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Abstract 
Chatbots are often used in service industries to provide a quick and 24/7 service option to the 

customer. In the banking sector, chatbots are often used for similar causes. However, due to 

risk concerns, these chatbots may not offer the intended customer experience. This study 

provides insight into the effect of information transparency on the customer experience during 

an interaction with the banking chatbot. For this purpose, a scenario-based experiment was 

conducted. Dutch citizens above 18 years old were randomly assigned to one of two chatbots. 

One displayed high information transparency, while the other chatbots demonstrated low 

information transparency. The participants evaluated their interaction through a survey. The 

PROCESS tool by Hayes was used to analyze a serial mediation effect. While the sample size 

of the study was rather low, this problem has been minimized by using bootstrapping methods. 

The results support the serial mediation model. Information transparency does not directly 

affect the customer experience, but this relationship is positively mediated by trust and 

willingness to share. Also, the results highlighted the strong effect of trust in the model. Trust 

showed to be a rather complex construct, with chatbot bias and education level having a 

significant negative influence on the trust level a respondent exhibited. The results were based 

on an experiment in which respondents knew the scenario was fake, making the results less 

robust. Nevertheless, the results of this study provide a broader knowledge and understanding 

of the indicators of customer experience for banking chatbots. The findings of this research give 

many directions for more detailed future research on (banking) chatbots. Furthermore, this 

study recommends developers use design attributes like information transparency, to enhance 

the users’ trust and willingness to share, ultimately resulting in a better customer experience 

during the chatbot interaction.  

 

Keywords: Chatbot, Banking, Information Transparency, Customer Experience, Trust, 

Willingness to Share  
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5 Introduction 

Introduction 
In an increasingly digital world, many technologies are altering how society interacts with each 

other and the world. Self-service technologies are rising, and chatbots allow customers to 

interact without human assistance (Davenport et al., 2020). These chatbots have great practical 

use in various industries such as education, business, and e-commerce (Abu Shawar, 2007). 

Additionally, the worldwide COVID-19 pandemic has boosted the transition to digital 

technologies, increasing the interest in chatbots (McKinsey, 2020). Chatbot technology is an 

(often AI-powered) system that communicates with users while performing basic tasks through 

chat or speech interfaces (Nguyen & Sidorova, 2017). While already commonly used, chatbot 

potential is tremendous. For example, Mordor Intelligence (2019) forecasted a chatbot market 

size of 102.29 billion USD by 2025, while a study by Juniper Research (2020) expects 90% of 

the chatbot inquiries to be solved without human interference by 2022. Juniper Research’s study 

notes that chatbots across the retail, banking, and healthcare sectors will realize an annual cost 

reduction of over 11$BN by 2023 (Juniper Research, 2019). Jain et al. (2018) concluded that 

most chatbot users were first-time chatbot users. An astonishing 84% of internet users did not 

use any chatbot. All highlight the benefit of chatbot implementation and specifically the 

potential for the chatbot market, which is expected to be developed vastly in future years 

(Carter, 2018).  

Chatbot technology has a big impact on the financial sector (Richad et al., 2019). Juniper 

Research (2020) forecasts a success rate of 90% for chatbot interaction in the banking sector, 

proving the value of chatbot implementation in customer service for banks. Consequently, 

applications of banking chatbots are already seen in practice. The Bank of America launched a 

chatbot by the name of Erica. This AI-driven conversational agent was established in 2018. By 

2019, Erica had reported a staggering 10 million users (Bank of America, 2019). Customers 

show to be keen on adopting chatbot technology because of curiosity, convenience, and 

technological advancement (Gupa & Sharma, 2019). Gupa and Sharma (2019) urge banks to 

start testing chatbots as an interaction tool for their customers. While many banks have already 

followed this advice and launched a chatbot, research lacks knowledge and understanding of 

the customers’ experience when interacting with a banking chatbot. Given chatbots are a new 

technology platform offered by banks, it is vital to understand the impact this technology has 

on the customer experience (Trivedi, 2019). Gupta and Sharma (2019) agree and argue the need 

to assess how chatbots affect customers. Not only extending literature, but also practical use, 



6 Introduction 

as a chatbot that lacks the ability to satisfy the user will struggle in reaching its intended 

potential.  

The customer experience is influenced by the customers’ risk perception of using 

chatbots (Trivedi, 2019), making it essential to understand what elements contribute to this 

perception. Future research is required on the determinants of customers’ experience with 

chatbot use (Eren, 2021). One of the determinants of customer experience is the retention rate 

(Przegalinska et al., 2019). The customers' continuance intention towards the banks’ chatbot 

services gives an insight into how well the chatbot performs and how well it is perceived by the 

customer (Nguyen et al., 2021). The study by Nguyen et al. (2021) found satisfaction, trust, and 

perceived usefulness to significantly influence the continuous use of a banking chatbot, of 

which trust had the most substantial effect.  

Trust has been found to reduce customers' perceived risk and uncertainty when 

interacting with a chatbot (Seo & Lee, 2021). Hence, trust is considered a crucial element in 

determining whether a customer does or does not want to share personal information (Chung et 

al., 2017). Przegalinska et al. (2019) provide dimensions to gain an insight into trust in chatbots. 

One of these dimensions is transparency. This concept is often studied in the medical sector, 

where patients are frequently obliged to share a wide variety of personal information (Lee et 

al., 2020). Medical studies found that participants intentionally removed information when 

participants were not informed on why the information was needed and what it was used for 

(Lee et al., 2020). Participants added more detail in their answers after the second time asking, 

suggesting proper guidance may benefit the willingness to share personal information. Lee et 

al. (2020) also highlight perceived trust of the participants might have contributed to the 

willingness to share personal information, stressing the importance of transparency for 

operating users’ personal information.  

The chatbot market has tremendous possibilities; banking chatbots are no exception 

(Richad et al., 2019). For this potential to show, banks must identify the obstacles which stop 

the customer from interacting with these agents. As seen above, literature shows an 

understanding of concepts but lacks depth. The adoption and acceptance of banking chatbots 

are widely studied (Gupta & Sharma, 2019; Richad et al., 2019). However, the understanding 

and knowledge of the customer experience during the chatbot interaction seem to lag (Eren, 

2021). Stressing the importance of the determinants of customers’ experience in chatbot 

interactions.  

This customer experience is a constant balance between the logic and design of the 

chatbot (Blazevic & Sidaoui, 2022). The importance of design attributes within a chatbot is not 
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unknown, but research is often conducted on medical or general chatbot design (Jain, 2020; Lee 

et al., 2020). The effect of design attributes, like transparency, on banking chatbots is therefore 

crucial for banks who wish to implement chatbots that reach the desired potential. Accordingly, 

the literature recommends future research on these attributes. The research that has been 

conducted is mainly based in Asian countries (Lee et al., 2020; Jain, 2020). Therefore, data 

collected in a European country will extend the current literature. Although these studies 

provide an essential contribution to the current academic literature for (banking) chatbots, there 

is still limited knowledge on the effect of chatbot design attributes on the customer experience. 

This proves to be a lack in the current literature. A study by Alt & Săplăcan (2021) demonstrates 

this gap, urging future research to focus on unique service features that can significantly impact 

how well the banking chatbot is perceived. By filling this gap, this thesis does not solely 

contribute to the academic literature but also presents insight for managers on how to improve 

the interaction between chatbots and customers—ultimately resulting in more efficient and 

cost-effective customer service. 

 

1.1 Research objective   

This thesis will aim to extend the existing literature on chatbot usage and the design of chatbots 

by (1) examining if the information transparency a chatbot portrays positively influences the 

customer experience and (2) analyzing to what extent the trust and willingness to share mediate 

this relationship. The main research question will therefore be:   

What influence does a high level of informational transparency in a banking chatbot have on 

the trust, willingness to share, and customer experience compared to a low level of 

informational transparency in a banking chatbot? 

 

1.2 Relevance 

The influence of technology on customer experience is a crucial area to explore (Ostrom et al., 

2021). Banking chatbots are no exception (Richad et al., 2019). While research on the adoption 

of banking chatbots is available (i.e., Gupa & Sharma, 2019), the knowledge of its impact on 

the customer experience is limited (Trivedi, 2019). To improve this understanding, studies on 

the determinants of customer experience in banking chatbot use are advised (Eren, 2021). 

Design features in chatbots can be identified as one of those determinants and are already 

studied (Jain, 2020; Lee et al., 2020). However, the literature lacks research on unique design 

features in banking chatbots (Alt & Săplăcan. 2021; Richad et al., 2019). Moreover, there is 
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little empirical research on the impact of design features on the customer experience in financial 

chatbot interactions. This study contributes to the current chatbot literature by conducting 

empirical research into the impact of a unique design feature on the customer experience and 

its determinants.  

This contribution not only generates a better understanding of the academic field but 

also has practical implications. The generated understanding can help developers create a 

balanced banking chatbot. This balance will increase the effectiveness and efficiency of the 

chatbot and serve the customer better (Blazevic & Sidaoui, 2022). Consequently, by examining 

the impact of a unique design feature on the customer experience and its determinants, this 

study highlights the importance of a balanced chatbot. Practitioners gain insight into the effect 

of the design feature and how it may enhance customer experience. As the design feature can 

increase how well the service logic is perceived, this can prove particularly useful in the 

implementation of complex chatbots which are able to perform many different tasks for the 

customer. Assisting practitioners with a more cost-effective and efficient way of designing and 

implementing a chatbot. 

