

The questions presented in the following aim at answering the second research question in 

regard to the appropriate touchpoints for recommender system implementation. To answer 

the research question with its respective hypothesis, the questions in the questionnaire are 

based on research conducted by Ieva and Zilini (2017). The below question is phrased in 

form of a 5-point Likert scale anchored by ‘Strongly disagree’ (1) to ‘Strongly agree’ (5). 

The scale was adapted from a 7-point Likert scale anchored by ‘Very negative’ and ‘Very 

positive’, which was applied by Ieva and Zilini (2017). 
 

Please imagine that your bank provides you with product and service recommendations and 

rate your level of agreement with the following statements.  
 

“I would appreciate product and service recommendations from my bank if they are 
provided… 
Statement Variable Name Strongly 

disagree 
Somewhat 
disagree 

Neither agree 
nor disagree 

Somewhat 
agree 

Strongly 
agree 

…by my personal bank 
advisor.” 

RS_TP_Bank 
Advisor � � � � � 

…on the website or in online 
banking.” 

RS_TP_Website_ 
OnlineBanking � � � � � 

...through the mobile app." RS_TP_MobileApp � � � � � 
…via mobile messaging 
(SMS).” RS_TP_SMS � � � � � 

...by postal mail.” RS_TP_PostalMail � � � � � 
…by e-mail.” RS_TP_EMail � � � � � 
…by a customer service 
agent.” 

RS_TP_Customer 
Service � � � � � 
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Again, the NPS question is subsequently applied on a 11-point numeric rating scale, anchored 

by ‘Not at all likely’ (0) and ‘Very likely’ (10). Here, participants are asked to indicate if they 

would recommend their bank to a friend or colleague if the recommendation was provided 

through the touchpoint they preferred above. 

 

Characteristics 

The questions in this section aim at answering research question three, which looks at 

different recommender system characteristics. Here, research by Pu et al. (2011) is used to 

test the relevant characteristics. Out of their 15 constructs, this thesis does not take five 

constructs suggested by Pu et al. (2011) into account. This is due to the fact that the survey 

is not based on an actual recommender system but rather tests the potential. Therefore, the 

constructs interface adequacy, explanation, perceived ease of use, use intention, and product 

intention are not applied as they do not help in answering the problem statement. 

Furthermore, the thesis divides the construct confidence and trust into two individual parts 

due to the fact that both seem important for the implementation of recommender systems in 

retail banking. The following shows how the questionnaire uses the constructs through the 

application of a 5-point Likert scale from ‘strongly disagree’ (1) to ‘strongly agree’ (5):  
 

Please imagine that your bank provides you with product and service recommendations and 

rate your level of agreement with the following statements. 
 

“I would appreciate product and service recommendations from my bank… 

Statement Variable Name Strongly 
disagree 

Somewhat 
disagree 

Neither agree 
nor disagree 

Somewhat 
agree 

Strongly 
agree 

…if the recommended product or 
service matches my interests.” RS_C_Accuracy � � � � � 

…if the recommendation helps 
me discover new products or 
services.” 

RS_C_Novelty � � � � � 

…if the recommendations are 
diverse.” RS_C_Diversity � � � � � 

…if the information provided for 
the recommended product or 
service is sufficient for me to 
make a purchase decision.” 

RS_C_Information
Sufficiency � � � � � 

…if I can inform my bank that I 
like/dislike the 
recommendation.” 

RS_C_Interaction 
Adequacy � � � � � 

…if I can customise the 
recommendations I receive.” RS_C_Control � � � � � 

…if I understand why the 
product or service is 
recommended to me.” 

RS_C_ 
Transparency � � � � � 
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…if the recommendation helps 
me find the ideal product or 
service.” 

RS_C_Perceived 
Usefulness � � � � � 

…if the recommendation makes 
me feel confident and 
comfortable about the decision.” 

RS_C_Confidence � � � � � 

…if I feel that the 
recommendation can be trusted.” RS_C_Trust � � � � � 

…if I am satisfied with the 
recommendation.” RS_C_Satisfaction � � � � � 

 

Just as for the previous survey sections, the NPS is used to ask the respondents if they would 

recommend their bank to a friend or colleague if the characteristics of the recommendation 

indicated in the question above were implemented. A 11-point numeric rating scale, anchored 

by ‘Not at all likely’ (0) and ‘Very likely’ (10) is applied to answer the question. 

 

Brand Elements 

To answer the fourth and last research question, emphasis is placed on brand elements. Here, 

the goal is to find out whether they are influenced by the implementation of recommender 

system and to understand their effect on customer experience. Here, two question at different 

points of the questionnaire aim to measure the effect. The following question is used in the 

very beginning of the questionnaire – before the introduction of recommender systems. 
 

Please rate your level of agreement with the following statements about your experience 
and relationship with your bank. 
Statement Variable Name Strongly 

disagree 
Somewhat 
disagree 

Neither agree 
nor disagree 

Somewhat 
agree 

Strongly 
agree 

"I think that my bank is 
innovative." B_Innovation � � � � � 

"I feel that I can trust my bank." B_Trust � � � � � 
"My bank has a better image than 
other banks." B_Image � � � � � 

"I want to remain a customer at my 
bank." B_Loyalty � � � � � 

"My bank fulfils the promises it 
makes and the image it conveys." B_Promises � � � � � 

"I feel emotionally attached to my 
bank." B_Emotions � � � � � 

"My bank helps me to select the 
right product or service." B_Support � � � � � 

"My bank’s products and services 
satisfy my needs." B_Product � � � � � 

"I feel well informed about the 
products and services my bank 
offers." 

B_Information � � � � � 

 

Here, particular emphasis is placed on brand image and customer centricity. Furthermore, 

the question aims at ensuring that the respondents have a sufficient understanding of the 
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products and services that their banks offer. Again, this question uses a matrix format and 

the responses are presented in form of a 5-point Likert scale, anchored by ‘Strongly disagree’ 

(1) and ‘Strongly agree’ (5). The questions are derived from a study conducted by Lewis and 

Soureli (2006) and are slightly adapted to match the purpose of the study at hand. 

 

The second question related to the brand elements is asked in the last part of the 

questionnaires and aims to measure the change. Therefore, the questions are phrased 

similarly to the ones before. However, the introduction sentence differs and they are phrased 

hypothetically, as can be seen below.  
 

Please imagine that your bank provides you with product and service recommendations and 
rate your level of agreement with the following statements.  
 

“If my bank provides me with relevant and personalised recommendations… 
Statement Variable Name Strongly 

disagree 
Somewhat 
disagree 

Neither agree 
nor disagree 

Somewhat 
agree 

Strongly 
agree 

…I think that my bank is 
innovative." RS_Innovation � � � � � 

…I feel that I can trust my bank." RS_Trust � � � � � 
…I think that my bank has a better 
image than other banks." RS_Image � � � � � 

…I would remain a customer at my 
bank." RS_Loyalty � � � � � 

…my bank fulfils the promises it 
makes and the image it conveys." RS_Promises � � � � � 

…I feel emotionally attached to my 
bank." RS_Emotions � � � � � 

…I feel that my bank helps me to 
select the right product or service." RS_Support � � � � � 

…I feel well informed about the 
products and services my bank 
offers.” 

RS_Product � � � � � 

…I would like my bank to use my 
personal data to improve 
recommendations.”  

RS_Information � � � � � 

 

Demographics 

Lastly, general demographic questions are asked to receive descriptive statistics on the 

underlying sample. These questions are classification questions and are used to understand 

the results and to also validate the sample (Saunders et al., 2009). Here, a specific interest is 

the age, gender, highest educational degree, employment status, and nationality of 

respondents. The questionnaire is closed by thanking the participants for taking the time to 

respond to the questionnaire. 
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3.4.3. Order and Types of Questions 

The order of questions biases the way respondents answer as it potentially leads a respondent 

to choose an answer alternative only due to its position. (Saunders et al., 2009). Therefore, 

the questionnaire used a question randomising function for the questions contained in the 

matrices to hedge against the risk of biases. However, randomisation is not applied to the 

question aiming to find out the appropriate customer journey phase, as the sequence is 

important for a better understanding. Further, forced-choice was applied throughout the 

entire questionnaire to ensure that no questions remain unanswered. The risk with forced-

choice is that a respondent might exit the questionnaire as he or she does not feel comfortable 

with answering a given question or does not have the answer to it. In addition, the questions 

within the questionnaire are posed in a way that it makes chronological sense for the 

respondent. The order of questions was finalised in the pilot-testing phase, where the pilot 

test group gave specific feedback on what order makes the most sense to the respondents not 

familiar with the topic of research (Saunders et al., 2009). 

 

The layout of the questionnaire was designed so that the participant can easily read and fill 

in the questions. To facilitate this, the questionnaire software Qualtrics was used. The 

platform is a sophisticated research platform that allows the researcher to appropriately 

capture the responses of a survey participant. Through applying the software, an appealing 

design, style, and layout is ensured. All questions in the questionnaire are phrased as closed-

ended questions, meaning that the survey gave a predetermined choice of answers to each 

question posed. The advantage of doing so is that answers given by the participants are 

standardised and therefore comparable. On the contrary, this also implies that the respondent 

is limited in choice of answers. Filter questions are used to eliminate respondents who do not 

fit the purpose of this survey (Saunders et al., 2009). 

 

3.4.4. Distribution and Sample 

The questionnaire was released on the Wednesday April 3rd 2019 and was publicly available 

for a period of two weeks. It was distributed to the private, professional, and social network 

of the researchers. These networks were invited to share the questionnaire with their 

respective network, meaning that responses where obtained through the so-called snowball 

effect research (Saunders et al., 2009). The means of which the questionnaire was shared are 
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via e-mailing, posting on social media, and private messaging and took place on the internet. 

The target population consists of people above the age of 18 who have a bank account and 

are willing to actively interact with their bank. Based on the above, a convenience sampling 

method was deployed, which is a non-probability technique. This technique was chosen as it 

does not require high financial resources, nor does it take extensive time. In terms of the 

sample size, based on the Qualtrics sample size calculator, the ideal sample size for a 95% 

confidence interval and a margin of error of 5% would be 385 (Qualtrics, 2018). However, 

due to the limited scope of this thesis, the goal is to reach at least 100 completed 

questionnaires to find indicative results. 

 

3.4.5. Statistical Tests 

To analyse the gathered data, statistical tests need to be conducted, which are introduced in 

the following. This thesis applies Student’s t-tests, independent t-tests, paired t-tests, one-

way analyses of variances and two-way between groups ANOVA tests. All of these are 

parametric tests meaning they are based on a fixed set of parameters based on metric scales 

and assume a normal distribution. Regarding this assumption, according to the Central Limit 

Theorem, a normal distribution can be assumed when the sample size is larger than 30. 

Therefore, as the sample at hand aims at receiving at least 100 respondents, normal 

distribution can be assumed and parametric tests can be applied (Pallant, 2013). 

 

Student’s T-Test 

The Student’s t-test is applied to measure if the sample differs significantly from the mean of 

the respective Likert scale. This test does not take demographic considerations into account 

and is limited to determining if the null-hypothesis can be rejected or not. The respective 

formula can be seen below, where !" refers to the sample mean from the sample of size n, 

#	is the population mean, and %& is the estimated standard deviation.  
 

' = )
* =

!" − #
%&/√.

 

In order to find the t-value, this thesis uses Microsoft Excel for the calculation. In addition to 

this, the t-distribution table is used for a two-sided t-test with a confidence level of 95%. The 

Student’s t-test is applied to analyse H1, H2, and H3. 

 



 
 

 
Methodology 

67  

Two-Way Between Groups ANOVA 

After having determined if the null hypothesis for H1, H2, and H3 can be rejected or not, a 

two-way between groups ANOVA is conducted using the software tool SPSS Statistics in 

order to explore if two independent variables differ in their perception of a dependent 

variable. The advantage of applying a two-way between groups ANOVA is that both 

interaction effects and main effects can be tested for the independent variables (Pallant, 

2013). An interaction effect occurs when the effect of one independent variable on the 

dependent variable depends on the second independent variable. A main effect measures the 

overall effect of each independent variable. If a variable within each of the hypothesis has an 

interaction effect, the two-way between groups ANOVA cannot be applied. Therefore, an 

analysis of simple effects needs to be conducted, meaning that an independent t-test and a 

one-way analysis of variance are applied, depending on how many groups the respective 

independent variable has (Pallant, 2013). 

 

Independent Samples T-Test 

The independent samples t-test is applied when the two-way between groups ANOVA 

indicates an interaction effect and the independent variable has two groups. Hence, the 

independent t-test is used in order to test if the mean score of a continuous variable differs 

for two variant groups of participants (Pallant, 2013). This test is used for specific 

components of H1, H2, and H3 and calculated using SPSS Statistics. 

 

One-Way Analysis of Variance 

With the one-way analysis of variance one can test if there is a significant difference in the 

mean score of the dependent variable, if the independent variable has three groups. 

Furthermore, through applying a post-hoc test, it can be determined where these differences 

lie (Pallant, 2013). Similar to the previously introduced tests, this thesis uses SPSS Statistics 

for the calculations in H1, H2, and H3. 

  

Paired Samples T-Test 

A paired samples t-test compares the mean scores for the same group of people on two 

separate occasions and is also calculated using SPSS Statistics. It measures if there is a 

statistically significant difference in the mean score for time 1 and time 2 (Pallant, 2013). In 
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the case at hand, time 1 refers to the scenario before the implementation of a recommender 

system and time 2 is after. The paired Sample t-test was used in order to analyse the entire 

H4 and also to measure if the NPS’s mean changed in H1, H2, and H3. 

 

Eta-Squared Test 

When obtaining a significant result for a tested dependent variable, the effect size – also 

known as the strength of association – needs to be determined. The effect size indicates the 

degree to which two variables are associated to each other. Thereby, it assesses the reliability 

of a finding. The most commonly applied technique to determine the effect size is the eta-

squared test. The statistics software SPSS provides the partial eta-square value for the two-

way between groups ANOVA test. For all other tests, the eta-square effect size is calculated 

through Microsoft Excel by applying the following formula: 
 

/'0– *230456 = '7
'7 + (: − 1) 

 

To interpret the eta-squared effect size, the proposed guide by Cohen (1998) is used. 

According to the author, a small effect size would be equivalent to an eta-squared statistic of 

0.01 or 1% of the variance explained. An eta-squared effect size of 0.06 or 6% of the variance 

explained would be a medium effect. A large effect size would be an eta-squared effect size 

of 0.138 or 13.8% of the variance explained (Pallant, 2013). 

 

3.5. Validity and Reliability 

To ensure that the findings of this thesis are credible and stand up to the closest scrutiny it is 

of utmost importance to ensure that the research design is done in a correct way. Despite the 

fact that one can never be certain if an underlying research design is credible, there are 

measures to reduce the possibility of getting questions wrong. The measures that researchers 

can take are ensuring validity and reliability of the questions posed in a questionnaire 

(Saunders et al., 2009). Thus, the following will line out how this thesis ensures validity and 

reliability. 