 

1.3 Outline of the thesis 

The thesis will aim to answer this question by surveying customers of Dutch banks. The 

research will examine a design feature, informational transparency, that may influence the 

customer experience when using banking chatbots. Ultimately filling the gap in the existing 

literature, which lacks detailed insights on specific design features influencing the customer 

experience. Also, most previous research is focused on Asian banks (Gupta & Sharma, 2019; 

Quah & Chua, 2019; Richad et al., 2019; Sarbabidya & Saha, 2020; Trivedi, 2019). Therefore, 

a European country sample will extend the current literature. 

The remainder of this thesis will look as follows. First, the existing literature will be 

analyzed and discussed, after which the hypothesis derived from the literature will be justified. 

Secondly, the methodology used in the thesis will be explained. Thirdly, the results from the 

survey will be reviewed and discussed. Finally, this thesis’s theoretical and managerial 

implications will be listed, and possible future research will be suggested. 
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Literature review 

The second chapter of this thesis will contain a theoretical framework for chatbots and the 

customer experience, more specifically, considering the TRISEC framework for optimizing 

conversational agent design.  

 

2.1 Defining customer experience  

In modern-day marketing, customer experience (CX) has become a crucial dimension (Trivedi, 

2019). CX is often defined as a dynamic, holistic, direct, or indirect interaction between a 

customer and a firm, involving elements of thoughts, feelings, activities, relations, and 

sensations (Lemon & Verhoef, 2016; Schmitt, 1999). Organizations prefer to create an 

experience for their customers over the traditional ‘features-and-benefit’ marketing (Schmitt, 

1999). This experience, if executed correctly, can leave a long-lasting impression on the 

consumers’ minds (Trivedi, 2019), and help organizations gain a competitive edge (Clarke & 

Kinghorn, 2018). The determinants influencing CX are therefore essential to understand 

thoroughly. The experience evaluation is conducted by comparing the customer’s expectations 

and the stimuli that follow from the interaction with the firm. These come together in moments 

of contact, better known as touchpoints (LaSalle & Britton, 2003; Shaw & Ivens, 2005).  

The intangible nature of the CX makes it challenging to observe and assess accurately. 

A study by De Keyser et al. (2020) defines three overarching building blocks to capture the 

essence of CX in simple terms: touchpoints, context, and qualities (TCQ). The TCQ 

nomenclature helps reduce misunderstanding of CX and provides a basis for identifying factors 

that influence the CX. Touchpoints, as mentioned before, are the moments of interaction 

between customer and firm. These are critical as without touchpoints; there is no experience 

(Hoffman & Novak, 2018). For chatbots, these touchpoints occur the moment a customer starts 

a conversation with the agent. As mentioned in the TCQ nomenclature, the context is defined 

as the conditional state that determines how the customer experiences the touchpoints 

(Bettencourt et al., 2014; Chandler & Vargo, 2011). Because each person has different contexts 

that influence the perception of touchpoints, CX is very subjective and unique for every 

customer (Sandström et al., 2008). Lastly, the quality building block refers to the attributes that 

reflect the nature of customer responses and reactions to the touchpoints (De Keyser et al., 

2015; Keiningham et al., 2020). The qualities, in essence, refer to the value-specific touchpoints 

provided to the customer. With the TCQ nomenclature, a general understanding of CX is 

achieved.  
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Managers must identify the touchpoints affecting CX and asses what contextual data 

should be collected to create a good relationship (De Keyser et al., 2020). Both the assessment 

of this data and identifying crucial touchpoints are essential in providing a proper CX. To obtain 

this data, tools like surveys and real-time experience tracking can be deployed (Macdonald et 

al., 2012). De Keyser et al. (2020) suggest linking data about CX qualities to data that allow 

evaluative judgments, i.e., measuring customer satisfaction and net promotor scores (NPS). 

Customer satisfaction can be identified as an outcome of CX, and thus useful to capture the CX 

as perceived by the user (Lemon & Verhoef, 2016). Moreover, the NPS serves as a useful 

measurement tool and outcome of CX (Reichheld, 2003). Measuring the CX in the outcomes 

of the CX helps in gaining a better understanding of the experience a customer has (De Keyser 

et al., 2020). 

 

2.2 The importance of trust 

Conversational agents (CA) are increasingly used in different touchpoints of the customer 

journey. Understanding how these CA influence achieving the firm objectives is therefore 

critical as they impact the CX (Larivière et al., 2017, Lemon & Verhoef, 2016). In chatbot 

design, firms often fail to adequately design the agent, damaging customer loyalty and 

satisfaction, both outcomes of CX (Crolic et al., 2022). The TRISEC framework, as proposed 

by Blazevic and Sidaoui (2022), is considered to understand how the CX is affected and related 

to chatbot design. The framework assists in striking a balance between service logic, technology 

design, and the customer experience in creating conversational agents by proposing the service, 

technology, and customer triad (Blazevic & Sidaoui, 2022). The triad explains the interaction 

between the service a CA must convey, the customer of the CA, and the technology used for 

the CA.  

 Firms often create suboptimal or redundant agents without properly balancing service 

logic, technology design, and CX (Blazevic & Sidaoui, 2022). Implementing design features 

that stimulate this balance is essential in making an effective agent. The triad explains that 

design features (technology) influence the service a chatbot can conduct and how the customer 

perceives this service. The interaction between the design features and the customer can be 

comprehended as the CX (Blazevic & Sidaoui, 2022). The moment the design feature and 

customer interact refers to the previously mentioned touchpoints in the TCQ theory (Lemon & 

Verhoef, 2016).  
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Literature shows satisfaction, trust, and perceived usefulness to significantly influence 

the continuous use of a banking chatbot (Nguyen et al., 2021). Of these three concepts, the trust 

proves to have the most substantial effect. Due to uncertainty and risk, especially in the banking 

sector, trust can be seen as one of the crucial elements influencing customers’ use of chatbots 

(Nguyen et al., 2021; Seo & Lee, 2021). Trust is a belief that other people or entities behave 

and perform within an anticipated range (Luhmann, 2000). Bickmore and Cassell (2001) state 

that trust is crucial in implementing chatbots in sectors like banking, healthcare, and other fields 

requiring personal data. Gefen et al. (2003) argue that lack of trust is a substantial obstacle in 

using CA. When dealing with CA, trust has been shown to reduce customer uncertainty and 

risk concerns (McKnight & Chervany, 2002). Trust is understood as the level of confidence a 

customer feels in the reliability and quality of the chatbot (Caceres & Paparoidamis, 2007). 

Especially in high-risk/susceptible data environments, users are exposed to high levels of risk 

(Nguyen, 2021). Banking chatbots can be considered part of these types of environments, 

supporting trust as a crucial concept in this study.  

 

2.3 Increasing customers’ trust 

As seen in the TRISEC model, firms must decide on what design feature is added to the CA. 

The design feature will influence how the customer understands and experiences the interaction 

with the CA (Kumar et al., 2010; Robinson et al., 2020). Transparency-by-design is a design 

feature of AI systems that helps with users' trust and privacy concerns (Felzmann et al., 2020). 

As mentioned previously, a study by Lee et al. (2020) also suggested the importance of 

transparency in chatbots that handle sensitive information. In a study on trusting chatbots, 

Przegalinska et al. (2019) found three dimensions of trust: predictability, control, and 

transparency. However, the authors overlook a resemblance between the dimensions or identify 

a dominant dimension. Predictability is defined as the degree to which to trustee acts as 

expected by the trustor (Nordheim, 2018), while control is described as the degree to which to 

motivations and intents of the trustee are in sync with the trustor. It can be argued that both 

these dimensions thrive if the transparency of the chatbot is high and, therefore, the trust. When 

the chatbot portrays a high level of transparency, the customer better understands what the 

chatbot does, wants, and needs (Przegalinska et al., 2019). The level of transparency a chatbot 

propagates may lead to a higher level of trust in the customer. Resulting in a better customer 

experience as the ‘context’ of the customer is developed.  
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 Despite the relevance, current literature lacks knowledge on the influence of 

transparency in banking chatbots. The importance of the concept in chatbot design is 

acknowledged by multiple authors (Lee et al., 2020; Przegalinska et al., 2019). However, these 

studies generate little understanding of the concept of transparency and the effect on trust or 

CX. While the chatbot literature lacks research, the importance of transparency for trust is not 

limited to just this discipline. Several studies indicated the importance of increased transparency 

through sharing information in IT systems (Alavi & Leidner, 2001; Day & Wensley, 1988; Min 

et al., 2002). In these studies on the e-government, transparency can be described as the 

openness and access to information, the free flow of information, and the right to own some 

information (Lazarus & McManus, 2006). The transparency of information is shown to increase 

society's trust in government systems and democratic participation (Bertot et al., 2010; Cullier 

& Piotrowski, 2009; Mulgan, 2007; Reylea, 2009). In a study on online data collection, 

Anderson et al. (2005) found that providing transparency on what information has been used 

has a positive effect on the user's trust. Moreover, the study finds that trust can be reinforced 

when the user is given the possibility to be in control of the information. It is therefore vital that 

not only the information shared by the user is transparent, but also the authority that the user 

has over the information. Which insinuates complete information transparency. In much of the 

literature on this concept, transparency with a positive impact mainly refers to the informational 

perspective (Tielenburg, 2018). This perspective is typically seen as a means to overcome 

information asymmetries (Carlsson 2014; Forssbaeck & Oxelheim 2014). In a service context, 

this would translate to the user gaining knowledge of what happens with the given information. 

Although a lack of research on transparency in banking chatbots is recognized 

(Prezegalinska et al., 2019), the banking sector shows great interest in the topic (Bonsón-Ponte, 

2006). Especially with the online transition of banking in recent years, transparency has been 

an essential factor in maintaining trust, privacy, and efficiency concerns (Bonsón-Ponte, 2006). 

Lai et al. (2018) highlight the importance of security in banking chatbots as chatbot features 

may infringe on customer security and personal privacy. To maintain trust and a sense of 

security, banks must pay attention to a high level of transparency (Lai et al., 2018).  

 

2.4 Willingness to share personal information  

To provide the intended service to a customer, a chatbot needs to collect consumer data through 

interactions (Chuah & Yu, 2021; Kotouza et al., 2020). Collecting this real-time data proves to 

be crucial in improving performance, maintaining customer loyalty, and meeting the customers’ 
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needs (Kotouza et al., 2020; Zaheer & Trkman, 2017). These are identified as the outcomes of 

CX (Lemon & Verhoef, 2016). The user’s openness influences the efficiency or amount of 

collected data, and inclination to share relevant personal information, also known as the 

customers’ willingness to share (WTS) (Song & Kim, 2020; Zaheer & Trkman, 2017). Kotouza 

et al. (2020) state that customers’ WTS is often influenced by customers’ concerns about 

privacy risks, financial security, and IP addresses. All of these are crucial data in banking 

chatbots' performance, given the chatbot's financial nature. As chatbots evolve and require more 

information, customers are expected to be more discouraged from sharing personal or financial 

information with these chatbots (Chuah & Yu, 2021; Kotouza et al., 2020), affecting the 

performance and thus CX. Sharing personal data can endanger the customer's privacy or even 

result in financial risks and identity theft (Song & Kim, 2021). Previous research has shown 

that despite these risks, customers are willing to share information when they perceive benefits 

in the information exchange and trust in the company (Schroeder & Schroeder, 2018; Zaheer 

& Trkman, 2017). Although this relationship is researched in the fashion sector, the results may 

also apply to the banking sector. The information exchange can be enhanced by the degree of 

information transparency. If the information transparency for a chatbot is high, the customer 

receives more information and knowledge about the interaction.  

 

2.5 Hypotheses 
Information Transparency  Trust 

Transparency as an indicator of trust in technology is often seen in an e-government 

context (Bertot et al., 2010; Fischer-Hübner et al., 2016). Research in this context has shown 

that increased information accessibility and greater transparency of communication systems 

increase trust (Cho & Choi, 2004; Shim & Eom, 2008). This relation is not only applicable to 

governments. A study by Rawlins (2008) on the effects of the transparency of an organization 

on the employees’ trust found strong evidence of the positive relation of transparency on trust. 

Likewise, a study by Anderson et al. (2005) on transparency in online data collection shows 

transparency to be an essential factor in establishing trust and confidence in the consumer. 

Information transparency should convey transparency on the information obtained and the 

control a user has over the information (Anderson et al., 2005). 

Research has found transparency to positively influence trust in chatbots (Przegalinska 

et al., 2019). In this study, transparency and control are proven to affect the trust consumers 

experience significantly. In banking, this trust is vital as the information is typically financial 
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and personal, often causing risk concerns (Lai et al., 2018; Nguyen, 2021). Although research 

shows a relation between information transparency and trust, the banking literature lacks 

evidence of this effect. Considering this gap, the following hypothesis is proposed:  

 

H1a: A banking chatbot’s higher level of information transparency makes for a higher level of 

trust. 

 

Trust  Willingness to share 

For (banking) chatbots to work, information from the customer is needed (Ramesh et 

al., 2017). If the customer refuses to share information with the chatbot, it cannot operate and 

thus fails to perform its task. Consequently, a lack of trust influences the customer experience 

negatively. This behavior is seen in a study by Lee et al. (2020), where low levels of trust 

resulted in a lack of answers by respondents. According to Lee et al. (2020), these results imply 

the importance of transparency for operating users’ personal information. A technological 

design addition may help the chatbot maintain a high level of trust and make customers willing 

to share the information needed for the chatbot to operate.  

Schroeder and Schroeder (2018) highlight the importance of trust as a predictor of how 

humans behave towards machines. In terms of security implications, users may find harm in 

mistakenly trusting a machine. The study finds that higher levels of trust lead a user to be more 

willing to share personal information. This is supported by previous research, which concludes 

that higher trust in a robot tends to increase their willingness to provide private and financial 

information (Song & Kim, 2020; Madsen & Gregor, 2000; van Pinxteren et al., 2019). For 

chatbots specifically, Schroeder and Schroeder (2018) found the users’ perceived trust to be a 

predictor of the willingness to share personal information. As the banking sector is 

characterized by private and financial information, it is expected that higher trust in a banking 

chatbot results in the customer being more willing to share needed information. Therefore, the 

following hypothesis is proposed: 

 

H1b. Increased trust in the banking chatbot leads to a rise in measured willingness to share. 

 

Willingness to share  Customer experience  

To maintain customer needs and loyalty, data collection is essential (Kotouza et al., 

2020; Zaheer & Trkman, 2017). To collect relevant data, the customer must be willing to share 

information. The data obtained can be used for a better and more personalized service, 
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enhancing users’ experience (Evens & Van Damme, 2016). Moreover, satisfied customers often 

display a positive word-to-mouth about the service and show a high willingness to share 

information with chatbots (Beer et al., 2011; Gursoy et al., 2019; Song, 2017). Therefore, an 

increased willingness to share may indicate a higher customer satisfaction and generate positive 

word-to-mouth (WOM). Customer satisfaction is an outcome of consumer experience (Lemon 

& Verhoef, 2016). At the same time, a positive WOM may indicate a higher net promoter score 

(NPS), which serves as a way to measure CX (Reichheld, 2003). Therefore, willingness to share 

is expected to influence the measured CX positively. Thus: 

 

H1c: Increased willingness to share leads to an increase in measured customer experience. 

 

Comparing the (in)direct effect of information transparency on customer experience 

 Prior research has shown the effect of trust on customer experience in a chatbot setting 

(Przegalinska et al., 2019). Trust was, however, constructed from three dimensions: 

transparency, predictability, and control. Which, as previously discussed, can be seen as 

information transparency. The level of information transparency influences to level of trust 

perceived by a customer (Anderson et al., 2005; Rawlins, 2008). This trust results in a higher 

willingness to share information with the chatbot (Madsen & Gregor, 2000; van Pinxteren et 

al., 2019; Song & Kim, 2020). A higher willingness to share leads to more information for the 

chatbot to generate into a personalized service. This will increase customer satisfaction and 

positive WOM, resulting in a higher customer experience (Lemon & Verhoef, 2016; Reichheld, 

2003). Thus, the relationship between informational transparency and customer experience is 

expected to be indirect. Therefore, it is expected that a high level of information transparency 

in banking chatbots generates higher trust, which positively influences the willingness to share 

information and leads to a better customer experience compared to a low level of information 

transparency. The mediation effect of trust and willingness to share on the relationship between 

informational transparency and customer experience (Figure 1) is expected to have a more 

substantial positive impact on customer experience than the alternative (in)direct effects. 

 

H2a: The mediation effect of trust and willingness to share on the relationship between 

informational transparency and customer experience has a more significant impact on 

customer experience than the mediation effect of trust on the relationship between 

informational transparency and customer experience.  
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H2b: The mediation effect of trust and willingness to share on the relationship between 

informational transparency and customer experience has a more significant impact on 

customer experience than the mediation effect of willingness to share on the relationship 

between informational transparency and customer experience. 

H2c: The mediation effect of trust and willingness to share on the relationship between 

informational transparency and customer experience has a more significant impact than the 

direct effect of informational transparency on customer experience. 

 

2.5.2 Covariates 

Many other factors may influence the relationships that were researched in this study. Four 

factors were included as covariates to reduce the power of alternative explanations of the effect 

of information transparency on customer experience. The added covariates are age, gender, 

education level, and chatbot bias. Age is often used in chatbots and other technology studies 

(Nguyen et al., 2021; Nguyen et al., 2022; Rietz et al., 2019). The effect of age is expected to 

lower general trust and willingness to share information with a system, as a higher age is shown 

to hurt trust in technological systems (Ellis & Allaire, 1999).  

An important construct that is often neglected in studies on technology use and 

acceptance is gender (Gefen & Straub, 1997). Generally, men tend to have more confidence in 

their technological capabilities than women (Vekiri & Chronaki, 2008). Conversely, prior 

research has found mixed results in the relationship between gender and perception of 

technology. For example, Jennings and Onwuegbuzie (2001) found no relationship between 

gender and technology. Consequently, to control for this, gender will be added as a covariate 

in this study.  

Also, the education level of respondents will be controlled. In technology research, it is 

expected that a higher education level positively influences the perception of technology in 

consumers. However, previous research contradicted this (Abu-Shanab, 2011). Higher levels 

of education often result in a better understanding of the technology and thus being more aware 

of the risks. The education level's effect seems to differ for the type of technology or functions 

within the technology (Abu-Shanab, 2011). To control for this variance, the level of education 

is included in the study as a covariate.  

Lastly, chatbot bias will be integrated as a covariate. Chatbot bias is the respondent's 

preference for whom to interact with. This ranges from a high preference to talk to a human to 

no preference for a human or chatbot (Parasuraman & Colby, 2015). Respondents with a higher 

preference for interaction are expected to be insecure about the technology/chatbot and 
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therefore have less trust in the technology (Parasuraman & Colby, 2015). Resulting in a low 

willingness to share and CX.  