 

To ensure that the questionnaire that has been distributed to the participants fulfils the highest 

validity standards, established concepts by previous researchers have been applied to the 

questionnaire at hand. In order to maximise validity, questions posed in previous academic 
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literature have been slightly adapted as research in the area is limited and no single 

questionnaire is in place already. There are different types of validity, which are outlined in 

the following. 

 

The first type of validity that needs to be ensured is internal validity. This refers to the 

questionnaire’s ability to measure what it intends to measure implying that one needs to make 

sure that the questions actually represent what one wants to measure in reality. Therefore, 

questions were adapted from other questionnaires. Furthermore, advise from the thesis 

supervisor was used in order to hedge against this (Saunders et al., 2009). Another type of 

validity is content validity, which is concerned with the extent to which the questionnaire 

provides the appropriate mean to answer the problem statement. Content validity in the case 

of this research is ensured through a thorough and diligent review of previous literature on 

the topics of customer experience and of recommender systems. Furthermore, each question 

posed in the questionnaire had to undergo a necessity test, where the researcher questioned 

if a question is necessary in order to answer the problem statement or not (Saunders et al., 

2009). In addition, criterion-related validity, which refers the ability of a question to make 

an accurate prediction, was ensured as the questions are based on previous research to test a 

specific item. Another validity criterion is construct validity. It refers to the ability of a 

question to measure the construct it intends to measure. Similar as with criterion-related 

validity, this is ensured as the questions are based on previous research and therefore the 

validity is proven (Saunders et al., 2009). 

 

The concept of reliability refers to consistency, which means that respondents of a 

questionnaire might have a different interpretation of a question than what the researcher 

intended. This is also referred to as random error. A way to minimise random errors is to 

apply scales that researchers have already proven to be reliable to the case at hand. 

 

3.6. Research Ethics 

The choice of topic is governed by ethical considerations. These ethical considerations are a 

matter of judgement, meaning that the strategy and data collection methods underlie the 

judgement of the researchers. A general guideline to follow is that the research design cannot 

subject the research population to harm, embarrassment, or any material disadvantages. 
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Furthermore, researchers need to be cautious to what extend data should be collected from 

an unaware research population that did not get informed to be part of a research. In this 

context, it is important to note that there is no standardised or common view on ethics in 

research. Commonly, authors apply their own values and draw from ethical principles that 

can be summarised as protection of privacy, informed consent, and transparency. In the 

research at hand, it was ensured that participants of the survey were aware of the fact they 

were participating in a study. Furthermore, participants received the information on what the 

objectives are of the underlying research. Lastly, all respondents of the questionnaire were 

treated anonymously in order to allow them to provide truthful answers and also to protect 

their privacy (Saunders et al., 2009). 

 

3.7. Limitations of the Methodological Approach 

As stated by Saunders et al. (2009), no chosen research strategy is inherently superior to 

another. However, as every chosen research strategy has a certain effect on the results of the 

study, it is of critical importance to be aware of the drawbacks. Therefore, based on the 

previously introduced research methodology, the following critically reflects upon it. 

 

Firstly, a main concern when conducting a survey is that the sample is representative, which 

is oftentimes costly and time-consuming to accomplish. Due to both resource and time 

constraints, this research chooses a convenience sampling method based on the researcher’s 

personal and professional network. Therefore, representativeness and consequently, 

generalizability of the results need to be viewed with caution. As explained, despite the fact 

that the suggested sample size of the underlying population is 385, the aim of the study was 

to reach 100 participants. This can be explained by the fact that reaching 385 respondents 

does not realistically reflect the study’s given time- and resource-bound context.  

 

Secondly, as stated by Saunders et al. (2009), “the data collected by a survey strategy is 

unlikely to be as wide-ranging as those collected by other research strategies” (p. 144). As 

such, there is a limit to the number of questions a questionnaire can contain to ensure 

respondents’ goodwill. Based on the previously explained pilot-testing, finalising the 

questionnaire takes on average 6.53 minutes for a participant. According to Saunders et al. 
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(2009), due to the fact that the estimated seven minutes are in line with the top range, 

goodwill of respondents is reasonable to assume regardless. 

 

Thirdly, the research is not able to pose additional questions in order to better understand 

underlying thoughts and motives for choosing answer options. Furthermore, all questions are 

designed as closed-ended questions meaning that the respondents have limited choice 

options. On the one hand, this design approach allows the researcher to derive generalisable 

results. On the other hand, it entails losing validity to a certain degree (Saunders et al., 2009). 

In addition, in order to ensure that all questions are answered and none are accidentally 

forgotten, the designed questionnaire forces respondents to choose answers for all questions. 

However, this entails the risk that a respondent might not be fully comfortable with answering 

and consequently, answers untruthfully or exits the survey. 

 

Fourthly, as stated by Saunders et al. (2009), a main drawback of surveys is the capacity of 

researchers to design them poorly. Therefore, it is of importance to ensure reliability and 

validity. In order to secure both, the thesis took already existing questions and scales from 

previous literature and adopted these to the context of recommender systems in banking. 

Despite these cautions taken when designing the questionnaire, there is still a small 

probability it might violate assumptions of validity or reliability. 

 

Lastly, in order to operationalise customer experience, this thesis does not only consider 

customer loyalty and satisfaction as important drivers. It also takes the previously-introduced 

NPS into account, which – despite its convenience – has certain limitations. As such, Zaki, 

Kandeil, Neely, and McColl-Kennedy (2016) state that overall, “the widely acclaimed NPS 

is based on a customer’s attitude rather than his or her actual behaviour” (p. 1). In fact, due 

to its single-question nature, the NPS does not offer explanations into the root causes of the 

obtained scores (Zaki et al., 2016). Furthermore, according to Zaki et al. (2016), relying 

solely on a simple, single metric is risky. Therefore, they propose a multidimensional 

approach to better predict customer behaviour. As the study at hand does not use the 

measurement in an isolated way but rather perceives it to be an add-on, it is not seen to be 

too risky to use in the case at hand.
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4. Data Analysis 

 

To answer the problem statement by the means of the four research questions, this chapter of 

the thesis presents the empirical findings derived from the questionnaire. Here, it is important 

to note that solely the results of the conducted data analysis are presented – their 

interpretation can be found in the subsequent discussion chapter. When outlining the results, 

codenames are used, which can be found in the codebook (Appendix 5). The following firstly 

describes the research sample’s descriptive statistics before the findings of each research 

question are presented. 

 

4.1. Descriptive Statistics of the Sample 

The descriptive statistics are a summary statistic that allows to quantitatively describe the 

key features of the sample. Descriptive statics potentially have an influence on statistical 

inference and therefore need to be taken into consideration (Saunders et al., 2009). The 

previously introduced self-administered online questionnaire was completed by 147 

respondents. This sample size already excludes unfinished questionnaires, too quickly filled 

in questionnaires, and very extreme responses (i.e. respondents solely indicating that they 

strongly agree or strongly disagree for all questions). In order to create representative groups 

of the studied population, relevant descriptive statistics have been grouped. 

 

Firstly, considering the demographic factors shown in Figure 12 below, the sample consists 

of 63.3% female and 36.7% male participants. When looking at the age groups, 38.8% of the 

respondents are in the age group between 18 and 24 years, 44.9% are in the age group 24 to 

34, and 16.3% are older than 34 years. In this context, it is important to note that there are no 

respondents that can be associated with the age group below the age of 18 years, which is in 

line with the target population. When looking at nationalities, it can be observed that 63.3% 

of all respondents are German and 36.7% came from other countries. Here, it is interesting 

to note that a large proportion of non-Germans are from countries in Northern Europe. 

Furthermore, the highest degree of education for most respondents is a Bachelor’s degree 

indicated by 46.3%. The second most frequent degree is a Master’s degree (37.4%). 

Moreover, whereas 45.9% of the respondents are students, 53.1% are employed. No one in 

the sample is currently unemployed. 
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Figure 12: Descriptive statistics for sample demographics (own illustration based on SPSS) 

Secondly, in order to understand the participant’s relationship with their bank better, the 

following focuses on the general banking aspect of this thesis. As can be observed in Figure 

13 below, when looking at how long participants have been clients of their respective banks, 

it is interesting to see that 37.4% have been clients at their banks for more than ten years. 

16.3% of the respondents indicated that they have been with their bank for six to ten years, 

and 19.7% for three to five years. 15.6% of all participants became customers one to two 

years ago and 10.9% recently started to be a client at their bank (less than a year ago). In 

terms of location, respondents of the questionnaire indicated that 50.3% had their main bank 

account in Germany, 21.1% in Denmark, and 28.6% in other countries. With regard to the 

banking services, most participants indicated that their bank provides both offline and online 

services (77.6%). As no one stated that their bank solely offers offline services, the other 

22.4% are customers at pure online banks. 
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Figure 13: Descriptive statistics for customer-brand-relationship (own illustration based on SPSS) 

After introducing participants to the concept of recommendations, most of them (36.1%) 

indicated that have they never received recommendations from their bank without asking for 

it (left chart in Figure 14). 28.6% of the respondents indicated that they very rarely receive 

recommendations, 14.3% rarely receive recommendations, 16.3% sometimes, 3.4% often, 

0.7% very often, and 0.7% always. The right chart in Figure 14 below shows the frequency 

of used touchpoints in banking. Here, a Likert Scale from 1 (never) to 7 (always) was used 

in the questionnaire. The most frequently used banking touchpoints are ‘online banking’ with 

a mean of 5.46 and ‘mobile app’ with a mean of 5.37. Customers are less frequently in touch 

with their banks through the touchpoints ‘customer service’ (mean = 2.78), ‘e-mail’ (mean = 

2.59), ‘bank advisor’ (mean = 2.54), ‘postal mail’ (mean = 2.12), and ‘SMS’ (mean = 2.05). 
 

 
Figure 14: Descriptive statistic of recommendation and touchpoint frequencies  

(own illustration based on SPSS) 

The last general banking question of the survey asks for the NPS previously introduced in 

the section 2.1.1.2. of this thesis. The percentages for all three groups for this measure – 

‘detractors’ (26.5%), ‘passives’ (41.5%), and ‘promoters’ (32%) – can be seen in Figure 15 

below. As the NPS is calculated by taking the percentage of ‘promoters’ and subtracting the 
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percentage of ‘detractors’, the overall NPS before introducing the concept of 

recommendations is +5.5. 
 

 
Figure 15: Pre-implementation net promoter score (own illustration) 

 

4.2. Recommender Systems Along Customer Journey Phases 

Having described and summarised the key characteristics of the sample at hand, the following 

analyses the statistics with regard to the first hypothesis. Here, the aim is to answer the 

research question concerning the appropriate customer journey phases for the 

implementation of artificially intelligent recommender systems in banking in order to 

positively influence customer experience. The respective null and alternative hypothesis is 

as follows: 
 

H10: The customer journey phase during which the recommendation is provided has 

no effect on customer experience in retail banking. 

H1A: The customer journey phase during which the recommendation is provided has 

an effect on customer experience in retail banking. 
 

Due to the fact that this thesis operationalises the measurement of customer experience both 

by making participants state their level of agreement in terms of appreciation and by 

measuring the NPS, the hypothesis testing is divided into two parts. Here, each customer 

journey phase is analysed before the NPS is compared to pre-implementation NPS previously 

analysed.  

 

4.2.1. Results for Individual Customer Journey Phases  

To test if the null hypothesis can be rejected, a Student’s t-test is conducted determining if 

the respective sample means of the customer journey phases significantly differ from the 

mean. The survey question asking for the participant’s level of agreement with regard to the 

appropriate customer journey phases for recommender system implementation is based on a 

5-point Likert scale ranging from ‘strongly disagree’ to ‘strongly agree’. As the third and 

26.5% 
Detractors

41.5%
Passives

32% 
Promoters



 
 
 

Data Analysis 
 
 

 

76 

neutral answer option states ‘neither agree nor disagree’, the mean used for calculating the 

respective t-statistics for each customer journey phase equals three. Table 1 below shows the 

calculations of the t-statistics in Microsoft Excel for the respective customer journey phases 

based on the Student’s t-test formula introduced in methodology section (4.4.5.). 
 

 
Table 1: Results of the Student’s t-test statistics for customer journey phases (based on SPSS) 

In order to draw a first conclusion about the hypothesis above, the calculated values need to 

be compared to the t-value derived from the t-table. At a 95% confidence interval and with 

100 degrees of freedom (which is the closest value to the study’s sample size of 147), the p-

value for the study at hand is 1.984. As can be seen in Table 1, except for the variables 

‘RS_CJP_Delivery’ (t-value = -1.09) and ‘RS_CJP_Use’ (t-value = 0.11), the t-statistics of 

the customer journey phases are larger than this p-value. This means that except for the 

customer journey phases ‘delivery’ and ‘use’, the null hypothesis can be rejected and, 

consequently, a partial support to the alternative hypothesis is found. Based on the fact that 

all the means for the significant customer journey phases are higher than three, it means that 

the different customer journey phases mentioned have a positive effect on customer 

experience. Sorting them, it can be seen that the t-test of ‘disposal’ is most significant and 

that the mean is most distant from three (t-value = 15.63, mean = 4.11) followed by ‘problem 

analysis’ (t-value = 13.47, mean = 4.02), ‘option identification’ (t-value = 13.1, mean =3.93), 

‘problem awareness’ (t-value = 12.42, mean = 3.97), ‘supplement’ (t-value = 11.11, mean = 

3.79), and ‘purchase’ (t-value = 3.64, mean = 3.36). 

 

In addition to finding out whether there is an effect at all, it is of interest to understand if 

there is a difference in the effect based on demographic characteristics. To limit the scope of 

this thesis, only age and gender are taken into consideration. Gender and age group were 

Customer Journey Phase Mean Std. Deviation N T-Value
RS_CJP_ProblemAwareness 3,97 0,947 147 12,42
RS_CJP_ProblemAnalysis 4,02 0,918 147 13,47
RS_CJP_OptionIdentification 3,93 0,861 147 13,10
RS_CJP_Purchase 3,36 1,199 147 3,64
RS_CJP_Delivery 2,9 1,115 147 -1,09
RS_CJP_Use 3,01 1,063 147 0,11
RS_CJP_Supplement 3,79 0,862 147 11,11
RS_CJP_Disposal 4,11 0,861 147 15,63

Student's T-Test
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chosen due to the fact that the sample was relatively evenly distributed across the groups. 

Furthermore, it is reasonable to assume that they have the largest impact on the dependent 

variable. In order to understand the effect of gender and age on the significant customer 

journey phases for the recommender system implementation, a two-way between-groups 

analysis of variance is conducted for each phase. Here, the groupings of gender (Group 1: 

male and Group 2: female) and age (Group 1: 18-24 years; Group 2: 25 to 34 years; Group 

3: and older than 34 years) are used. However, the results of the outputs provided by the 

software SPSS Statistics neither imply significant interaction effects nor significant main 

effects for gender or age on the respective customer journey phases. Hence, it can be 

concluded that neither gender nor age have a significant effect on the mean scores for the 

different customer journey phases. 