2.5.3 Conceptual model 

The conceptual model below illustrates the proposed hypotheses, and relations regarding the 

(in)direct effect of information transparency on customer experience are shown in the 

conceptual model below (Figure 1). 

 
Figure 1: The proposed conceptual model of information transparency on customer experience.  
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Methodology 
The following chapter will discuss the data collection method and analysis. Specifically, the 

research design, data sample, software tools, analysis procedure, measurement scales, and 

research ethics will be examined. 

 

3.1 Research strategy  

A quantitative correlational study was conducted to investigate the hypothesized relationships, 

which were exploratory in nature. The survey search method was used to test the proposed 

conceptual model. The data used in this study was obtained by surveying customers of Dutch 

banks. Data was collected in April and May 2022. During the COVID-19 pandemic online 

services thrived. Resulting in a relatively new customer pool which were often first-time users. 

These insights can potentially prove valuable for banks and provide directions for both design 

of chatbots and future research. 

 

3.1.1 Scenario  

The participants were confronted with a fictive scenario in which they lost their debit card 

during a shopping trip. In the scenario, the participants did not have access to the mobile app. 

To replace the debit card, their bank asked the respondents to use a chatbot that verifies their 

identification. The participants needed to share (fictive) personal and financial information. 

Two simplified chatbots were created for the experiment. One exhibited a low level of 

information transparency, while the other demonstrated a high level of information 

transparency (Figure 2). This experiment was based on prior research and adapted to fit the 

current study (Przegalinska et al., 2019). 
Figure 2: Low information transparency (left) vs. high information transparency (right). 
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The constructed chatbots were called BankBot. BankBot 1 represented the chatbot with a lower 

level of informational transparency and directly asked questions. BankBot 2, on the other hand, 

shared insights with the participants based on the principles of technology-by-design as 

explained by Felzmann et al. (2020), how certain data is processed (principle 4), why certain 

information is needed (principle 5), explains the risks of specific data (i.e., never share pin-

codes) (principle 6), and how long data is saved (principle 9)—making for a higher level of 

informational transparency chatbot.  

 

3.1.2 Sample 

The respondents of this research were Dutch citizens over 18 years old. According to a World 

Bank report, practically all Dutch citizens over the age of 18 own a bank account (Demirguc-

Kunt et al., 2017) and therefore have a basic understanding of how online banking works and 

the privacy risks which are present. The non-probability sampling techniques, specifically 

convenience sampling, were used to reach the respondents. This technique considers the overall 

population at hand. A limitation of this technique is the lack of representativity. Consequently, 

external validity was not assured (Field, 2017). Nevertheless, convenience sampling was a 

practical, cost-effective, and easy way of collecting data, and therefore used in this research.  

 To conduct analyses using OLS linear regression, the desired sample size was 15-20 

respondents per variable (Field, 2017). A ratio lower than 5:1 may overfit the variate to the 

sample. This, in turn, would have decremented the generalizability of the results (Field, 2017). 

The conceptual model in this thesis consisted of 8 variables, making the desired number of 

respondents vary between 120-160, with a bare minimum of 40 respondents. 

For this internal validity to remain high, groups were preferred to have few differences 

between them. Internal validity refers to the extent to which changes in X cause changes in Y 

(Seltman, 2008). Randomly assigning scenarios to participants helped in ensuring internal 

validity (Seltman, 2008). Also, this study used ‘blinding’. In blinding respondents do not know 

which scenario or experiment they are shown, warranting internal validity (Seltman, 2008).  

 

3.1.3 Software tools 

ADANCO was used to conduct structural equation modeling (SEM) and perform confirmatory 

factor analysis using bootstrap-based data. As the study is based on theory, ADANCO was used 

to confirm the constructs and items (measurement model) in a CFA. The data analysis was 

conducted using SPSS Statistics. The PROCESS macro by Hayes (2012) in IBM SPSS was 
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used to test (serial) mediation in the model, as PROCESS offers various complicated regression 

pathways (e.g., running two mediators simultaneously) (Hayes, 2017). Another benefit of 

PROCESS was the option of adding any number of predictor variables in a linear equation 

model (Hayes, 2012). The downside to using PROCESS was being limited to solely estimating 

observed variables. Bootstrapping is commonly used in the PROCESS macro to calculate 

confidence intervals. The benefit of bootstrapping was that normal distribution in the dataset 

was not required, which is a common problem in smaller sample sizes (Field, 2017). 5000 

bootstrapping samples were taken to enhance the stability of the results, as suggested by Hair 

er al. (2014).  

SurveySparrow was used to construct a simplified chatbot of a bank. Afterward, the 

chatbot surveyed respondents to fill in and explain their experiences. Qualtrics was used to 

spread the users across the two chatbot versions evenly. Table 1 shows the software used and 

the purpose of these programs.  

 
Table 1. Software tools. 

Software Use Source 

Qualtrics Survey tool provided by 

Radboud University 

Qualtrics Online Survey 

Tool (n.d.) 

SurveySparrow Program for constructing 

and displaying chatbot 

conversations 

SurveySparrow (n.d.) 

ADANCO v2.2.1 PLS-SEM software ADANCO (n.d.) 

PROCESS v3.4.1 Software to estimate 

mediation models through 

bootstrapping 

Hayes (2012) 

SPSS IBM v.26 Statistical analytics software  IBM SPSS Statistics 26 

(n.d.) 
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3.2 Construct measurement   

In models with an independent categorical variable and both the mediating and independent 

variables being continuous, the appropriate method is a regression analysis (Iacobucci, 2012). 

In this research, the purpose was to expose a serial indirect effect, in which a serial mediation 

was most appropriate (Demming et al., 2017). 

 

3.2.1 Serial mediation 

In serial mediation, the model assumes a causal chain linking the mediators (Montoya & Hayes, 

2017). Using this model, the complexity of X’s effect on Y is documented more extensively 

than in a single mediation model (Montoya & Hayes, 2017). It was expected that the proposed 

mediators are causally linked. Validating the use of a serial mediation model.  

To account for any shared associations between the variables in the model caused by 

other sources, the control variables have been added to the mediation model as covariates 

(Hayers, 2012). 

 

3.2.2 Operationalization 

The measurement items used in the study were obtained from the literature review and 

previously validated research. The constructs are explained in Table 2. The existing scales were 

modified to fit the study’s context. All items were measured on a 7-point Likert scale, ranging 

from strongly disagree (1) to strongly agree (7). The questionnaire items that were used to 

measure each of the constructs and control variables are presented in Tables 3 and 5. Finally, 

the operationalization of the main constructs and control variables are exhibited in Table 4. 

 

3.3 Data collection 

The survey was published on the 20th of May 2022. It was distributed among Dutch citizens 

willing to participate in the research. The survey was sent via an anonymous open link. The 

survey did not ask for any personal information, which ensured the confidentiality and 

anonymity of the respondents. The survey was available on all devices (i.e., computers, 

smartphones, tablets). After the representativity was ensured, the survey was closed on the 27th 

of May 2022.  

 In total, 115 respondents were surveyed. Of which 25 submissions were incomplete. To 

reduce bias, these respondents were deleted (Hair, 2019). The descriptive statistics of the data 

set are shown in Table 5. 
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3.4 Research ethics  

To ensure objectivity, efforts were made to avoid bias during the data collection, analysis, and 

interpretation (American Psychological Association, 2003). The data was processed and 

interpreted honestly and without falsifying or misrepresenting data. In this process, several 

principles were considered. The principles of honesty, scrupulousness, transparency, 

independence, and responsibility will be honored (KNAW et al., 2018).  

 Honesty in reporting the research process accurately and not dismissing opinions or 

counterarguments, refraining from unfounded claims, fabricating, or falsifying data to make 

results more favorable than they were. Honesty was sustained by precise reporting, 

documenting choices made and data for maximum clarity.  

 Scrupulousness in using methods that were scientific and scholarly. Designing the thesis 

with care, conducting proper reporting, and using the official American Psychology Association 

(APA) reference style to refer to sources used.  

 Transparent in ensuring that the way of data collection was apparent to others. But also, 

what and how results were achieved were straightforward to replicate. It must be clear what the 

research process was and how it was conducted. A clear line of reasoning and a verifiable 

research process must be present. Transparency was maintained by, for example, carefully 

explaining all choices made and accounting for what variables were used.  

 Independence in research was sustained. Rejecting interferences of choices in method, 

data, or assessment by non-scientific or non-scholarly considerations. Independence was 

maintained by not involving third partners in the research process.  

 Responsibility has been considered in proving scientific and social relevance. The 

relevance of the research was high as conversational agents are (expected to be) of tremendous 

value. Especially in a high-risk sector like banking, the effects of specific design elements to 

better serve the customer are crucial. Moreover, an extensive literature review has made for a 

solid theoretical fundament on which the research is based.  

  



23 Results 

Results 
In the following chapter, the results of the analysis will be given. Besides the data preparation, 

two models will be displayed to enhance the quality of the research. The first model will be 

without control variables. The second model will try to isolate the hypothesized relationships 

more accurately by adding covariates (Becker et al., 2016).  