 

4.2.2. Comparison of Net Promoter Scores for Customer Journey Phases 

The second part of the operationalisation of customer experience is based on the NPS 

question, which is stated in order to understand customer satisfaction and loyalty with respect 

to the means of the customer journey phases of recommender systems. To analyse if there is 

a significant influence on the NPS before (time 1) and after (time 2) the potential 

recommender system implementation, a paired samples t-test is conducted. The NPS is not 

only measured on a scale from 0 to 10, but is also grouped into the following three categories: 

‘detractors’ (answering 0 until 6), ‘passives’ (answering 7 or 8), and ‘promoters’ (answering 

9 or 10). In order to control for differences in both types of NPS measurement, the paired 

samples t-test is conducted for both ‘NPS’ and ‘NPS_Group’. Here, the two different pre-

implementation NPS scores, ‘B_NPS’ and ‘B_NPS_Group’, are each compared with the 

respective customer journey phase NPS scores, ‘RS_CJP_NPS’ and ‘RS_CJP_NPS_Group’. 
 

 
Table 2: Paired samples t-test for net promoter score of customer journey phases (based on SPSS) 

As can be seen in the last column in Table 2 above, the significance for both types of 

measurements is larger than 0.05. Hence, it can be concluded that there is no significant 

Lower Upper

Pair 1 B_NPS - 
RS_CJP_NPS

-0,340 2,112 0,174 -0,684 0,004 -1,953 146 0,053

Pair 2 B_NPS_Group - 
RS_CJP_NPS_Group

-0,102 0,842 0,069 -0,239 0,035 -1,470 146 0,144

Paired Samples Test

Paired Differences

t df Sig. (2-tailed)Mean
Std. 

Deviation
Std. Error 

Mean

95% Confidence Interval 
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difference between the NPS scores before and after the implementation of a recommender 

system with respect to the customer journey phases. Although the difference is not 

statistically significant, it can be observed that the mean scores increase for both: in terms of 

the single NPS, the mean increases from 7.37 to 7.71 and with respect to the grouped NPS, 

the mean increases from 2.05 to 2.16. With regard to the group percentages (Figure 16), the 

percentage of ‘promoters’ increased from 32% to 39.5% with the potential introduction of 

recommender systems, the percentage of ‘detractors’ decreased from 26.5% to 23.8%, and 

the number of ‘passives’ decreased from 41.5% to 36.7%. Overall, the NPS increased from 

+5.5 to +15.7 with respect to the customer journey phases. 
 

 
Figure 16: Net promoter score with regards to customer journey phases (own illustration) 

 

4.2.3. Summary of the Results for Customer Journey Phases 

Taking the results of the two previous sub-sections together, it can be concluded that the 

stated hypothesis can solely be partially supported meaning that there is only a partial effect 

of the customer journey phases of recommender systems on customer experience. As such, 

the results of the Student’s t-test indicate that the hypothesis can be supported for all customer 

journey phases except for the two phases ‘delivery’ and ‘use’. Moreover, the results imply 

that the implementation of a recommender system at all other customer journey phases 

(‘problem awareness’, ‘problem analysis’, ‘option identification’, ‘purchase’, ‘supplement’, 

and ‘disposal’) has a positive effect on customer experience. In terms of the NPS, although 

the score increases from +5.5 at time 1 to +15.7 at time 2, this effect is not statistically 

significant. Hence, the support for the hypothesis is limited. 

 

4.3. Recommender Systems at Touchpoints 

The subsequent analyses the statistics for the second hypothesis. Here, the purpose is to 

answer the previously introduced research question, at which customer touchpoints 

recommender systems should be implemented in order to have a positive effect on customer 

experience in banking. The respective null and alternative hypothesis is as follows:  

23.8% 
Detractors

36.7%
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39.5% 
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H20: The touchpoint through which the product or service recommendation is 

provided has no effect on customer experience in retail banking. 

H2A: The touchpoint through which the product or service recommendation is 

provided has an effect on customer experience in retail banking. 

 
 

4.3.1. Results for Individual Touchpoints 

In order to test this hypothesis, a Student’s t-test is conducted to determine if a touchpoint 

differs significantly from the mean. Similar to the case of the customer journey phases, the 

mean for the comparison is three as the question in the questionnaire was provided based on 

a 5-point Likert scale with three being neutral. 

 

As shown in Table 3, all touchpoints differ significantly from the mean when applying a 95% 

confidence interval for a two-sided t-test. Whereas ‘RS_TP_MobileApp’ (mean = 3.71), 

‘RS_TP_Website_OnlineBanking’ (mean = 3.68), and ‘RS_TP_BankAdvisor’ (mean = 3.56) 

differ positively from the mean, ‘RS_TP_Email’ (mean = 2.72), ‘RS_TP_CustomerService’ 

(mean = 2.41), ‘RS_TP_PostalMail’ (mean = 1.9), and ‘RS_TP_SMS’ (mean = 1.86) differ 

negatively from the mean. Therefore, based on these findings, the null hypothesis can be 

rejected. 
 

 
Table 3: Results of the Student’s t-test statistics for touchpoints (own illustration) 

Nevertheless, the data does not take the descriptive statistics with regard to demographic 

variables into account. Therefore, a two-way between groups ANOVA test is conducted to 

determine if there is a significant difference based on the independent variables gender and 

age. Again, the purpose of this test is to understand the effect of each independent variable 

(gender and age) on the dependent variable (respective touchpoints). Thus, participants were 

Touchpoint Mean Std. Deviation N T-Value
RS_TP_BankAdvisor 3,56 1,288 147 5,27
RS_TP_Website _OnlineBanking 3,68 1,282 147 6,43
RS_TP_MobileApp 3,71 1,289 147 6,68
RS_TP_SMS 1,86 1 147 -13,82
RS_TP_PostalMail 1,9 1,1 147 -12,12
RS_TP_EMail 2,72 1,198 147 -2,83
RS_TP_CustomerService 2,41 1,139 147 -6,28

Student's T-Test
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divided into two groups according to gender and into three groups according to age. Running 

the two-way between groups ANOVA test for all touchpoints gave two statistically 

significant results, which are summarised in the following. 

 

SMS: With F (2, 141) = 0.670, p = 0.513, the interaction effect between age group and gender 

is not statistically significant for ‘SMS’ as it is larger than the significance level of 0.05. This 

means that there is no significant difference in the effect of age group on the touchpoint 

‘SMS’ for males and females. As there is no interaction effect for ‘SMS’, the main effects 

can be safely analysed. These indicate whether the independent variables have an effect on 

the dependent variable ‘SMS’ independent of each other. The statistics in Table 4 below 

indicate that there is a statistically significant main effect for gender, F (1, 141) = 5.332, p = 

0.22. However, the effect size is small to medium (partial eta-squared = 0.036) (Cohen, 

1988). Therefore, it can be said that despite the fact that this reaches statistical significance, 

the actual difference in the mean values for males (mean = 1.63; SD = 0.831) and females 

(mean = 1.99; SD = 1.068) is small to medium. In contrast to gender, the main effect for age 

group, F (1, 141) = 0.039, p = 0.961, does not reach statistical significance. 
 
 

 
Table 4: Two-way ANOVA test for touchpoint ‘SMS’ (based on SPSS) 

E-Mail: For the touchpoint ‘e-mail’, a significant interaction effect of age group and gender 

can be observed, F (2, 141) = 3.106, p = 0.048 (Table 5). This means that there is a significant 

difference in the effect of age on the touchpoint ‘e-mail’ for males and females. 
 

Dependent Variable: RS_TP_SMS
Source Type III Sum of Squares df Mean Square F Sig. Partial Eta Squared
Corrected Model 5,987a 5 1,197 1,206 0,309 0,041
Intercept 376,684 1 376,684 379,340 0,000 0,729
D_Gender 5,295 1 5,295 5,332 0,022 0,036
D_Age_Recoded 0,078 2 0,039 0,039 0,961 0,001
D_Gender * D_Age_Recoded 1,330 2 0,665 0,670 0,513 0,009
Error 140,013 141 0,993
Total 653,000 147
Corrected Total 146,000 146

Tests of Between-Subjects Effects

a. R Squared = 0,041 (Adjusted R Squared = 0,007)



 
 
 

Data Analysis 
 
 

 

81 

 
Table 5: Two-way ANOVA test for touchpoint ‘e-mail’ (based on SPSS) 

Due to this interaction effect, additional tests need to be employed in order to better 

understand the nature of influence. Hence, to understand the influence of the independent 

variable gender on the touchpoint ‘e-mail’, an independent samples t-test is conducted, which 

is used when comparing two different groups. Here, a significance level of 0.324 leads to the 

conclusion that there is no statistically significant difference in the mean score for ‘e-mail’ 

for males and females. As the independent variable age consists of more than two groups, a 

one-way ANOVA test is conducted to compare the means of the three age groups. The results 

are shown in Table 6 below. 
 

 
Table 6: One-way ANOVA test for the influence of age groups on touchpoint ‘e-mail’  

(based on SPSS) 

It can be seen that there is a statistically significant difference at the p < 0.05 level in ‘e-mail’ 

scores for the three age groups: F(2, 144) = 6.136, p = 0.003. However, this table does not 

indicate what age groups differ from each other, which is why the multiple comparison 

statistics in Table 7 below are of great importance. 
 

Dependent Variable: RS_TP_Email
Source Type III Sum of Squares df Mean Square F Sig. Partial Eta Squared
Corrected Model 24,910a 5 4,982 3,804 0,003 0,119
Intercept 894,695 1 894,695 683,178 0,000 0,829
D_Gender 2,471 1 2,471 1,887 0,172 0,013
D_Age_Recoded 12,280 2 6,140 4,688 0,011 0,062
D_Gender * D_Age_Recoded 8,136 2 4,068 3,106 0,048 0,042
Error 184,655 141 1,310
Total 1298,000 147
Corrected Total 209,565 146

Tests of Between-Subjects Effects

a. R Squared = 0,119 (Adjusted R Squared = 0,088)

RS_TP_EMail Sum of 
Squares df Mean Square F Sig.

Between 16,457 2 8,229 6,136 0,003
Within Groups 193,107 144 1,341

Total 209,565 146

ANOVA
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Table 7: Post-hoc statistics for touchpoint ‘e-mail’ (based on SPSS) 

The post-hoc comparisons using the Tukey HSD imply that the mean score for 18 to 24 years 

old participants (mean = 2.35) is significantly different from the group being older than 34 

years (mean = 3.29). The group in the middle (25 to 34) with a mean of 2.83 does not differ 

significantly from both the younger and the older group. 

 

4.3.2. Comparison of Net Promoter Scores for Touchpoints 

Similar to the case of the customer journey phases, to analyse if there is a statistically 

significant influence of recommender systems on the NPS with respect to the touchpoints of 

implementation, a paired samples t-test is conducted. The same group of respondents 

answered the NPS twice under two distinct conditions, namely before (time 1) and after (time 

2) introducing the idea of recommender systems in banking. Again, both types of NPS 

measurements are considered. 
 

 
Table 8: Paired samples t-test for net promoter score of touchpoints (based on SPSS) 

Table 8 shows that although there is no significant difference for both scores in the grouped 

NPS (0.1>0.05), a statistically significance in the single NPS measurement can be observed 

(0.045<0.05). When considering the means, the single NPS increases from 7.37 to 7.72 from 

Dependent Variable: 

Tukey HSD

Lower 
Bound

Upper 
Bound

25-34 -0,48 0,207 0,055 -0,97 0,01
Older than 34 -0,94* 0,278 0,003 -1,60 -0,28
18-24 0,48 0,207 0,055 -0,01 0,97
Older than 34 -0,46 0,273 0,216 -1,10 0,19
18-24 0,94* 0,278 0,003 0,28 1,60
25-34 0,46 0,273 0,216 -0,19 1,10

18-24

25-34

Older than 34

Based on observed means.
*. The mean difference is significant at the 0,05 level.

RS_TP_Email

(I) How old are you? Mean Difference (I-J) Std. Error Sig.

95% Confidence 

Multiple Comparisons

Lower Upper

Pair 1 B_NPS - 

RS_TP_NPS

-0,354 2,119 0,175 -0,699 -0,008 -2,024 146 0,045

Pair 2 B_NPS_Group - 

RS_TP_NPS_Group

-0,116 0,848 0,070 -0,254 0,023 -1,653 146 0,100

Paired Samples Test
Paired Differences

t df Sig. (2-tailed)Mean

Std. 

Deviation

Std. Error 

Mean

95% Confidence Interval 

of the Difference
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time 1 to time 2. Calculating the eta-squared statistic of 0.027 leads to the conclusion that 

this increase has a small to medium effect. Looking at the three NPS groups in Figure 17 

below and comparing the percentages with the pre-recommendation situation (Figure 15), 

one can see that while the number of ‘promoters’ increased from 32% to 38.1%, the number 

of ‘passives’ and ‘detractors’ decreased from 41.5% to 40.8% and 26.5% to 21.1%, 

respectively. In sum, the NPS increased from +5.5 to +17 with respect to the touchpoints. 
  

 
Figure 17: Net promoter score with regards to touchpoints (own illustration) 

 

4.3.3. Summary of the Results for Touchpoints 

As the Student’s t-test implies support for the alternative hypothesis, the implementation of 

a recommender system at all stated touchpoints has an effect on customer experience in 

banking. Whereas this effect is positive for the touchpoints ‘mobile banking’, ‘online 

banking’, and ‘bank advisor’, it is negative for ‘e-mail’, ‘customer service’, ‘postal mail’, 

and ‘SMS’. With regard to the touchpoint ‘SMS’, a significant main effect for gender is 

proven and in terms of ‘e-mail’, the means for the younger and the older age group differ 

significantly from each other. In addition to the Student’s t-test, the statistically significant 

increase in the single NPS from time 1 to time 2 tested by means of the paired samples t-test 

further supports the alternative hypothesis. 

 

4.4. Characteristics of Recommender Systems 

The following part of this section analyses the data in relation to the third research question 

with respect to the appropriate recommender system characteristics. The hypothesis is as 

follows: 
 

H30: The characteristics of the product or service recommendations have no effect 

on customer experience in retail banking. 

H3A: The characteristics of the product or service recommendations have an effect 

on customer experience in retail banking. 
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4.4.1. Results for Individual Characteristics 

To determine if an effect exists, a Student’s t-test is calculated aiming at finding out if the 

means with respect to the recommender system characteristics significantly differ from three. 
 

 
Table 9: Results of the Student’s t-test statistics for characteristics (own illustration) 

As presented in Table 9 above, with a confidence interval of 95%, all t-values in the last 

column of this table are larger than 1.984 indicating significance. Thus, based on this finding, 

the null hypothesis can be rejected for all items meaning that there is an effect of the 

recommender system characteristics on customer experience in banking. Due to the fact that 

all means are higher than three, it can be concluded that the effect of all characteristics is 

positive. Sorting the means, the significance of the positive effect is the highest for the 

variable ‘RS_C_Accuracy’ (t-value = 12.97, mean = 4.01) followed by 

‘RS_C_PerceivedUsefulness’ (t-value = 12.62, mean = 3.99), and ‘RS_C_Trust’ (t-value = 

11.37, mean = 3.94). The least significant characteristics are ‘RS_C_InformationSufficiency’ 

(t-value = 7.13, mean = 3.56), ‘RS_C_InteractionAdequacy’ (t-value = 4.7, mean = 3.44), 

and ‘RS_C_Diversity’ (t-value = 2.16, mean = 3.17). 

 

Just as for the previous two hypotheses, it is interesting to find out whether there are 

differences between age and gender scores with respect recommender system characteristics. 

Again, two-way between groups ANOVA tests are conducted for all characteristics to 

understand the effects of gender (two groups) and age (three groups) better. For most 

characteristics, no significant interaction or main effects were found. However, there are 

some exceptions, which are summarised in the following. 

Characteristic Mean Std. Deviation N T-Value
RS_C_Accuracy 4,01 0,944 147 12,97
RS_C_Novelty 3,67 1,001 147 8,12
RS_C_Diversity 3,17 0,954 147 2,16
RS_C_InformationSufficiency 3,56 0,952 147 7,13
RS_C_InteractionAdequacy 3,44 1,136 147 4,70
RS_C_Control 3,59 1,052 147 6,80
RS_C_Transparency 3,74 1,086 147 8,26
RS_C_PerceivedUsefulness 3,99 0,951 147 12,62
RS_C_Confidence 3,76 0,946 147 9,74
RS_C_Trust 3,94 1,002 147 11,37
RS_C_Satisfaction 3,84 0,929 147 10,96

Student's T-Test
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Interaction Adequacy: As shown in Table 10 below, the interaction effect between gender 

and age group was not statistically significant for the characteristic ‘interaction adequacy’, F 

(2, 141) = 2.015, p = 0.137. Moreover, the main effect for gender, F (1, 141) = 1.247, p = 

0.266, did not reach statistical significance. However, a significant main effect can be 

observed for age, F (2, 141) = 4.644, p = 0.011. Based on a partial eta-squared statistic of 

0.062, this effect can be classified as medium (Cohen, 1988). 
 

 
Table 10: Two-way ANOVA test for characteristic ‘interaction adequacy’ (based on SPSS) 

To further understand the significant main effect, post-hoc comparisons are conducted based 

on a Tukey test (Table 11). Here, the statistics indicate that the mean scores for both the 

group of 18 to 24 years (mean = 3.61) and the group of 25 to 34 years (mean = 3.53) differ 

significantly from the group of participants older than 34 years (mean = 2.79). The difference 

in the mean scores of the two younger groups is not significant. 
 

 
Table 11: Post-hoc statistics for characteristic ‘interaction adequacy’ (based on SPSS) 

Dependent Variable: RS_C_InteractionAdequacy
Source Type III Sum of Squares df Mean Square F Sig. Partial Eta Squared
Corrected Model 17,416a 5 3,483 2,875 0,017 0,093
Intercept 1262,010 1 1262,010 1041,566 0,000 0,881
D_Gender 1,511 1 1,511 1,247 0,266 0,009
D_Age_Recoded 11,255 2 5,627 4,644 0,011 0,062
D_Gender * D_Age_Recoded 4,882 2 2,441 2,015 0,137 0,028
Error 170,842 141 1,212
Total 1930,000 147
Corrected Total 188,259 146

Tests of Between-Subjects Effects

a. R Squared = 0,093 (Adjusted R Squared = 0,060)

Dependent Variable: 

Tukey HSD

Lower 
Bound

Upper 
Bound

25-34 0,08 0,199 0,907 -0,39 0,56
Older than 34 0,82* 0,268 0,007 0,19 1,46
18-24 -0,08 0,199 0,907 -0,56 0,39
Older than 34 0,74* 0,262 0,015 0,12 1,36
18-24 -0,82* 0,268 0,007 -1,46 -0,19
25-34 -0,74* 0,262 0,015 -1,36 -0,12

18-24

25-34

Older than 34

Based on observed means.
*. The mean difference is significant at the 0,05 level.

Multiple Comparisons

(I) How old are you? Mean Difference (I-J) Std. Error Sig.

95% Confidence 

RS_C_InteractionAdequacy
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Control: As indicated by F (2,141) = 0.163, p = 0.850, there is no significant interaction 

effect between gender and age group for the recommender system characteristic ‘control’. 

Similarly, the main effect for gender did not reach statistical significance with F (1, 141) = 

0.084, p = 0.773. Nevertheless, a statistically significant main effect for age can be observed, 

F (2, 141) = 5.467, p = 0.005. The partial eta-squared of 0.072 indicates that the effect of age 

on the characteristic ‘control’ is medium (Table 12) (Cohen, 1988). 
 

 
Table 12: Two-way ANOVA test for characteristic ‘control’ (based on SPSS) 

The post-hoc comparisons (Table 13) based on the conducted Tukey test show that the mean 

scores for the variable ‘control’ are only statistically significant between the oldest age group 

(mean = 2.96) and both younger age groups (mean = 3.72 and 3.71, respectively). In contrast, 

the mean differences between the two younger age groups are not of statistical significance. 
 

 
Table 13: Post-hoc statistics for characteristic ‘control’ (based on SPSS) 

Transparency: As F (2, 141) = 0.029, p = 0.972 implies, there is no statistically significant 

interaction effect between gender and age group for the recommender system characteristic 

Dependent Variable: RS_C_Control
Source Type III Sum of Squares df Mean Square F Sig. Partial Eta Squared
Corrected Model 11,903a 5 2,381 2,244 0,053 0,074
Intercept 1365,852 1 1365,852 1287,273 0,000 0,901
D_Gender 0,089 1 0,089 0,084 0,773 0,001
D_Age_Recoded 11,602 2 5,801 5,467 0,005 0,072
D_Gender * D_Age_Recoded 0,345 2 0,173 0,163 0,850 0,002
Error 149,607 141 1,061
Total 2058,000 147
Corrected Total 161,510 146

Tests of Between-Subjects Effects

a. R Squared = 0,074 (Adjusted R Squared = 0,041)

Dependent Variable: 

Tukey HSD

Lower 
Bound

Upper 
Bound

25-34 0,01 0,186 0,999 -0,43 0,45
Older than 34 0,76* 0,251 0,008 0,17 1,35
18-24 -0,01 0,186 0,999 -0,45 0,43
Older than 34 0,75* 0,246 0,007 0,17 1,34
18-24 -0,76* 0,251 0,008 -1,35 -0,17
25-34 -0,75* 0,246 0,007 -1,34 -0,17

18-24

25-34

Older than 34

Based on observed means.
*. The mean difference is significant at the 0,05 level.

Multiple Comparisons
RS_C_Control

(I) How old are you? Mean Difference (I-J) Std. Error Sig.

95% Confidence 
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‘transparency’ (Table 14). Moreover, in terms of the main effect for gender, F (1, 141) = 

2.151, p = 0.145, no statistical significance can be observed. However, just like with both 

‘interaction adequacy’ and ‘control’, a significant main effect is shown for the independent 

variable age, F (2, 141) = 7.985, p = 0.001. 
 

 
Table 14: Two-way ANOVA test for characteristic ‘transparency’ (based on SPSS) 

Again, as indicated by the statistics in Table 15 below, the different mean scores for the three 

age groups are solely statistically significant between the older and the two younger age 

groups. However, the difference in the mean scores between the two younger groups is not 

significant (0.442). 
 

 
Table 15: Post-hoc statistics for characteristic ‘transparency’ (based on SPSS) 

4.4.2. Comparison of Net Promoter Scores for Characteristics 

To finalise the results of the third hypothesis, a paired samples t-test is conducted to 

determine if there is statistically significant difference in NPS scores from time 1 and time 2 

Dependent Variable: RS_C_Transparency
Source Type III Sum of Squares df Mean Square F Sig. Partial Eta Squared
Corrected Model 22,013a 5 4,403 4,134 0,002 0,128
Intercept 1426,583 1 1426,583 1339,523 0,000 0,905
D_Gender 2,290 1 2,290 2,151 0,145 0,015
D_Age_Recoded 17,009 2 8,504 7,985 0,001 0,102

D_Gender * D_Age_Recoded 0,061 2 0,031 0,029 0,972 0,000

Error 150,164 141 1,065
Total 2230,000 147
Corrected Total 172,177 146

Tests of Between-Subjects Effects

a. R Squared = 0,128 (Adjusted R Squared = 0,097)

Dependent Variable: 

Tukey HSD

Lower 
Bound

Upper 
Bound

25-34 -0,23 0,187 0,442 -0,67 0,21

Older than 34 0,81* 0,251 0,004 0,22 1,41

18-24 0,23 0,187 0,442 -0,21 0,67

Older than 34 1,04* 0,246 0,000 0,46 1,62

18-24 -0,81* 0,251 0,004 -1,41 -0,22

25-34 -1,04* 0,246 0,000 -1,62 -0,46

18-24

25-34

Older than 34

Based on observed means.
*. The mean difference is significant at the 0,05 level.

RS_C_Transparency

(I) How old are you? Mean Difference (I-J) Std. Error Sig.

95% Confidence 

Multiple Comparisons
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with respect to characteristics. Here, the statistics for both types of NPS measurement can be 

seen in Table 16 below. 
 

 
Table 16: Paired samples t-test for net promoter score of characteristics (based on SPSS) 

As indicated by the two significance values of 0.046 and 0.013 for the single and the grouped 

NPS respectively, it can be concluded that the mean scores for both types of measurement 

are significantly different from each other (Table 16). Here, in terms of the single NPS, the 

mean increased from 7.37 (time 1) to 7.71 (time 2). With regards to the grouped NPS, the 

mean increased from 2.05 to 2.22 from time 1 to time 2. Calculating the eta-squared statistics 

for both types of measurement (0.027 for single NPS and 0.042 for grouped), the effect of 

both increases is small to medium (Cohen, 1988). In terms of the percentages (Figure 18), 

the number of ‘promoters’ increased from 32% to 40.8%, ‘passives’ slightly decreased from 

41.5% to 40.1%, and ‘detractors’ decreased from 26.5% to 19%. Overall, the NPS increased 

from +5.5 to +21.8 with respect to the recommender system characteristics. 
 

 
Figure 18: Net promoter score with regards to characteristics (own illustration) 

 

4.4.3. Summary of the Results for Characteristics 

As implied by the Student’s t-test, the alternative hypothesis can be supported for all 

recommender system characteristics meaning that they all have significant effects on 

customer experience in banking. Due to the fact that all means are larger than three, the 

effects are positive. Several ANOVA tests indicated that there are certain differences in this 

effect based on the different age groups. As such, the means for the characteristics 

‘interaction adequacy’, ‘transparency’, and ‘control’ differ significantly for both younger age 

Lower Upper

Pair 1 B_NPS - 

RS_C_NPS

-0,347 2,086 0,172 -0,687 -0,007 -2,016 146 0,046

Pair 2 B_NPS_Group - 

RS_C_NPS_Group

-0,163 0,785 0,065 -0,291 -0,035 -2,520 146 0,013

Paired Samples Test
Paired Differences

t df Sig. (2-tailed)Mean

Std. 

Deviation

Std. Error 

Mean

95% Confidence Interval 

19% 
Detractors

40.1%
Passives

40.8% 
Promoters
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groups (18 to 24 and 25 to 34 years) to the older one (older than 34 years). The fact that both 

NPS measurements significantly increased from time 1 to time 2 underlines the support for 

the hypothesis with respect to the different recommender system characteristics. 

 

4.5. Effect of Recommender Systems on Brand Elements 

The aim of this last section is to answer the last research question of whether the 

implementation of artificially intelligent recommender systems has an effect on the brand 

elements influencing customer experience in banking. The respective null and alternative 

hypothesis are as follows: 
 

H40: The implementation of a recommender system has no effect on the brand 

elements influencing customer experience in retail banking. 

H4A: The implementation of a recommender system has an effect on the brand 

elements influencing customer experience in retail banking. 
 

4.5.1. Results for Individual Brand Elements 

To test if the null hypothesis can be rejected, a paired samples t-test is conducted. Here, the 

same group of respondents answered the same questions twice under two distinct conditions, 

namely without (time 1) and with (time 2) the potential artificially intelligent recommender 

system in place. The statistics in Table 17 below are obtained from the paired samples t-test. 

 
Table 17: Results of the paired samples t-test for brand elements (based on SPSS) 

Lower Upper
Pair 1 B_Innovation - 

RS_Innovation
-0,646 1,276 0,105 -0,854 -0,438 -6,142 146 0,000

Pair 2 B_Trust - 
RS_Trust

0,374 1,240 0,102 0,172 0,576 3,659 146 0,000

Pair 3 B_Image - 
RS_Image

-0,048 1,143 0,094 -0,234 0,139 -0,505 146 0,614

Pair 4 B_Loyalty - 
RS_Loyalty

0,048 1,196 0,099 -0,147 0,242 0,483 146 0,630

Pair 5 B_Promises - 
RS_Promises

0,224 1,181 0,097 0,032 0,417 2,305 146 0,023

Pair 6 B_Emotions - 
RS_Emotions

-0,347 1,270 0,105 -0,554 -0,140 -3,313 146 0,001

Pair 7 B_Support - 
RS_Support

-0,694 1,469 0,121 -0,933 -0,454 -5,725 146 0,000

Pair 8 B_Product - 
RS_Product

0,034 1,257 0,104 -0,171 0,239 0,328 146 0,743

Pair 9 B_Information - 
RS_Information

0,068 1,603 0,132 -0,193 0,329 0,514 146 0,608

Paired Samples Test

Paired Differences

t df
Sig. (2-
tailed)Mean

Std. 
Deviation

Std. Error 
Mean

95% Confidence Interval 
of the Difference
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By analysing the column ‘Sig. (2-tailed)’, it can be concluded that the null hypothesis cannot 

be rejected for the brand elements ‘image’, ‘loyalty’, ‘product’, and ‘information’ due to the 

fact that their significance levels are higher than 0.05. On the contrary, significant differences 

can be observed for ‘innovation’, ‘trust’, ‘promises’, ‘emotions’, and ‘support’ without and 

with a recommender system in place meaning that the null hypothesis can be rejected for 

these factors. Therefore, the implementation of a recommender system in banking has a 

significant effect on the respective brand elements influencing customer experience. 

 

4.5.2. Direction of the Impact on Brand Elements 

However, it is not possible to distinguish if there is an increase or decrease in the effect of a 

brand element on customer experience by solely looking at the two-tailed significance values. 

Therefore, it is necessary to test the mean values (Table 18) of the previously mentioned 

significant brand elements. 

 
Table 18: Statistics of the paired samples t-test for brand elements (based on SPSS) 

Through the comparison of the means of each statistically significant brand element, an 

increase or decrease between the two distinct situations can be found. In this context, the 

magnitude of the intervention effect needs to be computed. Therefore, the effect size is 

calculated, which can be done by computing eta-squared and interpreting it. Based on the 

Mean N Std. Deviation Std. Error Mean
B_Innovation 3,22 147 1,127 0,093
RS_Innovation 3,87 147 0,909 0,075
B_Trust 4,05 147 0,886 0,073
RS_Trust 3,67 147 0,973 0,080
B_Image 3,42 147 1,020 0,084
RS_Image 3,47 147 0,974 0,080
B_Loyalty 3,95 147 0,939 0,077
RS_Loyalty 3,90 147 0,953 0,079
B_Promises 3,75 147 0,859 0,071
RS_Promises 3,52 147 0,960 0,079
B_Emotions 2,62 147 1,346 0,111
RS_Emotions 2,97 147 1,113 0,092
B_Support 3,17 147 1,016 0,084
RS_Support 3,86 147 0,941 0,078
B_Product 3,90 147 0,909 0,075
RS_Product 3,87 147 0,893 0,074
B_Information 3,19 147 1,125 0,093
RS_Information 3,12 147 1,210 0,100

Pair 8

Pair 9

Paired Samples Statistics

Pair 1

Pair 2

Pair 3

Pair 4

Pair 5

Pair 6

Pair 7
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statistics provided in Table 18 above, the following analyses the results for the statistically 

significant brand elements. Here, it is determined whether the mean increases or decreases 

from time 1 to time 2. Furthermore, the results of the eta-squared statistic are presented and 

interpreted. 