 

4.1 Data preparation 

To use the data and perform the analysis, data preparation is advised. Accordingly, the validity, 

missing values, and reliability were evaluated (Field, 2017). The data from both scenarios (high 

and low information transparency) were collected and combined into one SPSS data matrix. In 

total, the survey was filled in 115 times. However, due to non-response, 25 of the 115 

respondents were excluded from the data set. These 25 respondents did not want to continue 

after the chatbot interaction. Also, item CS_2 was reverse coded because the item was 

formulated in the opposite direction.  

A missing values analysis was conducted to check the data. The analysis displays if the 

missing values are completely at random (MCAR) or missing values are random (MAR). MAR 

could indicate that a particular item is responsible for the missing data in the matrix. This may 

harm the power of the data set since there might be a relation between the item and the 

respondent not answering the question (Field, 2017).  

The missing values analysis showed that the percentage of missing data for each item 

was well below the threshold of <5%, as Hair et al. (2019) gave. With ‘gender’ just passing 

with 4.4%. This may have been caused by the gender item containing solely male/female, 

instead of allowing ‘other’ to choose from. Little’s MCAR test showed the missing values in 

the data set are missing completely at random, χ2(19) = 15.696; p=.677. Since the test was 

insignificant, there were no other problems regarding the missing values.  

Furthermore, some items were modified to enable them to be analyzed. First, an extra 

variable was created, a dummy variable, to identify which chatbot the respondent had interacted 

with. This variable was coded ‘0’ for the low information transparent chatbot and ‘1’ for the 

high information transparent chatbot. The items CS_1, CS_2, and NPS together explain 

customer experience. Because these items have different scales (7-point scale vs. 11-point 

scale), the Z-scores were calculated to be able to later interpret them as one variable, customer 

experience (CX).  



24 Results 

4.2 Descriptive Statistics 

After all these adjustments, the sample consisted of 90 respondents. While this number was 

relatively low when compared to the desired amount, bootstrapping methods were used to 

sufficiently solve the problem (Hair, 2014). Bootstrapping is a resampling technique that can 

estimate statistics on a given dataset by sampling this dataset with a replacement. The presented 

dataset will then be treated as a population, from which multiple samples are drawn. This 

technique is often used in smaller datasets as it does not require assuming a parametric form for 

the population distribution. A bootstrap sample cannot generate any new data from the original 

information; it is solely used to interpret better the effects within the existing dataset (Field, 

2017). 

The experiment exposed respondents to two different chatbots. One chatbot displayed a 

low level of information transparency, while the other exposed the respondent to a high level 

of information transparency. To check if the operations used to manipulate the variable (IT) 

were successful and would tie into the concept aimed to measure, it is often worthwhile to check 

if the manipulation was successful (Festinger, 1953). The manipulation check was conducted 

by adding an item to the survey: “I think the chatbot is clear on how it uses and processes 

information given by me.”. This was measured by using a 7-point Likert scale. To show 

statistical significance, a two-sample T-test was conducted. The low information transparent 

(LIT) sample showed a group mean of 3.86 on the Likert scale, while the high information 

transparent (HIT) sample showed a group mean of 4.97 on the Likert scale. Levene’s test for 

equality of variances was insignificant (p=0.069), indicating the group variance was equal. The 

T-test proved significant (p=0.001), resulting in a statistical difference in means for the LIT and 

HIT groups. The manipulation was concluded to be successful.  

 

4.3 Confirmatory factor analysis 

For this study, confirmatory factor analysis (CFA) was used to test the validity and reliability 

of the measurement model. The CFA, along with the reliability analyses, helped minimize the 

mediation effects resulting from measurement errors (Field, 2017). Table 6 displays the 

threshold for the confirmatory factor analyses. The CFA was used to check the item factor 

loadings, resulting in improved internal consistency (Field, 2017). ADANCO was used to 

perform the CFA. As suggested by Henseler (2017), 4,999 bootstrap samples were evaluated 

for the following factors: (1) Trust, (2) Willingness to Share, and (3) Customer Experience. 
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Missing values were randomly replaced according to the normal distribution of the sample set 

to improve the model fit. All results of the CFA are shown in Table 6.  

ADANCO assessed the model fit by the Bollen-Stine bootstrap, which drew bootstrap 

samples from modified sample data (Bollen & Stine, 1992). ADANCO provided several ways 

of evaluating the model’s goodness of fit; the unweighted least squares discrepancy (dULS), 

the geodesic discrepancy (dG), and the standardized root mean squared residual (SRMR). The 

model fit was assessed by the bootstrap quantile of 99% (HI99). The SRMR and dULS 

measures indicated a positive theoretical model fit (Dijkstra & Henseler, 2015a). The dG 

measure exceeded the HI99 value, which indicated an insufficient fit. As the data collected was 

slim, this was not unexpected. The SRMR score not only assessed the model fit but also 

quantified how strongly the empirical correlation matrix differed from the model-implied 

correlation matrix—the lower SRMR, the better the theoretical model’s fit (Hu & Bentler, 

1998). Hu & Bentler (1999) proposed that values below 0.05 indicate a good fit, with a cut-off 

value of 0.08 for an acceptable fit. The results showed an SRMR score of 0.0733, which 

indicated a sufficient fit.  

The construct reliability was measured by three estimates: Dijkstra-Henseler’s rho (ρA), 

Jöreskog's rho (ρc), and Cronbach’s (α). All of these indicated sufficient construct reliability 

by surpassing the 0.7 thresholds of the measurement criterion (Dijkstra & Henseler, 2015a; 

Werts et al., 1978; Cronbach, 1951). As shown in Table 6, all measures indicated a score higher 

than 0.7. The average variance extracted (AVE) measured the constructs’ unidimensionality 

(Fornell & Larcker, 1981). Constructs exhibited sufficient unidimensionality when their AVE 

exceeded 0.5 (Hair et al., 2010). Results showed that all items displayed a score of 0.65 or 

higher. The Fornell-Larcker criterion states that the AVE measures need to be higher than the 

squared correlations with all other factors of the model (Fornell & Larcker, 1981). Results 

showed no correlation exceeded the AVE value, confirming the discriminant validity. The 

heterotrait-monotrait ratio of correlations (HTMT) was used as another measure evaluating 

discriminant validity. The smaller this value, the more likely the items are distinct. Henseler et 

al. (2015) suggested the HTMT value to be below 0.9 and better below 0.85. The correlation 

between construct ‘CX’ on ‘WTS’ and ‘Trust’ exhibited an HTMT value of 0.7821 and 0.7261 

respectively, making the discriminant validity sufficient.  

Furthermore, all items displayed a high correlation with the given factors. With most 

values ranging between .8 and .9 (Table 7). However, two items caused problems (Table 8). 

The recoded CS_2 item displayed a loading of 0.56 on factor CX. According to the threshold 

given by Hair et al. (2009), the minimum factor loading needed for significance in a sample 
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size of 85 is 0.60. Therefore, this item was eliminated. Also, WTS_1 displayed higher cross-

loadings on the other factors than accepted. Cross-loading can be accepted if the difference 

between the loadings is at least 0.20 or higher. WTS_1 presented a loading of .83 on factor 

WTS and a loading of 0.69 on factor CX. Since the difference was smaller than 0.20, this item 

was also eliminated from the dataset. The exclusion of mentioned items ought to have increased 

the goodness of the fit.  

 

Table 6. The threshold for the CFA. 

Measurement 

technique 

Threshold Result  

Theoretical model fit  SRMR < 0.08 SRMR value: 0.0733 

Goodness of 

saturated model fit  

SRMR < 99% bootstrap quantile 

(HI99 of SRMR) 

dULS < 99% bootstrap quantile 

(HI99 of dULS) 

dG < 99% bootstrap quantile (HI99 

of dG) 

SRMR: sufficient 

dULS: sufficient 

dG: insufficient: 

Internal consistency 

reliability 

Dijkstra-Henseler’s ρA > 0.7 

Jöreskog's rho ρc > 0.7 

Cronbach’s α > 0.7 

ρA: All items >0.79 

ρc: All items >0.89 

α: All items >0.78 

Convergent validity AVE > 0.5 All items > .65 

Discriminant 

validity 

HTMT < 1 

Fornell-Larcker criterion 

Loading exceeds cross-loading 

All items < .78 

No item correlation > AVE 

WTS_1 loading exceeded 

cross-loading 

 

 
4.4 Serial mediation by PROCESS 
Hayes PROCESS Model 6 with 5000 bootstrapped samples (Hayes, 2017) was used to test 

whether the relationship IT > CX was mediated by trust and WTS. Table 9 shows the output of 

the mediation analysis, including the covariates. Education showed to significantly predict trust, 

b = -.357, t(77) = .092, p < .000. A higher level of education seems to affect a respondent's trust 

negatively. Chatbot bias showed to predict both trust and willingness to share, respectively: b 
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= -.175, t(77) = .079, p < .030; b = -.22, t(76) = -2.56, p = .012. With the addition of covariates, 

the predicting power of the model was greatly improved, specifically the explained variance of 

trust. This may have been due to an omitted variable bias. Not all relevant variables can be 

included in the model; these omitted relevant variables will bias the result (Clarke, 2005). By 

adding the omitted variables (covariates) into the model, the originally insignificant variable no 

longer captures the partial effect of the omitted variable. It then reflects the true effect of that 

variable. The mediation model is shown in Figure 4. 

 

Trust (H1a) 

After performing the analysis with covariates trust showed a small effect size, R2 = .242, F(5, 

77) = 4.9, p = .001. Trust was also significantly predicted by informational transparency, b = 

.54, t(77) = 1.09, p = .040. The effect remained rather small, but a relationship has been found. 