 

Innovation: There is a statistically significant increase in ‘innovation’ scores from time 1 

(M=3.22, SD=1.127) to time 2 (M=3.87, SD=0.909), t(146)=-6.142, p< 0.0005 (two-tailed). 

The mean increase for ‘innovation’ scores is 0.65 with a 95% confidence interval ranging 

from -0.854 to -0.438. The eta-squared statistic (0.205) indicates a large effect size (Cohen, 

1988). 

 

Trust: From time 1 (M=4.05, SD=0.909) to time 2 (M=3.67, SD=0.886), t(146)=3.659, p< 

0.0005 (two-tailed), there is a statistically significant decrease in ‘trust’ scores. With a 95% 

confidence interval ranging from 0.172 to 0.576, the mean decrease in ‘trust’ scores is 0.38. 

The eta-squared statistic (0.084) indicates a moderate effect size (Cohen, 1988). 

 

Promises: A statistically significant decrease in ‘promises’ scores is shown from time 1 

(M=3.75, SD=0.859) to time 2 (M=3.52, SD=0.960), t(146)=2.305, p< 0.0005 (two-tailed). 

The mean decrease in ‘promises’ scores is 0.23 with a 95% confidence interval ranging from 

0.032 to 0.417. Through the eta-squared statistic (0.035), a small to moderate effect size can 

be observed (Cohen, 1988). 

 

Emotions: With regards to ‘emotions’ scores, there is a statistically significant increase from 

time 1 (M=2.62, SD=1.346) to time 2 (M=2.97, SD=1.113), t(146)=-3.313, p< 0.0005 (two-

tailed). By applying a 95% confidence interval ranging from 0.105 to -0.554, the mean 

increase in ‘emotions’ scores is 0.35. By calculating the eta-squared statistic (0.07) a 

moderate effect size is present (Cohen, 1988). 

 

Support: When considering ‘support’ scores, there is a statistically significant increase from 

time 1 (M=3.17, SD=1.016) to time 2 (M=3.86, SD=0.941), t(146)=-5.725, p< 0.0005 (two-

tailed). The mean increase in ‘support’ scores is 0.69 with a 95% confidence interval ranging 
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from 0.121 to -0.933. The eta-squared statistic (0.183) indicates a large effect size (Cohen, 

1988). 

 

4.5.3. Summary of the Results for Brand Elements 

Based on the conducted paired samples t-test comparing the means for the distinct brand 

elements at time 1 and time 2, it can be concluded that the alternative hypothesis can only be 

partially supported. This is due to the fact that not all changes in the means from time 1 to 

time 2 are statistically significant. As such, on the one hand, the implementation of a 

recommender system does not have an effect on ‘image’, ‘loyalty’, ‘product’, and 

‘information’ supporting the null hypothesis. On the other hand, the results indicate that the 

implementation of a recommender system has an effect on the variables ‘innovation’, ‘trust’, 

‘promises’, ‘emotions’, and ‘support’, which in turn supports the alternative hypothesis. In 

terms of the direction of the significant effects, whereas the implementation would have a 

negative effect on ‘trust’ and ‘promises’, the effect on ‘innovation’, ‘emotions’, and ‘support’ 

is positive. 

 

4.6. Overview of the Results 

To illustrate the results of the conducted data analysis, the following uses the research 

framework introduced in section 2.4.2.. Figure 19 below uses colour coding to illustrate the 

outcomes. In terms of the hypotheses, whereas the colour code green indicates that the 

respective hypothesis is supported, a yellow circle indicates a partial support. In terms of the 

independent variables, green indicates a significant positive effect on the dependent variable 

customer experience. A significant negative effect is implied by red and blue means that there 

is no statistically significant effect. 
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Figure 19: Summary of the results based on the research framework (own illustration)
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5. Discussion 

 

This chapter of the thesis discusses the findings shown in the previous section. Firstly, the 

research questions are answered, interpreted, and explained by relating the findings to 

literature introduced throughout the preceding parts of this thesis. Secondly, managerial 

implications are outlined. Thirdly, contributions to existing literature are presented. Lastly, 

limitations of the study are outlined and fields for future research are suggested. 

 

5.1. Reflections on the Research Questions 

Due to the descriptive nature of this thesis, the interpretation and discussion of the statistical 

results are particularly important (Saunders et al., 2009). Due to the fact that all main and 

interaction effects suggested by the results of this thesis are small to moderate, they are 

disregarded for the following interpretation. 

 

5.1.1. Recommender Systems Along Customer Journey Phases 

The first research question of this thesis aims at understanding the appropriate customer 

journey phases for implementing a recommender system in order to design a compelling 

customer experience in retail banking. To examine the respective hypothesis stating that there 

is an effect of the different customer journey phases on customer experience in banking, 

several statistical tests were conducted. In sum, based on the statistical results outlined in 

section 4.2., it can be concluded that only partial support for the hypothesis is found. In fact, 

the findings imply that the implementation of a recommender system has a positive effect on 

customer experience in retail banking during the following customer journey phases: 

‘disposal’, ‘problem analysis’, ‘option identification’, ‘problem awareness’, ‘supplement’, 

and ‘purchase’ (sorted in descending order based on respective means). In contrast, the results 

indicate that the implementation of a recommender system in the ‘delivery’ and ‘use’ phases 

has no effect on customer experience in retail banking. The following discusses the findings 

in more detail based on the Customer Activity Cycle introduced by Vandermerwe (1993). 
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Positive Effect of Pre-Purchase Phase 

As stated by Vandermerwe (1993), customers need to decide what to do in the pre-purchase 

phase of their customer journey. According to Dhebar (2013), the pre-purchase phase 

consists of three sub-phases: problem awareness, identification, and definition; problem 

analysis and solution definition; and option identification, analysis, and solution selection. 

The following refers to these phases as problem awareness, problem analysis, and option 

identification, respectively. 

 

The findings of this thesis show that the results for all three sub-phases are statistically 

significant meaning that the implementation of a recommender system during the pre-

purchase phase has an effect on customer experience in retail banking. Further, the results 

suggest this effect to be positive. In general, this finding can be related to Maechler et al. 

(2018) who show that the pre-purchase phase is increasingly challenging for customers due 

the dynamic and competitive nature of the retail banking industry. In addition, the finding is 

in line with Voorhees et al. (2017), who highlight the importance of the interdependency 

between companies and customers in the decision-making phase. In fact, Voorhees et al. 

(2017) state that recommendations are a vital component in information search. 

 

The findings suggest that in the ‘problem awareness’ stage, recommender systems can 

substantially support customers to initially become aware of a need (Dhebar, 2013). Within 

the ‘problem analysis’ phase, customers understand the problem better and start to identify 

possible solutions for satisfying their needs (Dhebar, 2013). Here, the findings show the 

highest mean within the pre-purchase phase. As it is reasonable to assume that identifying 

possible solutions is particularly difficult for customers due to information overload, the 

finding is not only in line with general logic: in fact, an explanation for this finding is the 

general purpose of recommender systems, which is to help customers cope with the ever-

increasing nature of information and thereby support them in finding possible solutions 

(Chen et al., 2013). In contrast to the two first sub-phases, the mean for ‘option identification’ 

is slightly lower. Here, according to Dhebar (2013), a customer makes a decision on which 

product or service to purchase. Therefore, the findings suggest that although the need for 

recommendations is high in this context, it is not as critical as for analysing possible 

solutions. 
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Positive Effect of During-Purchase Phase 

Despite the fact that the findings show a significant effect for recommender system 

implementation in the ‘during-purchase’ phase, in contrast to the pre-purchase phase, the 

mean is quite low and close to neutral. Here, looking at the definitions for this phase posed 

by Vandermerwe (1993) and Dhebar (2013), a customer executes the actual purchase of the 

product or service. In line with this definition, it is reasonable to assume that receiving 

recommendations during the process of conducting an actual purchase of a new product has 

no effect on customer experience in the case of retail banking. This can be explained by the 

fact that the decision-making is already finalised at this point. Hence, it is reasonable to 

assume that recommendations are not as appreciated as for the decision-intense pre-purchase 

phase. Therefore, these findings have to be viewed with caution and need to be investigated 

further. In fact, it would be interesting to look at differences between high-involvement 

products and services (like in retail banking) and rather low-involvement products (such as 

products sold on e-commerce platforms) with regards to the during-purchase phase. In fact, 

as can be observed on websites like Amazon, recommender systems are frequently 

implemented during the actual purchase. 

 

Mixed Effect of Post-Purchase Phase 

As stated by Vandermerwe (1993), in the post-purchase phase, companies ensure that the 

customer has a seamless experience with the product or service while using it. Within this 

phase, the findings of the study suggest different effects. 

 

On the one hand, it can be observed that there is no statistically significant effect of 

recommender system implementation on customer experience in the first two sub-phases 

delivery and use. Therefore, the results imply that shortly after a customer has executed the 

purchase of a financial product or service, recommendations are not impactful. Specifically, 

among all sub-phases of the entire customer journey, the mean for ‘delivery’ is the lowest. 

Here, it is reasonable to assume, that customers would find it rather disturbing if a bank 

recommends products or services just after receiving a new product and service. Although 

the effect is not of statistical significance, it is lower than three meaning that the influence on 

customer experience is negative. The mean for the sub-phase ‘use’ is the second lowest of 
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all sub-phases. Similar to ‘delivery’, implementing a recommender system in this phase has 

no effect on customer experience in banking. 

 

On the other hand, the implementation of a recommender system in the post-purchase stages 

‘supplement’ and ‘disposal’ has a statistically significant positive effect on customer 

experience in banking. This fact is supported by Voorhees et al. (2018) stating that 

recommendations are a key service encounter in the post-purchase phase. As defined by 

Dhebar (2013), after-sales services are an important component of the supplement phase. 

Due to a moderately high mean in this phase, the findings indicate that customers would 

appreciate recommendations at this point to – for instance – enable better performance of 

their financial products and services. In sum, in line with Maechler et al. (2018) and Chen et 

al. (2013), with the vast amount of options, a recommender system can potentially support 

decision-making at these two points and thereby enhance customer experience. 

 

Non-Significant Positive Effect on Net Promoter Score for Customer Decision Journey 

Although the change in the NPS from before and after the potential implementation of a 

recommender system is not statistically significant, the findings imply that the NPS would 

increase from +5.5 to +15.7. This change is explained by the increasing number of 

‘promoters’ and the decreasing number of ‘detractors’ from time 1 to time 2. Therefore, – 

with caution – it can be concluded that with a recommender system in place at all customer 

journey phases except for delivery and use, customers are more likely to recommend their 

bank to their social environment. 

 

5.1.2. Recommender Systems at Touchpoints 

The goal of the second research question is to understand the appropriate touchpoints for 

recommender system implementation in order to positively influence customer experience in 

retail banking. Overall, it can be stated that the results (section 4.3.) find support for the 

hypothesis meaning that the implementation of recommender systems at all touchpoints has 

a significant effect on customer experience. This effect is positive for the touchpoints ‘mobile 

app’, ‘online banking’, and ‘bank advisor’ and negative for ‘e-mail’, ‘customer service’, 

‘postal mail’, and ‘mobile messaging (SMS)’. In addition, this support is confirmed by a 

statistically significant increase in the NPS figure from before (time 1) and after (time 2) 
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recommender system implementation. Due to the fact that it is vital for companies to 

understand, manage, and design every point of interaction between a customer and the brand 

(Edelman, 2010), the following individually discusses the effects of all touchpoints. 

 

Positive Effect of Mobile App, Online Banking, and Bank Advisor 

The touchpoint ‘mobile app’ has the highest mean, which indicates that providing customers 

with recommendations through a mobile app has the most positive mean. This positive effect 

on customer experience is supported by the gathered data on both sample demographics and 

general banking questions: as such, it can be explained by the rather young sample and by 

the fact that the mobile banking app is the second most frequently used touchpoint by the 

participants. The finding is in line with Ieva and Ziliani (2017), who found that mobile 

banking apps have a positive effect on customer loyalty in retail banking. Furthermore, 

Srinivas et al. (2018) state that banks are increasingly adapting their customer experiences in 

a mobile-centric manner. 

 

In addition, the results of the study at hand indicate that customers would appreciate their 

banks to support them with relevant and personalised recommendations through the 

touchpoint ‘online banking’. This finding is supported by the fact that participants most 

frequently interact with their bank through the bank’s website and online banking, which can 

be stressed by the fact that online banking has a positive effect on customer loyalty (Ieva & 

Ziliani, 2017). 

 

Moreover, the findings imply that providing customers with relevant and personalised 

recommendations through the touchpoint ‘bank advisor’ has a significant positive effect on 

customer experience. However, this effect is not in line with Ieva and Ziliani (2017) stating 

that there is a negative relationship between bank advisor and customer loyalty in retail 

banking. Furthermore, the personal bank advisor is not a touchpoint with which the study’s 

participants frequently interact. Nevertheless, the positive effect can be explained by 

Zibriczky (2016) stating that due to the long-term commitment of financial products, 

oftentimes, expert knowledge is necessary in order to make a good purchase decision. This 

fact can be related to Gorgoglione and Panniello (2011) who state that banks are today highly 

dependent on the capabilities and competencies of their front office personnel to provide a 
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coherent service. Thus, if the bank’s goal is to provide personalised recommendations, 

increasing the efficiency and effectiveness of bank advisors by implementing recommender 

systems has the potential to significantly improve customer experience in banking. 

 

In sum, the touchpoints that have a positive impact on customer experience are both physical 

and digital which is in line with Ieva and Ziliani (2017). This provides evidence for banks 

that in order to manage customer experience in a compelling way, they should embrace an 

omni-channel perspective across these touchpoints (Ieva & Ziliani, 2017).  

 

Negative Effect of E-Mail, Customer Service, Postal Mail, and Mobile Messaging 

In contrast to the previously discussed touchpoints, the findings indicate that providing 

customers with recommendations through the touchpoint ‘e-mail’ has a negative effect on 

customer experience. This finding is not in line with Ieva and Ziliani (2017), who find that 

the touchpoint e-mail generally has a positive effect on customer loyalty in retail banking. 

Nevertheless, the negative effect can be related to the general assumption that customers are 

assumed to perceive newsletters via e-mail negatively and often consider these rather as spam 

messages. In particular, this is assumed to be true for retail banking and might be different 

for other industries. 

 

Similarly, the fact that recommendations provided by ‘customer service’ agents have a 

negative effect on customer experience is not in line with research by Ieva and Ziliani (2017). 

However, it can be explained by the general assumption that customer service is something 

anonymous, where personalised recommendations based on personal data might not seem 

appropriate to customers. 

 

Moreover, the finding implying that recommendations via ‘postal mail’ also have a negative 

effect can be drawn back to the relatively young sample. As such, it is reasonable to assume 

that particularly young bank customers do not appreciate recommendations provided by post. 

Ieva and Ziliani (2017) find that postal mail has no effect on customer loyalty.  

 

Finally, Ieva and Ziliani (2017) also show that there is no effect of the touchpoint ‘mobile 

messaging (SMS)’ on customer loyalty in retail banking. In contrast, the study at hand 
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suggests that providing recommendations via SMS has the most negative effect on customer 

experience in retail banking. This result can be explained by the assumption that the young 

sample might perceive SMS as rather outdated and not appropriate in such sensitive topics 

like financials. 

 

Positive Effect on Net Promoter Score of Touchpoints 

The support for the hypothesis is underlined by the significant change in the single NPS. 

Although this effect is small to moderate, it can be concluded that implementing a 

recommender system at the touchpoints mobile app, online banking, and bank advisor leads 

to a significant increase in the number of ‘promoters’ and a decrease in the number of 

‘detractors’ of the bank. This can be explained by customers feeling more supported and 

receiving relevant and personalised information via appropriate, personalised, and user-

friendly touchpoints. 

 

5.1.3. Characteristics of Recommender Systems 

The third research question of this thesis aims at understanding the characteristics of 

recommender systems and their potential to improve customer experience in retail banking. 

As presented in section 4.4., the hypothesis can be supported meaning that there is a 

significant effect of all recommender system characteristics on customer experience in 

banking. This effect is positive for all characteristics. The fact that both NPS measurements 

significantly increased from before to after the potential implementation of recommender 

systems further supports the hypothesis. The following discusses each characteristic in more 

detail. Here, the descending means of the characteristics build the structural foundation and 

characteristics are divided into three different categories based on the sizes of their means. 

 

Positive Effect of Accuracy, Perceived Usefulness, and Trust 

Comparing all recommender system characteristics, the mean was highest for ‘accuracy’, 

which Pu et al. (2011) define as the extent to which users feel that the recommendations 

match their preferences and items. This fact is not only in line with Pu et al. (2011), who state 

that the most common performance metric of recommender systems is accuracy. According 

to Accenture (2019), today’s customers value personalised marketing messages and as stated 

by van Bommel et al. (2014), experiences need to take advantage of digitalisation and provide 
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customers with targeted service information. Moreover, due to the substantial financial 

impact of banking products and services, recommendations must fit the clients particularly 

well (Chirkina & Rankov, 2018). The second highest mean can be found for the characteristic 

‘perceived usefulness’, which refers to the degree of recommender systems to improve user’s 

performance in contrast to the experience without the system. This result can be related to 

the common assumption that customers solely appreciate value-adding services saving both 

time and resources. The high mean for the variable ‘trust’ underlines the fact that particularly 

within a retail banking setting, trustworthy recommendations are of great importance 

(Chirkina & Rankov, 2018). 

 

Positive Effect of Satisfaction, Confidence, Transparency, and Novelty 

The results with regard to the characteristic ‘satisfaction’ imply that participants greatly 

appreciate recommendations with which they are satisfied. This finding is in line with the 

notion of Pu et al. (2011), who state that satisfaction is at least as important as recommender 

system accuracy. Additionally, Jiang et al. (2009) emphasise the importance of 

recommendations to endure the ‘test of time’. As such, it is not only important to match 

customer’s needs to provide recommendations but also to satisfy their wants (Jiang et al., 

2009). The fact that participants value the characteristic ‘confidence’ can be connected to the 

banking context and the complex nature of financial services and products. Thus, due to the 

substantial impact of financial products and services, customers need to feel comfortable and 

confident with their decisions (Chirkina & Rankov, 2018; Pu et al., 2011). According to Pu 

et al. (2011), the characteristic ‘transparency’ enables customers to understand the inner logic 

of recommender systems. The finding that participants appreciate this characteristic can be 

underlined by considering the research of Chirkina and Rankov (2018): due to the financial 

impact of recommender systems in banking, recommendations need to be particularly 

transparent and robust. In terms of ‘novelty’, participants appreciate recommender systems, 

which suggest new products and services. According to Maechler et al. (2018), banking 

customers have a vast number of products and services to choose from. In addition, due to 

the complexity of financial products and services, it is reasonable to assume that it is not easy 

for customers to understand which products best suit their needs. Therefore, a recommender 

system, which helps them discover new products and services in a personalised way has the 
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potential to significantly improve customer experience by increasing relevance and 

decreasing complexity. 

 

Positive Effect of Control, Information Sufficiency, Information Adequacy, and Diversity 

Although the characteristic ‘control’ has a positive effect on customer experience in banking, 

the mean is closer to three than the mean for the previously discussed characteristics. As 

such, although the ability to customise recommendations has a positive effect on customer 

experience, this effect is rather small. Nevertheless, participants seem to appreciate being in 

control of their financials. With regard to the characteristic ‘information sufficiency’, the 

findings indicate that customers appreciate recommendations that include all the necessary 

information to make a specific purchase. Although this effect is of statistical significance, it 

is not as important as the previous characteristics. This might be due to the fact that decisions 

with respect to financial products and services are high-involvement decisions, which are 

generally not taken from one day to the next. Therefore, instead of viewing a recommender 

system as a decision-taker, customers might rather perceive it as a decision support tool next 

to other forces such as the social surrounding and the personal bank advisor. The 

characteristic ‘information adequacy’ enables a customer to inform his or her bank whether 

they like or dislike recommendations (Pu et al., 2011). Although participants seem to value 

this ability, the mean is not very high. The characteristic with the lowest mean is ‘diversity’. 

Thus, despite the fact that participants seem to value diverse recommendations, this 

characteristic is not as critical in impacting customer experience. This can be explained by 

the notion that instead of receiving multiple diverse product offers, participants rather value 

accurate product and service recommendations from their banks. 

 

Positive Effect on Net Promoter Score of Characteristics 

In general, the NPS for the hypothesis concerning recommender system characteristics is the 

highest. In comparison to the setting before the hypothetical implementation of a 

recommender system, the measurement significantly increases from +5.5 to +21.8. Hence, it 

is reasonable to conclude that characteristics have the largest effect on customer satisfaction 

and the overall customer experience in retail banking. With 40.8% ‘promoters’ and solely 

19% ‘detractors’, customers are relatively likely to recommend their bank to their social 

surrounding with respect to the above-discussed recommender system characteristics. 
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5.1.4. Effect of Recommender Systems on Brand Elements 

The fourth and last research question of this thesis aims at understanding differences in brand 

elements from before and after recommender system implementation. Here, the hypothesis 

states that the implementation of a recommender system has an effect on the brand elements 

influencing customer experience in retail banking. Due to the fact that out of the nine tested 

brand elements, solely five brand elements (‘innovation’, ‘emotions’, ‘support’, ‘trust’, and 

‘promises’) significantly change with the implementation of a recommender system, only 

partial support for the hypothesis is found. The following discusses those brand elements, for 

which significant changes are indicated. 

 

Positive Effect of Innovation, Emotions, and Support 

As presented in section 4.5.2., the findings imply that the ‘innovation’ scores significantly 

increase with a large size effect from before to after recommender system implementation. 

Therefore, it can be concluded that participants perceive their banks to be substantially more 

innovative if recommender systems are in place. This fact can be related to the general 

development within the retail banking industry to be more customer-centric and increasingly 

emphasise customer experience management (Maechler et al., 2018). Through this process, 

banks are becoming more mobile-centric and focus on using the right channels and 

touchpoints for their respective customer segments (Desmangles et al., 2018). Due to the fact 

that customers are familiar with receiving personalised product recommendations by 

innovative technology firms such as Amazon, Netflix, and Google, they might tend to 

perceive their bank as more innovative when offering similar services. Further, the disruption 

of the traditional banking industry through emerging FinTech companies might positively 

influence this sense of innovation as traditional banks aim to keep up with contemporary 

competition. 

 

In addition to innovation, the scores significantly increase with respect to the brand element 

‘emotions’ from time 1 to time 2. This finding can be explained through the research 

conducted by Srinivas et al. (2018), who found that customers have closer emotional bonds 

to brands like Apple and Google than to their own banks. Therefore, once banks start to 

provide customers with both relevant and personalised recommendations, customers might 

feel a stronger emotional bond to their banks. At this point, it is important to note that despite 
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the increase in emotions scores, both means are still lower than three. This generally indicates 

a rather weak emotional bond between customer and bank independent of recommender 

systems, which is in line with Srinivas et al. (2018). 

 

Particularly the latter discussed finding is seen to be closely related to the significant increase 

in scores with regards to the brand element ‘support’. As previously discussed, implementing 

a recommender system can substantially support customers in coping with information 

overload (Ricci et al., 2015). According to Zibriczky (2016), the potential of recommender 

systems to add value as a decision support tool is twofold: while they have the potential to 

improve the efficiency of sales representatives, they also substantially support decision-

making processes for customers. Hence, the results indicate that when retail banks implement 

such systems, customers increasingly feel that their banks help them to select the right 

products and services. 

 

Negative Effect of Trust and Promises 

In contrast to the positive perception of ‘innovation’, ‘emotions’, and ‘support’, the means 

for the brand elements ‘trust’ and ‘promises’ significantly decrease from before to after 

recommender system implementation (section 4.5.2.). Here, the effect on the ‘trust’ score has 

a moderate effect size. Generally, the decrease can be explained by a recommender system’s 

use of personal data. As described by Zibriczky (2016), in retail banking, customers are 

particularly sensitive with respect to their data. Therefore, it is reasonable to assume that they 

associate a recommender system with a certain privacy risk and feel the urge to protect their 

personal data. Due to the fact that customers are increasingly aware of the commercialisation 

of their personal data and the fact that data scandals are frequently in the focus of today’s 

media (Mayer-Schönberger & Cukier, 2013), they may lose trust in their banks. Nevertheless, 

the decreased ‘trust’ score at time 2 is still higher than three, indicating that participants rather 

agree with the fact that they can trust their bank. According to Lewis and Soureli (2006), the 

variable trust has a positive effect on customer loyalty in retail banking. 

 

The decrease in ‘trust’ scores goes alongside the decrease in the brand element ‘promises’. 

Lewis and Soureli (2006) found the effect of the variable ‘image’ (equivalent to ‘promises’ 

in the case at hand) to be positive on customer loyalty in retail banking. After the 
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implementation of recommender systems, participants agree less with the statement that their 

banks fulfil the promises they make and the image they convey from time 1 to time 2. Despite 

this influence, it is important to emphasise that the decrease in ‘promises’ scores is only of 

small to moderate effect size. Therefore, i.e. when banks strongly communicate their 

trustworthiness, the implementation of a recommender system might lead to a mismatch 

between the promise from before and after. 

 

5.2. Managerial Implications 

Based on the above-discussed findings of this research, there are four key implications for 

executives and marketeers in retail banking when considering the implementation of a 

recommender system to enhance customer experience. 

 

Timing Recommendations 

Due to an ever-increasing amount of product choices and complexity in retail banking 

settings, it is of great importance to help customers find the right financial products and 

services satisfying their needs and wants. When implementing a recommender system to 

support bank customers in their decision-making processes, the right timing is particularly 

decisive. 

 

This thesis shows that the implementation of a recommender system in the pre-purchase 

phase of the customer journey has a positive effect on customer experience. Due to the fact 

that this phase involves customers becoming aware of a problem, analysing it, and identifying 

suitable options, it is particularly information intense. Hence, customers might feel more 

supported by their banks, which in turn has a positive effect on their overall experience. 

Furthermore, providing customers with personalised and relevant recommendations at the 

end of the purchase phase (during supplement and disposal) positively influences customer 

experience. Here, banks can support customers by improving the performance of their 

financial products and services or by finding new ones once a product’s lifetime is over. 

When facing resource constraints, banks should place particular emphasis on the 

implementation of recommender system during the problem analysis and disposal phase.  

 



 
 
 

Discussion 
 
 

 

106 

Personalising Touchpoints 

Knowing when to provide customers with recommendations goes alongside the 

implementation of recommender systems at appropriate touchpoints. In general, providing 

customers with personalised and relevant recommendations within their mobile banking 

apps, on their online banking pages or the bank’s website, and via their personal bank advisor 

is seen to positively influence customer experience. Therefore, banks should focus on 

implementing recommender systems at these touchpoints to create a stronger emotional bond 

with customers based on support and personalisation. In order to do so, it is vital for 

companies to understand customer’s needs and wants at respective touchpoints for an 

effective strategy formulation (Edelman, 2010). Although the personal bank advisor is not as 

frequently used as the other two digital touchpoints, the findings imply that customers value 

personal support in order to cope with the complexity of financial products and services 

(Zibriczky, 2016). Overall, it is critical for banks to constantly monitor and measure the 

performance of recommender systems at the respective touchpoints. Despite the negative 

influence of recommendations on customer experience at the other tested touchpoints (e-

mail, postal mail, customer service, and SMS), retail banks should use other means of 

touchpoint personalisation in order to design customer experience in a consistent manner. 

 

Meeting Customer’s Needs and Wants 

Most importantly, in order to have a positive effect on customer experience, the results 

indicate that a recommender system needs to make accurate recommendations matching 

customers’ preferences with items. Furthermore, banks need to ensure that customers 

perceive recommendations as useful, trustworthy, satisfying, and transparent meaning that 

the customer understands why the products and services are recommended and how they can 

add value to his or her existing product or service portfolio. In addition, customers value 

recommendations, which are new, diverse, customizable, comforting, and sufficient to make 

a purchase decision. As emphasised in the literature review (section 2.1.1.5.), in order to 

achieve this, banks need to ensure the removal of organisational silos to enable an efficient 

and effective use of customer data (Gryd-Jones et al., 2013). Moreover, cross-functional 

teams consisting of employees from areas like digital marketing, sales, technology, and 

strategy are seen to add substantial value to the design of compelling customer experiences 

(Shah et al., 2006). In sum, the research suggests the implementation of a hybrid 
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recommender system in banking making recommendations based on customer’s individual 

needs and wants and comparing customers based on similarity-based approaches. 

 

Achieving Brand Resonance 

The implementation of a recommender system aims at reaching the goal of brand resonance, 

which Keller (2001) describes as an intense, active customer-brand relationship. According 

to the Keller (2001), brand resonance consists of the four categories behavioural loyalty, 

attitudinal attachment, sense of community, and active engagement (Keller, 2001). The 

findings of this thesis show that the perceived support and emotional bond increases and that 

customers would perceive their banks to be more innovative when implementing a 

recommender system. These two changes indicate that the implementation of a recommender 

system can have a substantially positive impact on brand resonance – particularly on 

behavioural loyalty and active engagement. However, the analysis also shows that customers 

could potentially loose trust when their banks implement a recommender system. This 

finding leads to the suggestion that banks should not explicitly point out that they are using 

a recommender system to support customers in decision-making. In order to have a consistent 

brand image and promise, both the design and the messaging within the recommender system 

should be in line with the corporate branding and communication efforts. This ensures 

consistency, which is critical in designing compelling customer experiences and climbing the 

branding pyramid to reach brand resonance. 