Therefore, the data supported H1a. A banking chatbot’s higher level of information 

transparency results in a higher level of trust.  

 

Willingness to Share (H1b) 

Willingness to share exhibited a medium size, R2 = .423, F(6, 76) = 9.3, p < .001. Trust was 

shown to still significantly predict willingness to share, b = .61, t(76) = 5.17, p < .001. 

Therefore, the data supported H1b. An increase in trust in the banking chatbot leads to an 

increase in measured willingness to share. Despite the addition of covariates, informational 

transparency did not predict willingness to share, b = -.09, t(76) = -.34, p = .74. 

 

Customer Experience (H1c) 

Customer experience displayed a medium to large effect size, R2 = .531, F(7, 75) = 12.12, p < 

.001. Willingness to share demonstrated to significantly predict customer experience, b = .28, 

t(75) = 4.53, p < .001. Thus, H1c was supported by the data. An increase in willingness to share 

leads to an increase in measured customer experience. Also, trust predicts customer experience 

significantly, b = .21, t(75) = 2.91, p = .001. However, informational transparency did not 

predict the customer experience, b = -.11, t(75) = -.75, p = .630.   

 

(In)direct effects on customer experience (H2) 

This study proposed three indirect effects. As the direct effect of X on Y was insignificant, b = 

-.11, t(75) = -.75, p = .630, according to Baron & Kenny (1986) no mediation effect was found. 

However, Zhao et al. (2010) propose a different type of mediation; indirect-only mediation. 
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They propose a mediation where the mediated effect is present, however, the direct effect is 

not. The results show trust and willingness to share to significantly mediate the relationship 

between information transparency and customer experience, Ind 3 = .09, SE = .05, 95% CI [.01, 

.19]. Proving the presence of an indirect-only mediation effect. Furthermore, the short-way 

specific indirect effects were insignificant. Trust did not mediate the relationship between 

information transparency and customer experience, Ind 1 = .11, SE = .08, 95% CI [-.01, .31]. 

Willingness to share also failed to demonstrate a mediation effect between the relationship of 

information transparency and customer experience, Ind 2 = -.03, SE = .07, 95% CI [-.18, .13]. 

Ind 3 had a more significant effect on customer experience than Ind 1, Ind 2, and the direct 

effect. Thus, H2a, H2b, and H2c are supported by the results. 

 
Figure 4: Serial mediation model with covariates 

 

4.5 Ad hoc analyses  

Simple mediation 

As seen in the results, the model shows a lack of predictive power. A reason for this could be 

the small sample size, however, with the use of bootstrapping this problem is often sufficiently 

solved (Hair, 2014). Specifically, the construct ‘information transparency’ (IT) lacks power. A 

simple linear regression analyses of IT on trust, willingness to share, and CX, respectively, 

R²=.014, F(1,88)= 1.28, p =.260; R²=.004, F(1,88)= .36, p =.550; R²=.002, F(1,88)= .207, p 

Symbol meaning: NS = p ≥ 0.05; * = p ≤  0.05; ** = p ≤  0.01; *** = P ≤  0.001 
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=.651, are all insignificant. Consequently, better insights into the relationships between IT and 

the constructs are vital. A series of analyses have been conducted to gain a better insight into 

the constructs. Table 10 contains a summary of these analyses. 

 To gain a deeper understanding of the proposed model, several analyses were 

conducted. To isolate the effect of the different variables, two simple mediation analyses were 

conducted. First, a simple mediation analysis with trust (m1) mediating the relationship 

between IT (x) and CX (y). Second, a simple mediation analysis with WTS (m1) mediating the 

relationship between IT (x) and CX (y).  

 The effect of IT in the simple mediation with trust as a mediator is identical to the serial 

mediation effect of IT, which is expected as this is the same relationship. However, the effect 

of trust on customer experience increases, b = .37, t(77) = 5.41, p = .000. Moreover, the indirect 

effect of trust on the relationship between IT and CX is significant, b = .20, SE = .12, 95% CI 

[.02, .47]. The results show an insignificant effect of IT on WTS and CX. Moreover, the indirect 

effect of WTS on the relationship between IT and CX is also insignificant, b = -.08, SE = .12, 

95% CI [-.14, .33]. Suggesting IT is not a predictor of WTS. In the isolated models, the direct 

relationship between IT on CX remains insignificant. Furthermore, the predicting power of IT 

on trust and WTS remains the same. The effect of trust seems to increase as it is isolated, 

highlighting the importance of the construct. WTS is not influenced significantly by the 

additional analysis. In both analyses, the explained variance of CX is decreased. The model 

with trust as the only mediator shows an explained variance of R2 = .402 and WTS as the only 

mediator shows an explained variance of R2 = .478, while the serial mediation model displayed 

an explained variance of R2 = .531. Suggesting the possible presence of omitted variables.  

 

Importance of trust 

To further understand the importance of trust, a final analysis was done. Hayes PROCESS 

Model 4 with 5000 bootstrapped samples (Hayes, 2017) was used to test WTS as a mediator 

between trust and CX. Trust significantly predicts WTS and CX, respectively, b = .60, t(77) = 

5.27, p = .000; b = .20, t(77) = 2.83, p = .006. Willingness to share predicts CX, b = .28, t(77) 

= 4.58, p = .000. The direct effect of trust on CX was significant, b = .36, SE = .07, 95% CI 

[.23, .50]. Furthermore, the indirect effect supports mediation, Trust > WTS > CX (b = .17, SE 

= .04, 95% CI [.09, .26]).  

Concluding, this analysis suggests that WTS is a fitting mediator between trust and CX. 

As the direct effect was significant, a partial complementary mediation effect was proven (Zhao 

et al., 2010).  
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Table 10: Summary ad-hoc analyses  

Analysis Dependent variable Predictor 1 Predictor 2 Explained Variance 

1 CX IT, (x), b= -.33 TRU, (m), b= .37 R2 = .402*** 

2 CX IT, (x), b= -.02 WTS, (m), b= .37 R2 = .478*** 

3 CX TRU, (x), b= .36 WTS, (m), b= .17 R2 = .527*** 

 
Note. CX = Customer experience; IT = Information transparency; TRU = Trust; WTS = Willingness to share; 

*** = P < 0.001; Bootstrap samples: 5000. 

Discussion 
This chapter discusses the outcomes of the previous chapters. The main findings will be 

discussed and interpreted. The results will be discussed considering previous research and what 

the results imply for both the theory and managerial fields. After which the limitations of the 

research will be discussed, and future research directions will be given.  

 

5.1 Contributions 

This study provides insights into the (1) proof of a partial mediation effect which proposed that 

the indirect effect of information transparency causes higher levels of trust, willingness to share, 

and customer experience accordingly, (2) the consumer’s trust in banking chatbots has a strong 

effect on both the willingness to share information and the experience a customer has and (3) 

the consumer’s education level and chatbot bias negatively influence the level of trust in a 

banking chatbot significantly. 

 

5.3 Theoretical implications  
This study extends the literature by adding more depth to the knowledge and understanding of 

banking chatbots. Resulting in a more efficient and user-friendly banking chatbot.  

The proposed serial mediation shows a significant indirect effect of information 

transparency on customer experience through trust and willingness to share. This confirms 

previous studies on chatbots and extends this insight to banking-themed research. Previously, 

transparency was found to positively influence trust in chatbots (Przegalinska et al., 2019; 

Rawlins, 2008). While the model confirms a strong relationship, the significance seems rather 

limited. A possible reason for this could reveal itself in the R2 of the dependent variables. As 

the results demonstrate the variable trust is strongly impacted by the addition of covariates. 
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Trust in chatbots, or technology in general, is influenced by many factors, which cannot all be 

fitted into the model. The addition of the four covariates helps in making the model more robust 

but does not explain all the variance in a consumer’s level of trust. However, despite the low 

explained variance (R2), Ind 3 proves a partial mediation through trust and willingness to share. 

Ind 1 and 2 both lacked significant power, confirming the previous studies which argued for 

mediation through both trust and WTS (Anderson et al., 2005; Evens & van Damme, 2016; Lee 

et al., 2020; Przegalinska et al., 2019; Rawlins, 2008; Schroeder & Schroeder., 2018). 

Conversely, after removing IT and conducting a simple mediation analysis, a significant partial 

mediation effect of WTS on the relationship between trust and CX was found. This 

contradicting result may be caused by the lack of understanding of IT in chatbots. Literature 

shows an interest in IT; however, little is known about the design feature. Based on the findings, 

the level of trust directly impacts the experience a user has. Which in its turn is influenced by 

the degree of IT. Furthermore, the simple mediation analysis with WTS as the only mediator 

did not result in a significant mediation effect, proving IT is not a direct predictor of WTS.   

This research extends the study by Przegalinska et al. (2019) in particular, as the 

proposed transparency is specified as information transparency. Applying the principles of 

transparency set out by Felzmann et al. (2020) to the information processing of chatbots. This 

study combines insights from different studies into one research from a banking perspective. 

The improved level of trust caused by information transparency shows to greatly increase the 

willingness to share information, in line with findings by Lee et al. (2020) and Schroeder and 

Schroeder (2018). As previous research concluded, the additional data which is thereby 

obtained can enhance the users’ experience (Evens & van Damme, 2015). Which, as shown by 

the model, positively influences the customer’s experience. The acceptance of hypotheses 1 

and 2 are in line with the research conducted before and prove the importance of transparency 

on information used in banking chatbots.  