 

5.3. Theoretical Contributions 

As outlined in section 2.4., the aim of this thesis is to start closing an apparent research gap 

in today’s academic literature. Here, this thesis is one of the first to combine the emerging 

topic of customer experience with the contemporary technology of AI-driven recommender 

systems. Therefore, the thesis contributes to existing literature in several ways. 

 

Firstly, the most important underlying concepts of customer experience are applied to 

recommender systems by identifying the appropriate customer journey phases, touchpoints, 

and brand elements for a customer-centric implementation of recommender systems. Due to 

the fact that the number of touchpoints and the customer journeys are increasing at an 

unprecedented speed, it is difficult for companies to consistently develop a compelling 
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customer experience (Edelman, 2010). Identifying AI as a mean to cope with this challenge, 

it is vital for companies to understand how to use this technology in an efficient and effective 

way. As such, the thesis uses – amongst others – well-established concepts like 

Vandermerwe’s Customer Activity Cycle (1993 & 2000), Dhebar’s Customer Experience 

Blueprint (2013), and Keller’s Customer-Based Brand Equity Model (2001) to apply it to 

recommender systems. Particularly in terms of the latter, this thesis is the first to connect 

Keller’s brand pyramid with the construct of customer experience. 

 

Secondly, due to the complex nature of recommender system’s development, previous 

literature has mostly focussed on understanding the necessary technological requirements 

from a company’s perspective. As such, a special emphasis has been placed on the different 

types of recommender systems, and their application areas (i.e. Ricci et al., 2015; Jiang et al., 

2009). Despite the added-value of this past research, until today, the effect of recommender 

systems on marketing has only focussed on their effect on customer satisfaction – and that 

solely to a small extend (i.e. Adomavicius et al., 2011). Nevertheless, in order to cope with 

customer’s dynamic expectations for compelling experiences, it is vital to take the customer’s 

perspective into account. Therefore, this research is seen to be one of the first considering 

customer’s views. In fact, it takes measurement scales introduced by Pu et al. (2011) to 

understand the characteristics most valued by customers. Thereby, it adds to their research 

by not only emphasising the need for accurate recommendations, but also focussing on other 

factors like information sufficiency, transparency, and trust. 

 

Thirdly, based on the common notion that the implementation of a recommender systems is 

particularly challenging within the complex retail banking industry, this research is the first 

to reflect upon customer’s needs and wants for recommendations with respect to financial 

services and products. Here, the retail banking industry is especially interesting as it is 

currently undergoing a shift due to non-traditional competitors who are challenging the status 

quo. Overall, the thesis supports findings by Gorgoglione and Panniello (2011), Chirkina and 

Rankov (2018), and Zibriczky (2016) stating that due to the complexity of financial products 

and services, customers need particular support in order to find products and services that 

match their needs. Further, the study at hand adds to the finding by Voorhees et al. (2017) 

emphasising the importance of recommender systems in service industries particularly in the 
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pre- and the post-purchase phase of the customer journey. Furthermore, the thesis relates to 

the findings of Ieva and Ziliani (2017) by considering the specific touchpoints for the 

implementation of recommender systems in retail banking. As described by Lewis and 

Soureli (2006), there are certain brand elements that play a particular importance for retail 

banks. This thesis investigates the effect of recommender systems on these brand elements 

and thereby contributes to contemporary marketing literature. 

 

5.4. Limitations and Future Research 

This study contributes to exiting literature and suggests areas of focus to bank executives in 

order to improve customer experience by implementing smart and efficient recommender 

systems. It is, however, important to note that this analysis presents certain limitations, which 

need to be considered when interpreting and using the findings provided. The following 

describes these limitations in more detail and concurrently suggests areas for future research. 

 

A key limitation of the underlying study is with regards to internal validity, which refers to 

the ability of the questionnaire to measure what it intends to measure (Saunders et al., 2009). 

The study collected data by means of a self-administered, internet-mediated questionnaire, 

which aims at understanding the respondent’s perception of relevant and personalised 

recommendations and their effect on customer experience. However, as participants were not 

directly exposed to a recommender system in banking, they were required to base their 

answers on their own subjective imagination. Hence, rather than reporting on their specific 

experiences itself, the respondents had to image the potential of recommender systems, their 

factors, and implementation. Furthermore, due to the fact that no well-established model fully 

underlines the study at hand, establishing a causal relationship on perceived customer 

experience might not be sufficient. However, due to the fact that validated and reliable scales 

were applied, this thesis is confident that the gathered results can be used as a first appraoch. 

Nevertheless, future research should enable participants to interact with an AI-driven 

recommender system in order to minimise possible errors when evaluating the underlying 

customer experience. Due to the sensitive topic of private data and the mentioned ethical 

concerns of the use of AI for marketing purposes, it would be interesting to employ a 

recommender system in an actual purchasing process to better understand customer’s 

behaviour and explore their consumption experiences and thoughts. 
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Saunders et al. (2009) state that external validity is related to the extent to which the research 

results are generalisable. In the case at hand, drawbacks of the convenience sampling method 

outlined in section 3.7. can be related to external validity. As such, applying the findings 

based on the sample at hand to broader customer groups can only be done with caution due 

to the fact that the results are not generalisable (especially with regards to age, gender, 

nationality, and educational background). Furthermore, as the study focuses on the retail 

banking industry, the finding cannot easily be applied to other industries due to the complex 

nature of the retail banking sector. Thus, it would be interesting for future research to 

understand customer’s perceptions of recommender systems in other industries as well. Here, 

it would be of interest to investigate differences between low- and high-involvement 

industries. Within the retail banking industry, due to resource constraints, the thesis did not 

choose the sample to consist solely of customers of a single bank. Therefore, the managerial 

implications outlined in section 5.2. should be regarded as a first guideline. As it is reasonable 

to assume that retail bank’s brands, products and services as well as customer needs and 

wants differ within and across geographical areas, banks should conduct individual research 

to derive bank- and location-specific implications in the future. Similarly, this research solely 

investigated differences among the variables gender and age. Nevertheless, for a more 

comprehensive analysis, demographic patterns should be considered. As stated by Walker 

(2011), differences in customer journeys depend on the engagement and relationship levels 

of customers with certain brands. Therefore, due to the fact that this thesis generalised the 

customer decision journey in banking for simplicity, future research should elaborate on the 

differences among various relationship levels. 

 

In addition to both internal and external validity, further limitations are related to the chosen 

perspective. Particularly in the context of the touchpoint analysis, as mentioned by Dhebar 

(2013), blueprinting them can be done from multiple perspectives. Thereby, this thesis solely 

focused on the customer’s perspective. Nevertheless, as the success of a recommender system 

is highly dependent on the underlying company, it is interesting to consider the enterprise 

perspective. Thus, future research should use the findings of this thesis to focus on 

organisational internal capabilities and external surroundings before combining the two. This 

multi-dimensional view is seen to substantially add value to the implementation of 

recommender systems to design compelling customer experiences.
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6. Conclusion 

 

In an increasingly digitalised world, dynamic customer expectations are challenging companies 

to seamlessly and effectively provide customers with just-in-time, targeted product and service 

information (van Bommel et al., 2014). Putting this into the context of retail banking, customers 

want their bank to not only understand their needs, but also to take their wants and preferences 

with regard to financial products and services into consideration. Consequently, retail banks are 

increasingly challenged to design compelling customer experiences across both online and 

offline touchpoints (Maechler et al., 2018; Edelman, 2010). 

 

Emerging technologies like AI enable companies to use a vast amount of gathered customer 

data to offer the right products and services to the right customers at the right time (Martinez-

Lopez & Casillas, 2013; Jiang et al., 2009). In particular, both traditional and non-traditional 

retail banks have recently started to look into statistical machine learning algorithms to enable 

them to provide customers with personalised and relevant recommendations of financial 

products and services (Gigli et al., 2017). Recommender systems have the potential to 

substantially improve the decision-making process of customers and to enhance the 

effectiveness of bank personnel (Zibriczky, 2016). Nevertheless, as stated by Chirkina and 

Rankov (2018), due to the complexity and high-involving nature of financial products and 

services, implementing a recommender system in a retail banking setting is particularly 

challenging. 

 

Connecting this challenge with the increasing importance in customer experience management 

and the emerging technology of recommender systems, this thesis aimed at uncovering the 

necessary factors for implementing a recommender system in retail banking to improve 

customer experience. These necessary factors consist of the appropriate customer journey 

phases, touchpoints, recommendation characteristics, and brand elements for a recommender 

system implementation that positively influences customer experience in retail banking. 

Thereby, the thesis contributes to existing literature by connecting underlying theories and 

constructs of customer experience management with the emerging technology of AI-driven 

recommender systems. 
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The findings of the thesis indicate that in terms of timing, recommender systems should be 

implemented during the entire pre-purchase phase and at the end of the post-purchase phase of 

the customer decision journey. This substantially supports customers to navigate through the 

overwhelming amount of information and complexity with respect to financial products and 

services to improve decision-making processes, which ultimately leads to an enhanced 

customer experience. With respect to the appropriate touchpoints for recommender system 

implementation, banks should focus on mobile banking apps, online banking websites as well 

as personal bank advisors. These touchpoints are in line with the increasing emphasis for digital 

and mobile-centric customer experiences in today’s retail banking landscape. Nevertheless, 

personal contacts should not be underestimated due to the substantial financial impact of 

banking products and services. In order to have a positive effect on customer experience, 

recommender systems should focus on meeting customer preferences and matching them with 

suitable items by deploying a hybrid system. Furthermore, customers value recommendations 

that are novel, transparent, trustworthy, and make them feel confident in making a purchase 

decision. Overall, the findings show that the implementation of a recommender system makes 

customers feel a stronger emotional bond to their banks by feeling more supported and 

perceiving them as more innovative. As the brand elements ‘trust’ and ‘promises’ are negatively 

affected by the technology’s implementation, banks should consider to not explicitly point out 

the usage of a recommender system. 

 

As a final note, in order to account for recommender system success, banks should focus on 

removing organisational silos and start emphasising interdisciplinary teams to enable 

comprehensive data analyses and a constant tracking of recommender system’s performance 

metrics. To sum up, it is of utmost importance for retail banks to find the right balance in timing 

recommendations, personalising touchpoints, and understanding customer needs and 

preferences to design compelling customer experiences with the aim to achieve long-term, 

sustainable brand resonance.
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Appendices 

 

Appendix 1: Customer Activity Cycle based on Vandermerwe (1993 & 2000) (own illustration) 
 

 
 
Appendix 2: Customer Touchpoint Blueprint by Dhebar (2013) (own illustration) 
 

 

 
 
Appendix 3: Research Onion based on Saunders et al. (2009) (own illustration) 
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Appendix 4: Questionnaire 
 

Link to the self-administered online questionnaire:  

https://copenhagenbusiness.eu.qualtrics.com/jfe/form/SV_efYHJ15wVhXZzSZ  
 

 

Dear Participant,  

 

Thank you very much for participating in our survey – we really appreciate your feedback and 

your help in finalising our Master's thesis at Copenhagen Business School! 

 

This questionnaire is designed to understand the experience you have with your bank and your 

opinion about personalised product and service recommendations. Answering the following 

questions will take approximately 7 minutes. Your response will be kept strictly confidential. 

 

Thanks again and best regards, 

Kathleen & Marie 

 
 

Q1: Are you currently customer at a bank? 
Yes No 
� � 

 
 

If you are a customer at multiple banks, please refer to the bank that you use and interact with 

the most to answer all the following questions of this questionnaire. 
 

Q2: In which country do you have your main bank account? 
Choose a country 

 
 

Q3: When did you become customer at your bank? 
Less than 1 year 

ago 1-2 years ago 3-5 years ago 6-10 years ago More than 10 years 
ago I don’t remember 

� � � � � � 
 
 

Q4: What kind of services does your bank offer? 
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Online services only (i.e. the bank 
does not have a physical bank branch 

or personal bank advisor) 

Offline services only (i.e. transactions can 
only be conducted with your bank advisor at 

the bank branch) 

Both offline and online services (i.e. 
with your advisor in the bank branch 

or via online banking) 
� � � 

 

Q5: On a scale from 0-10, how likely are you to recommend your bank to a friend or colleague? 
0 1 2 3 4 5 6 7 8 9 10 
� � � � � � � � � � � 

 
 

Q6: Please rate your level of agreement with the following statements about your experience 

and relationship with your bank. 

Statement Strongly 
disagree 

Somewhat 
disagree 

Neither agree 
nor disagree 

Somewhat 
agree 

Strongly 
agree 

"I think that my bank is innovative." � � � � � 
"I feel that I can trust my bank." � � � � � 
"My bank has a better image than other banks." � � � � � 
"I want to remain a customer at my bank." � � � � � 
"My bank fulfils the promises it makes and the 
image it conveys." � � � � � 

"I feel emotionally attached to my bank." � � � � � 
"My bank helps me to select the right product or 
service." � � � � � 

"My bank’s products and services satisfy my 
needs." � � � � � 

"I feel well informed about the products and 
services my bank offers." � � � � � 

 
 

As a customer, you interact with your bank through diverse touchpoints (points of contact and 

interaction with you and your bank)”. 

 
 

Q7: How often do you interact with your bank through the following touchpoints?” 
Touchpoint Never Very rarely Rarely Sometimes Often Very often Always 
Personal bank advisor � � � � � � � 
Website/online banking � � � � � � � 
Mobile app � � � � � � � 
Mobile messaging (SMS) � � � � � � � 
Postal mail � � � � � � � 
E-mail � � � � � � � 
Customer service  � � � � � � � 
 
 

In recent years, companies have increasingly started to use customer data and artificial 

intelligence to provide customers with relevant and personalised product and service 

recommendations. You might have noticed such recommendations on websites like Amazon 

(‘customers who bought this item also bought...’) or Netflix (‘because you watched...’) 
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Q8: How often do you receive product or service recommendations when you are in contact 

with your bank? 
Never Very rarely Rarely Sometimes Often Very often Always 
� � � � � � � 

 

Please imagine that your bank provides you with product and service recommendations 

and rate your level of agreement with the following statements. 

 

Q9: “I would appreciate product and service recommendations from my bank... 

Statement Strongly 
disagree 

Somewhat 
disagree 

Neither agree 
nor disagree 

Somewhat 
agree 

Strongly 
agree 

…if the recommended product or service matches 
my interests.” � � � � � 

…if the recommendation helps me discover new 
products or services.” � � � � � 

…if the recommendations are diverse.” � � � � � 
…if the information provided for the 
recommended product or service is sufficient for 
me to make a purchase decision.” 

� � � � � 

…if I can inform my bank that I like/dislike the 
recommendation.” � � � � � 

…if I can customise the recommendations I 
receive.” � � � � � 

…if I understand why the product or service is 
recommended to me.” � � � � � 

…if the recommendation helps me find the ideal 
product or service.” � � � � � 

…if the recommendation makes me feel confident 
and comfortable about the decision.” � � � � � 

…if I feel that the recommendation can be trusted.” � � � � � 
…if I am satisfied with the recommendation.” � � � � � 
 

 

Q10: If the recommendation provided by your bank would fulfil the criterions you indicated 

above, on a scale from 0-10, how likely are you to recommend your bank to a friend or 

colleague? 
0 1 2 3 4 5 6 7 8 9 10 
� � � � � � � � � � � 

 

 

 

Please imagine that your bank provides you with product and service recommendations and 

rate your level of agreement with the following statements. 
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Q11: “I would appreciate product and service recommendations from my bank if they are 

provided... 