While the serial mediation showed a rather small significant effect, the impact of trust 

is clearly proven by the study. Despite the low explained variance of the variable trust, the 

construct demonstrated a strong significant effect on both WTS and CX. This was not 

unexpected. As Lee et al. (2020) argued, low levels of trust negatively influence the willingness 

of answering or providing information. In a more general sense, many previous studies on robot 

interactions proved trust in a ‘robot’ increases the willingness to provide information (Madsen 

& Gregor, 2000; van Pinxteren et al., 2019; Song & Kim, 2020). This study, in line with current 

literature (Nguyen et al., 2021; Seo and Lee, 2021), underlines the importance of trust in 

technology. Moreover, trust was proven to increase WTS and directly increase the CX. The 
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results of the simple mediation analysis with trust as an independent variable proved to be 

significant.  Prior research on online banking showed that trust positively increases the CX 

(Eriksson et al., 2020; Mbama & Ezepue, 2018). The results from this study substantiate this 

relationship and add insights into a partial mediation effect of WTS.  

The third contribution this study provides is the effect of the covariates. Age and gender 

proved to be insignificant, while education level and chatbot bias exhibited a significant effect. 

In a study on technology adoption, Abu-Shanab (2011) concluded education level has a varying 

effect on different actors explaining human behavior. This study extends this research, adding 

a chatbot perspective. Education level shows to negatively influence the trust levels in users. 

This relationship was expected. A higher level of education often results in more knowledge, 

and consequently the risk associated with the technology (Abu-Shanab, 2011). Therefore, a 

negative relationship is expected. This study demonstrates this negative relationship and proves 

high significance.  

Furthermore, the effect of chatbot bias was expected to negatively influence trust, as 

respondents with a preference for human interaction are expected to be insecure about the 

technology. Thus, resulting in a lower level of trust (Parasuraman & Colby, 2015). While the 

results support this reasoning, chatbot bias seems to have a more substantial effect on 

willingness to share. By doing so, this study extends the knowledge on factors affecting the 

collection of information by chatbots. Not only confirming previous research but also gaining 

new insights on the constructs.  

Another relevant finding this study provides is the effect of age. Higher age is often 

shown to hurt trust in technological systems, usually because of a lack of understanding (Ellis 

and Allaire, 1999). Conversely, the data showed no significant effect of age on any of the 

constructs. The reason for this could lay in the fact that society, in general, is becoming more 

modern, making all age levels understand and able to interact with technology. This result may 

not contribute to the literature directly. However, if future research finds similar results, the 

results collectively could provide a contribution to the development of technology 

understanding in society. 

 

5.4 Managerial implication 

Besides the theoretical contribution of this paper, the results of this study are a great 

contribution to the practical field. The results demonstrate the effect of information 

transparency. While this effect was not as strong as expected, it proves important in chatbot 
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design. Developers should be keen on integrating a substantial amount of transparency into the 

chatbot as it positively affects trust. While the proposed model lacks power, trust has been 

found to be a strong predictor of CX. This study uses four ways of making the chatbot 

transparent, but transparency is not limited to these four methods. Developers can include 

transparency in many ways and combinations, which all can have different effects considering 

the field the chatbot operates in. Sharing with the user why information is needed, how it is 

processed, the risks, and how long the information is saved can greatly influence the trust the 

user has in the chatbot. The addition of this form of transparency can greatly influence the 

overall experience the user has. Ultimately, resulting in a more efficient and user-friendly 

chatbot.  

The importance of trust is one of the strongest contributions this study provides. Trust 

is shown to greatly affect the way people behave towards the chatbot. Firstly, it strongly 

increases the willingness to share information, which is often the ‘engine’ of the chatbot. 

Without the input of information, the chatbot cannot deliver the intended service. For example, 

if the customer is not willing to share his/her account- and card number, the chatbot will not be 

able to replace a lost bank card. Developers should therefore be aware of increasing the trust 

levels when designing the chatbot. Not only does trust influence the degree to which users are 

willing to share information, but it also directly influences the customer experience. Developers 

should take from this the importance of making their user base trust the chatbot. This study 

directly provides several ways of increasing this trust. Highlighting the importance of the 

previous contribution, as information transparency can help with the sought increase. Trust 

should be one of the focus areas for developers when creating a chatbot.  

Chatbot bias and education demonstrate a significant effect as well. In contrast to 

information transparency, chatbot bias and education level seem to negatively impact trust 

levels in a user. Chatbot bias is specifically interesting for developers as this bias can be 

decreased. The bias in this study originates from the preference of respondents to talk to a 

human rather than a chatbot. Developers are therefore recommended to reduce this preference. 

For example, by highlighting the benefits of talking to a chatbot, or making the user more 

familiar with the chatbot by providing more information. In doing so, reducing the insecurity 

of a customer and therefore the preference.  

Moreover, the education level seems to negatively affect the trust in a chatbot. As noted 

previously, this might be due to a better understanding of the chatbot, and the risks associated 

with the chatbot. Developers should look for ways to reduce the risk perception e.g., by 

informing customers about the ways this risk is reduced. In banking chatbots, the developer 
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must uphold a high level of security, and sharing the ways security is maintained may benefit 

the risk perception of customers. Ultimately tackling the problems associated with a higher 

level of education.  

 

5.5 Limitations 

Although this study provides several contributions, it has some limitations. First, a major 

complication when researching banking chatbots is credibility. Although the scenario tried to 

let the respondent believe and feel the created setting, it remains an experiment. This may lead 

to users not taking the chatbot and associated survey seriously. Consequently, the effect of 

information transparency might not be as strong because the respondent knows the scenario is 

fictional. The respondents obtained fictional personal and financial information before the 

chatbot interaction began, this was done to refrain from privacy violations. However, this may 

have affected the risk perception and credibility of the chatbot. Users fill in ‘fake’ information 

and did not actually lose their debit card. All these factors may have caused relations to be 

smaller and less significant than they are in an actual conversation with a chatbot.  

 Second, the sample size used to analyze the constructs was rather small. In total 148 

participants opened the survey, of which 115 completed it. Afterward, 25 responses were 

deleted due to missing data. The highest drop-out was noted the moment the chatbot started the 

survey. Also, due to some complications with the surveying program, about 23 responses were 

not accessible. The sample size which was left was sufficient to perform an analysis and the 

results show robust findings. However, with more respondents, the relations, like the serial 

mediation effect, might have displayed a stronger effect. The study proves there is an effect of 

information transparency on customer experience but based on the theory this effect was 

expected to be stronger. Also, due to convenience sampling, this study is not generalizable. As 

it was not possible to meet the characteristics of the whole population (Field, 2017). 

 Third, this study mainly focused on the antecedents and outcomes of CX (customer 

satisfaction and NPS). This practice fails to recognize that CX is a holistic, complex, and 

subjective phenomenon (Kawaf & Tagg, 2017). It can be argued that a more phenomenological 

and introspective approach to CX is better suited for evaluating the complex understanding of 

CX (Carù & Cova, 2003; Holbrook & Hirschman, 1982). This limitation is acknowledged, as 

it may have affected the robustness and validity of the results.  

Fourth, the explanatory power of trust was rather low. After adding the covariates into 

the analyses, the explained variance rose to an acceptable level. However, even with the 



35 Discussion 

increase, the R2 remained small. Although an explanation could be in omitted variables, as trust 

is a rather complex concept to research, the results and conclusions in this study could be 

premature.  

 Fifth, the number of items used to measure trust and customer experience was rather 

low. One of the items of customer experience was dropped (CS_2) because of a low factor 

loading. This item was re-coded, which might be an explanation for the low factor loading. 

Removing the item did decrease the explanatory power of customer experience and limited the 

information available to interpret and analyze the construct, making the findings less robust.  

 Lastly, it is important to note that the study would greatly benefit from more detailed 

research. This study aimed to research a design attribute of a chatbot that influences the 

customer experience. From the literature, the most relevant attribute was information 

transparency. Although this attribute is relevant, there is very little research available on the 

concept. Especially chatbot-specific research. Consequently, the explanation power of the 

construct was limited.  

 

5.6 Future research 

This study provides insights on the effects of information transparency of a banking chatbot on 

customer experience. Moreover, insights on the relationships of trust, WTS, and several 

covariates are given. Although the results contribute to the literature and can directly be applied 

to the practical field, several future research directions are proposed.  

 First, it is strongly recommended to replicate this study with an actual banking chatbot 

to improve credibility. As noted previously, the scenario provided respondents with a fictional 

chatbot and fictional information. Generating an environment where respondents believe and 

feel the risks or stress associated with i.e., losing a banking card can greatly benefit the results 

of the study. When performing this study again, it is also recommended to focus on the 

covariates affecting the constructs. Trust, for example, was greatly impacted by the addition of 

covariates, but explained variance remained rather low. To confirm the findings of this study 

on the dominance trust, it is recommended to aim for a higher explained variance. To achieve 

a broader understanding of the constructs, it is possible to include other covariates which 

strengthen the explanation power of the model. A follow-up study can generate more robust 

results, while also confirming insights gained from the current research.  

 Second, it is important to note that the current study would greatly benefit from more 

detailed research on many different variables and relationships. The most profound is the partial 
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mediation effect of willingness to share in the relationship between trust and customer 

experience. The additional analysis showcased a significant mediation model but was not 

derived from literature. The addition of a theoretical fundament can make for even better results 

and a deeper understanding. Future researchers must be aware of the complexity of trust when 

incorporating it as an independent variable. It is recommended to carefully pick control 

variables that can help explain the respondents’ trust levels in the chatbot. Again, a theoretical 

fundament is vital.  

 Third, theory and practice would greatly benefit from analyzing the effects of different 

design variables on customer experience in (banking) chatbots. As stated before, the chatbot 

design consists of a balance between the service logic, technology design, and customer 

experience (Blazevic & Sidaoui, 2022). Balancing this proves to be vital to creating an optimal 

agent. It is recommended to include other design attributes, e.g., typeface or anthropomorphism, 

in future research. The addition of other design attributes can help generate a broader 

understanding of the customer experience and provide stimuli to improve the experience. Not 

only extended the knowledge in the literature but also provided the practical field with more 

tools to design a more user-friendly and efficient banking chatbot.  

Conclusion 
Designing an optimal conversational agent consists of a balance between the service logic, 

technology design, and customer experience (Blazevic & Sidaoui, 2022). Design attributes are 

one of the tools to maintain this balance. This study enhances the understanding of the effect of 

design attribute information transparency on customer experience during an interaction with a 

banking chatbot, and to what extent trust and willingness to share mediate that relationship. The 

results show the degree of information transparency portrayed by a banking chatbot to not affect 

the customers’ experience directly. However, the results indicate support for an indirect 

mediation effect of trust and willingness to share on the relationship between IT and CX. 

Furthermore, this study extends the literature by combining previous insights on technology in 

customer service and applying them to a banking chatbot service. Providing a broader 

understanding and knowledge of the role of information transparency, trust, and willingness to 

share on customer experience during a banking chatbot interaction. 
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Appendix 

Appendix A. Definition of constructs 
Table 2. Constructs 

Construct Definition  Source 

Information transparency Transparency is seen as an 

intrinsically valuable 

characteristic of agents, systems, 

or organizations and consists of 

consistent openness about their 

operations, behaviour, intentions, 

or considerations. 

H. Felzmann et al. (2020); 

Meijer (2014) 

Trust Consumers’ positive perception of 

trust toward a robot tends to 

increase their willingness to 

provide private and financial 

information and follow the robot-

generated recommendation. 

Song and Kim (2020); Schroeder 

and Schroeder (2018); Madsen and 

Gregor (2000); van Pinxteren et al. 

(2019).  C.S. Song and Y.-K. Kim       

Willingness to share A user’s openness and inclination 

to share relevant personal 

information 

Song and Kim (2020); Zaheer 

and Trkman (2017) 

Customer experience A dynamic, holistic, direct, or 

indirect, interaction between a 

customer and a firm, involving 

elements of thoughts, feelings, 

activities, relations, and sensations  

Lemon and Verhoef (2016); 

Schmitt (1999) 
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Appendix B. Measurement items included in the questionnaire 

Table 3. Measurement items  

Model construct *Items 

Net Promoter Score 

Reichheld (2003) 

1) How likely is it that you would 

recommend the chatbot to a friend or 

colleague. 

Customer satisfaction 

Fornell et al. (1992); Söderland (2017) 

2) How satisfied are you with the service of 

the chatbot 

3) To what extent does the service the 

chatbot provides meet your expectations 

Trust  

Madsen and Gregor (2000) 

4) The chatbot appears to be trustworthy. 

5) The chatbot appears to be credible. 

6) The information from the chatbot appears 

to be reliable. 

Willingness to Share information 

McKnight et al. (2002) 

7) I am willing to provide personal 

information like my name, e-mail address, 

and phone number to the chatbot. 

8) I am willing to share my financial 

information like debit/checking and credit 

card numbers with the chatbot. 

9) I am willing to provide the chatbot with 

information about me. 

10) I am willing to provide the chatbot with 

information about my product needs. 
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Chatbot Bias 

Parasuraman & Colby (2015) 

11) When I use a service, I prefer talking to 

a person rather than interacting with an 

automated system. 

Manipulation Check 12) The chatbot is clear on the way 

information given by me gets processed and 

used. 

 

* (7-point Likert-type scale: 1 = strongly disagree, 7 = strongly agree) 

Appendix C. Operationalization 

Table 4. Operationalization of key concepts and control variables 

Main model Measurement description Measurement 

level 

Source 

Information transparency Low-level vs. high-level 

information transparency, 

based on principles 4, 5, 6 

and 9 as proposed by 

Felzmann et al. (2020) 

Nominal Felzmann et al. 

(2020) 

Trust Two items on a 7-point 

Likert scale 

Interval Madsen and 

Gregor (2000) 

Willingness to Share Seven items on a 7-point 

Likert scale 

Interval McKnight et 

al. (2002) 

Customer Experience NPS: one item on an 11-

point scale 

Customer satisfaction: one 

item on a 7-point scale 

Interval (Reichheld, 

2003) 

Control variables     

Age Median split Interval - 

Gender Identifies as male or female Nominal - 

Education level Six levels of education Nominal - 

Chatbot bias One item on a 7-point 

Likert scale 

Interval Parasuraman & 

Colby (2015) 
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 Appendix D. Descriptive Statistics 

 

  

Table 5. Descriptive statistics # 

Gender (Adopted from Wall & Berry, 2007)  

- Male  48 

- Female 38 

- Missing 4 

- Total 86 

Age (Adopted from Reisner et al., 2014)  

- 18-24 50 

- 25-34 18 

- 35-49 5 

- 50-65 12 

- Older than 65 5 

- Missing 0 

- Total 90 

Education (Adopted from Barber, Goodman & Goh, 2011)  

- High school diploma  9 

- Vocational/technical school (MBO) 11 

- Higher Vocational Education (HBO) 23 

- Undergraduate degree (Bachelor) 17 

- Graduate degree (Master) 27 

- Other 3 

- Missing 0 

- Total 90 
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Appendix E. Confirmatory Factor Analysis 

Table 6. Item Loadings 

 

Item WTS_ TRU_ CX 

TRU_1 
 

0.9305 
 

TRU_2 
 

0.9166 
 

WTS_2 0.6870 
  

WTS_3 0.8463 
  

WTS_4 0.8529 
  

WTS_5 0.7881 
  

WTS_6 0.8656 
  

WTS_7 0.7967 
  

NPS 
  

0.8864 

CS_1 
  

0.9162 

 

Table 8. Cross-loadings 

Item WTS TRU CX 

TRU_1 0.6004 0.9272 0.5642 

TRU_2 0.5745 0.9214 0.5525 

WTS_1 0.8341 0.6117 0.6949 

WTS_2 0.6673 0.5530 0.4262 

WTS_3 0.8325 0.4577 0.5947 

WTS_4 0.8604 0.5632 0.5836 

WTS_5 0.7609 0.4248 0.4523 

WTS_6 0.8672 0.4893 0.5807 

WTS_7 0.7840 0.4315 0.4222 

NPS 0.5787 0.5142 0.8612 

CS_1 0.6995 0.5599 0.9083 

CS_2 0.2008 0.3244 0.5609 

 

 

 



50 Appendix 

Appendix F. Serial mediation analysis results 

Table 9. Output serial mediation analysis by PROCESS 
Predictors R2 coeff (b) SE t p 95% CI 

Outcome: Trust .242    .001  

constant  7.99 .69 11.57 .000 [6.62, 9.37] 

Information transparency (H1a)  .54* .26 2.09 .040 [.03, 1.05] 

Gender  -.17 .27 -.63 .532 [-.71, .37] 

Age  -.01 .11 -.08 .936 [-.23, .22] 

Education level  -.36*** .09 -3.87 .000 [-.54, -.17] 

Chatbot bias  -.17* .08 -2.21 .030 [-.33, -.02] 

       

Outcome: WTS .423    .000  

constant  2.54 1.18 2.15 .034 [.19, 4.89] 

Information transparency  -.09 .27 -.34 .737 [-.63, .45] 

Trust (H1b)  .61*** .12 5.17 .000 [.37, .84] 

Gender  -.24 .28 -.84 .495 [-.80, .33] 

Age  -.06 .12 -.54 .588 [-.29, .17] 

Education level  -.10 .10 -.96 .341 [-.31, .11] 

Chatbot bias  -.22* .08 -2.56 .012 [-.38, -.05] 

       

Outcome: Customer experience  .531    .000  

constant  -2.06 .64 -3.20 .002 [-3.34, -.78] 

Information transparency  -.11 .14 -.75 .456 [-.39, .18] 

Trust  .21** .07 2.91 .005 [.07, .35] 

WTS (H1c)  .28*** .06 4.53 .000 [.15, .40] 

Gender  -.04 .15 -.28 .783 [-.34, .26] 

Age  .03 .06 .50 .620 [-.09, .15] 

Education level  .06 .06 1.08 .285 [-.05, .17] 

Chatbot bias  -.08 .05 -1.64 .104 [-.17, .02] 

       

Indirect effect(s) of X on Y   BootSE    

Ind 1: IT -> Trust -> CX  .11 .09   [-.01, .32] 

Ind 2: IT -> WTS -> CX  -.03 .08   [-.18, .13] 

Ind 3: IT -> Trust -> WTS -> CX  .09* .05  Sign. [.01, .21] 

 

Note. Model = 6; sample size = 83; Y: CX (customer experience); X: IT (information transparency); M1: 

Trust; M2: WTS (willingness to share); Covariates: gender, age, education and chatbot bias; NS = p < 0.05, 

* = p < 0.05, ** = p < 0.01, *** = P < 0.001; Bootstrap samples: 5000. 
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