Statement Strongly 
disagree 

Somewhat 
disagree 

Neither agree 
nor disagree 

Somewhat 
agree 

Strongly 
agree 

…by my personal bank advisor.” � � � � � 
…on the website or in online banking.” � � � � � 
...through the mobile app." � � � � � 
…via mobile messaging (SMS).” � � � � � 
...by postal mail.” � � � � � 
…by e-mail.” � � � � � 
…by a customer service agent.” � � � � � 
 
 

Q12: If the recommendation provided by your bank would fulfil the criterions you indicated 

above, on a scale from 0-10, how likely are you to recommend your bank to a friend or 

colleague? 
0 1 2 3 4 5 6 7 8 9 10 
� � � � � � � � � � � 

 
 

Please imagine that your bank provides you with product and service recommendations and 

rate your level of agreement with the following statements. 
 

Q13: “I would like to receive a relevant and personalised recommendation for a product or 

service from my bank... 

Statement Strongly 
disagree 

Somewhat 
disagree 

Neither agree 
nor disagree 

Somewhat 
agree 

Strongly 
agree 

…when I become aware that I need a new product 
or service from my bank.”  � � � � � 

…when I am starting to look for a product or 
service at my bank.”  � � � � � 

…when I am evaluating different products and 
services.”  � � � � � 

…when I am purchasing a product or service.”  � � � � � 
…when I receive my new product or service.”  � � � � � 
…when I am using my product or service.”  � � � � � 
…when I am planning on supplementing my 
product or service.”  � � � � � 

…when the current product or service for my 
financials is about to expire.”  � � � � � 

 

 

Q14: If the recommendation provided by your bank would fulfil the criterions you indicated 

above, on a scale from 0-10, how likely are you to recommend your bank to a friend or 

colleague? 
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0 1 2 3 4 5 6 7 8 9 10 
� � � � � � � � � � � 

 
 

Please imagine that your bank provides you with product and service recommendations and 

rate your level of agreement with the following statements. 

 

Q15: “If my bank provides me with relevant and personalised recommendations... 

Statement Strongly 
disagree 

Somewhat 
disagree 

Neither agree 
nor disagree 

Strongly 
agree 

Somewhat 
agree 

"…I think that my bank is innovative." � � � � � 
"…I feel that I can trust my bank." � � � � � 
"…I think that my bank has a better image than 
other banks." � � � � � 

"…I would remain a customer at my bank." � � � � � 
"…my bank fulfils the promises it makes and the 
image it conveys." � � � � � 

"…I feel emotionally attached to my bank." � � � � � 
"…I feel that my bank helps me to select the right 
product or service." � � � � � 

“…I feel well informed about the products and 
services my bank offers.” � � � � � 

“…I would like my bank to use my personal data 
to improve recommendations.”  � � � � � 

 

Q16: How old are you? 
Younger than 18 18-24 25-34 35-44  45-54 Older than 54 

� � � � � � 
 
 

Q17: What is your Gender? 
Female Male I prefer not to say 
� � � 

 
 

Q18: What is your highest degree or level of school you have completed? 

Less than a high 
school degree 

High school 
degree/ 

equivalent 
Apprentice Bachelor’s 

degree Master’s degree Doctoral degree Other 

� � � � � � � 
 
 

Q19: What is your current employment status? 
Employed full-

time 
Employed part-

time Self-employed Unemployed Student Retired Other 

� � � � � � � 
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Q20: Where are you from? 
Choose a country 

 

 

 

 

Appendix 5: Codebook for data analysis (own illustration) 
 

 

Question in Questionnaire Variable SPSS Variable Coding Instructions 

  Identification number ID Number assigned to each 
survey 

“Are you currently customer 
at a bank?”.  

Customer with Bank B_ Customer 
  

1 = yes 

2 = no 
“In which country do you 
have your main bank 
account?” 

Country of Bank 
Account 
  

B_ 
Country_Recoded 
  

1 = German 

2 = Other 

“When did you become 
customer at your bank?” 

Loyalty B_Liftime_ 
Recoded 
  
  
  
  
  

1 = Less than 1 year 
2 = 1-2 years ago 
3 = 3-5 years ago 
4 = 6-10 years ago 
5 = more than 10 years ago 
6 = I don’t remember 

“What kind of services does 
your bank offer” 

Type of Bank B_Services 
  
  

1 = Online 

2 = Offline 
3 = Online and Offline 

On a scale from 0-10, how 
likely are you to recommend 
your bank to a friend or 
colleague? 

NPS Scale Item 0 to 10 
  
  

B_NPS_Group 
  
  

Click on the applicable 

0 = not likely at all to 
10 = very likely 

NPS Scale Item 0 to 10 
  
  

B_NPS 
  
  

Click on the applicable 

0 = not likely at all to 
10 = very likely 

“Please rate your level of 
agreement with the 
following statements about 
your experience and 
relationship with your 
bank.” 

"I think that my bank is 
innovative." Scale Item 1 
to 5 

B_Innovation 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

"I feel that I can trust my 
bank." Scale Item 1 to 5 

B_Trust 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

B_Image 
  

Click on the applicable 
1 = strongly disagree to 
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"My bank has a better 
image than other banks." 
Scale Item 1 to 5 

  5 = strongly agree 

"I want to remain a 
customer at my bank." 
Scale Item 1 to 5 

B_Loyalty 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

"My bank fulfils the 
promises it makes and 
the image it conveys." 
Scale Item 1 to 5 

B_Promises 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

"I feel emotionally 
attached to my bank." 
Scale Item 1 to 5 

B_Emotions 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

"My bank helps me to 
select the right product 
or service." Scale Item 1 
to 5 

B_Support 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

"My bank’s products and 
services satisfy my 
needs." Scale Item 1 to 5 

B_Product 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

"I feel well informed 
about the products and 
services my bank offers." 
Scale Item 1 to 5 

B_Information 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

“How often do you interact 
with your bank through the 
following touchpoints?” 

Personal Bank Advisor 
Scale Item 1 to 5 

TP_BankAdvisor 
  
  

Click on the applicable 
1 = never to 
7 = always 

Website/Online Banking 
Scale Item 1 to 5 

TP_Website_ 
OnlineBanking 
  
  

Click on the applicable 
1 = never to 
7 = always 

Mobile App Scale Item 1 
to 5 

TP_MobileApp 
  
  

Click on the applicable 
1 = never to 
7 = always 

Mobile Messaging 
(SMS) Scale Item 1 to 5 

TP_SMS 
  
  

Click on the applicable 
1 = never to 
7 = always 

Postal Mail Scale Item 1 
to 5 

TP_PostalMail 
  
  

Click on the applicable 
1 = never to 
7 = always 

E-Mail Scale Item 1 to 5 
  

TP_EMail 
  
  

Click on the applicable 
1 = never to 
7 = always 

Customer Service Scale 
Item 1 to 5 

TP_Customer 
Service 

Click on the applicable 

1 = never to 
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7 = always 

“How often do you receive 
product or service 
recommendations when you 
are in contact with your 
bank?” 

  RS_Frequency 
  
  

Click on the applicable 
1 = never to 
7 = always 

“I would appreciate product 
and service 
recommendations from my 
bank… 

…if the recommended 
product or service 
matches my interests.” 
Scale Item 1 to 5 

RS_C_Accuracy 
  
  

Click on the applicable 

1 = strongly disagree to 
5 = strongly agree 

…if the recommendation 
helps me discover new 
products or services.” 
Scale Item 1 to 5 

RS_C_Novelty 
  
  

Click on the applicable 

1 = strongly disagree to 
5 = strongly agree 

…if the 
recommendations are 
diverse.” Scale Item 1 to 
5 

RS_C_Diversity 
  
  

Click on the applicable 

1 = strongly disagree to 
5 = strongly agree 

…if the information 
provided for the 
recommended product or 
service is sufficient for 
me to make a purchase 
decision.” Scale Item 1 
to 5 

RS_C_ 
Information 
Sufficiency 
  
  

Click on the applicable 

1 = strongly disagree to 
5 = strongly agree 

…if I can inform my 
bank that I like/dislike 
the recommendation.” 
Scale Item 1 to 5 

RS_C_Interaction
Adequacy 
  
  

Click on the applicable 

1 = strongly disagree to 
5 = strongly agree 

…if I can customise the 
recommendations I 
receive.” Scale Item 1 to 
5 

RS_C_Control 
  
  

Click on the applicable 

1 = strongly disagree to 
5 = strongly agree 

…if I understand why 
the product or service is 
recommended to me.” 
Scale Item 1 to 5 

RS_C_ 
Transparency 
  
  

Click on the applicable 

1 = strongly disagree to 
5 = strongly agree 

…if the recommendation 
helps me find the ideal 
product or service.” 
Scale Item 1 to 5 

RS_C_Perceived
Usefulness 
  
  

Click on the applicable 

1 = strongly disagree to 
5 = strongly agree 

…if the recommendation 
makes me feel confident 
and comfortable about 
the decision.” Scale Item 
1 to 5 

RS_C_ 
Confidence 
  
  

Click on the applicable 

1 = strongly disagree to 
5 = strongly agree 

…if I feel that the 
recommendation can be 
trusted.” Scale Item 1 to 
5 

RS_C_Trust 
  
  

Click on the applicable 

1 = strongly disagree to 
5 = strongly agree 

RS_C_ 
Satisfaction 

Click on the applicable 

1 = strongly disagree to 
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…if I am satisfied with 
the recommendation.” 
Scale Item 1 to 5 

  
  

5 = strongly agree 

If the recommendation 
provided by your bank 
would fulfil the criterions 
you indicated above, on a 
scale from 0-10, how likely 
are you to recommend your 
bank to a friend or 
colleague? 

NPS Scale Item 0 to 10 RS_CJD_NPS_ 
Group 
  
  

Click on the applicable 
0 = not likely at all to 
10 = very likely 

NPS Scale Item 0 to 10 RS_CJD_NPS 
  
  

Click on the applicable 
0 = not likely at all to 
10 = very likely 

“I would appreciate product 
and service 
recommendations from my 
bank if they are provided… 

…by my personal bank 
advisor.” Scale Item 1 to 
5 

RS_TP_ 
BankAdvisor 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

…on the website or in 
online banking.” Scale 
Item 1 to 5 

RS_TP_Website_
OnlineBanking 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

...through the mobile 
app." Scale Item 1 to 5 

RS_TP_ 
MobileApp 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

…via mobile messaging 
(SMS).” Scale Item 1 to 
5 

RS_TP_SMS 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

...by postal mail.” Scale 
Item 1 to 5 

RS_TP_ 
PostalMail 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

…by e-mail.” Scale Item 
1 to 5 

RS_TP_EMail 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

…by a customer service 
agent.” Scale Item 1 to 5 

RS_TP_ 
CustomerService 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

If the recommendation 
provided by your bank 
would fulfil the criterions 
you indicated above, on a 
scale from 0-10, how likely 
are you to recommend your 
bank to a friend or 
colleague? 

NPS Scale Item 0 to 10 RS_CJD_NPS_ 
Group 
  
  

Click on the applicable 
0 = not likely at all to 
10 = very likely 

NPS Scale Item 0 to 10 RS_CJD_NPS 
  
  

Click on the applicable 
0 = not likely at all to 
10 = very likely 

“I would like to receive a 
relevant and personalised 
recommendation for a 
product or service from my 
bank… 

…when I become aware 
that I need a new product 
or service from my 
bank.” Scale Item 1 to 5 

RS_CJD_Problem
Awareness 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

…when I am starting to 
look for a product or 

RS_CJD_ 
ProblemAnalysis 

Click on the applicable 
1 = strongly disagree to 
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service at my bank.” 
Scale Item 1 to 5 

  
  

5 = strongly agree 

…when I am evaluating 
different products and 
services.” Scale Item 1 to 
5 

RS_CJD_OptionI
dentification 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

…when I am purchasing 
a product or service.” 
Scale Item 1 to 5 

RS_CJD_ 
Purchase 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

…when I receive my 
new product or service.” 
Scale Item 1 to 5 

RS_CJD_ 
Delivery 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

…when I am using my 
product or service.” 
Scale Item 1 to 5 

RS_CJD_Use 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

…when I am planning on 
supplementing my 
product or service.” 
Scale Item 1 to 5 

RS_CJD_ 
Supplement 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

…when the current 
product or service for my 
financials is about to 
expire.” Scale Item 1 to 5 

RS_CJD_ 
Disposal 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

If the recommendation 
provided by your bank 
would fulfil the criterions 
you indicated above, on a 
scale from 0 to 10, how 
likely are you to recommend 
your bank to a friend or 
colleague? 

NPS Scale Item 0 to 10 RS_CJD_NPS_ 
Group 
  
  
  
  
  

Click on the applicable 

0 = not likely at all to 
10 = very likely 
Click on the applicable 
0 = not likely at all to 
10 = very likely 

“If my bank provides me 
with relevant and 
personalised 
recommendations… 

"…I think that my bank 
is innovative." Scale 
Item 1 to 5 

RS_Innovation 
  
  

Click on the applicable 

1 = strongly disagree to 
5 = strongly agree 

"…I feel that I can trust 
my bank." Scale Item 1 
to 5 

RS_Trust 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

"…I think that my bank 
has a better image than 
other banks." Scale Item 
1 to 5 

RS_Image 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

"…I would remain a 
customer at my bank." 
Scale Item 1 to 5 

RS_Loyalty 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

"…my bank fulfils the 
promises it makes and 
the image it conveys." 
Scale Item 1 to 5 

RS_Promises 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 
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"…I feel emotionally 
attached to my bank." 
Scale Item 1 to 5 

RS_Emotions 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

"…I feel that my bank 
supports me to select the 
right product or service" 
Scale Item 1 to 5 

RS_Support 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

"…I would like my bank 
to use my personal data 
to improve 
recommendations." Scale 
Item 1 to 5 

RS_Product 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

"…I feel well informed 
about the products and 
services my bank offers." 
Scale Item 1 to 5 

RS_Information 
  
  

Click on the applicable 
1 = strongly disagree to 
5 = strongly agree 

What is your age? 

Age D_Age_Recoded 
  
  

1 = 18 - 24 
2 = 25 - 34 
3 = older than 34 

What is your gender? 
Sex D_Gender 

  
1 = Males 

2 = Females 

What is your highest 
educational degree? 

Highest Educational 
Degree 

D_Education_ 
Recoded 

1 = Master's Degree 

  2 = Bachelor's Degree 

What is your employment 
status? 

Employment Status D_Employment 
Status_Recoded 
  

1 = Student 

2 = Employed 

What is your nationality 
Nationality D_Nationality_ 

Recoded 
  

1 = German 

2 = Other 

 

 

 

 

 

 

 

 

 

 

 

 

 



 




