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Abstract 

This thesis examines the role of customer experience (CX) in the relationship between customer 

confusion on satisfaction and loyalty, in a self-service technology setting. Currently, an increase 

in the use of chatbots by companies causes customer confusion to happen more often during 

shopping experiences. Consequently, confusing chatbot conversations cause dissatisfaction and 

disloyalty towards the company. Therefore, this thesis demonstrated that the negative outcomes 

caused by confusion can be partially explained by a customer’s experience, by conducting a lab 

experiment. During the experiment, the participant went through a shopping experience with a 

chatbot. Customer confusion and time pressure were manipulated to create four conditions. The 

findings show a strong mediating relationship of thoughts on the relationship between customer 

confusion and satisfaction and loyalty. No relation was found for the eye sensations of the 

customer. Furthermore, the results revealed that the age of the customer has a significant effect 

on their thoughts, making older people more prone to evaluate the service more negatively. This 

research contributes to the body of knowledge by showing the mediating effect of thoughts on the 

already established relationship between customer confusion and satisfaction and loyalty. 

Additionally, it provides evidence that firms should take into account their customer’s experience 

when implementing a chatbot since confusion can do damage to a firm financially. 

 Keywords: customer confusion, customer experience, self-service technology, eye 

tracking  
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1. Introduction 

Since the COVID-19 pandemic, companies needed to be creative to reduce physical interactions 

with their customers, resulting in rapid growth in the digitalization of companies (Verma & 

Gustafsson, 2020). Digital technologies, such as self-service technologies (SST), were and are 

used incrementally by companies to adjust to the changes in the world. Besides, these recent 

technologies have changed the service market as well (Almeida et al., 2020). SSTs make it 

possible for customers to experience a service without employee interaction while still improving 

customer experience, which was a necessity during the pandemic (Meuter et al., 2005). The 

customer experience (CX) refers to the different responses someone has to a service, which can 

be cognitive, affective, physical, sensorial, and social (Becker & Jaakkola, 2020; Lemon & 

Verhoef, 2016). SSTs are a fantastic way to maintain a positive CX, even without the physical 

touchpoints with the employees. Moreover, they reduce important resources of the company, 

such as time and money (Beatson et al., 2007). Consequently, after the pandemic, these 

technologies, like chatbots, were still used and seen as beneficial by businesses. With an annual 

growth of around 23 percent (Durach & Diachenko, 2023), by 2027, chatbots will become the 

primary customer service channel for about 25 percent of all organizations (Gartner, 2022). 

Customers have embraced these technologies themselves as well, as they can bring convenience, 

control, and privacy (Dabholkbar & Spaid, 2012).  

  So, chatbots have changed the way customers experience services for the good, but it also 

has their downsides (Beatson et al., 2007). As customers are often not familiar with these 

technologies and have to process this information on their own, this can lead to confusion 

(Mitchell & Papavassiliou, 1999). Identified as the failure of the customer to correctly interpret 

various aspects of a good or service during the information-processing process (Turnbull et al., 



2000). Since customer confusion is an effect of service failure, post-purchase behavior, like 

customer satisfaction and loyalty, can be impacted (Foxman et al., 1992; Matzler & Waiguny, 

2005; Smith & Bolton, 1998). Therefore, confusion is of huge interest to marketing managers, 

making it an essential problem to tackle (Walsh & Mitchell, 2010). Moreover, it is expected that 

customer confusion affects the CX, which in turn influences the satisfaction and loyalty of the 

customer (Anninou & Foxall, 2019; Becker & Jaakkola 2020; Innis & La Londe, 1994; Lemon & 

Verhoef, 2016). 

 Since CX is a broad concept, a focus will be on sensations and thoughts as these concepts 

reflect upon each other, but still expected to occur sequentially (Meißner & Oll, 2017). 

Sensational responses, such as eye movements, have proven to reflect how confused customers 

are (Meißner & Oll, 2017; Rozin & Cohen, 2003), affecting the person's eye movements and 

visual attention (Pachman et al., 2016). This gaze behavior occurs during the experience, so in 

real-time (Lemon & Verhoef, 2016). Cognition, however, does occur thereupon. It is the result of 

processing the interaction with the firm into thoughts, ideas, memories, language, and problem-

solving (Bustamante & Rubio, 2017; Keiningham et al., 2017). Since cognition covers several 

processes, thoughts will be focused upon, as confusion is expected to reflect a lack of clear and 

orderly thought as well (Leek & Kun, 2006). Furthermore, existing literature on confusion 

focuses on affective responses (Anninou & Foxall, 2019). Consequently, there is a lack of 

research measuring the effect of customer confusion on cognition and thought in particular 

(Varela-Neira et al., 2008). 

  Additionally, recent studies on confusion used methods such as interviews and surveys, as 

a consequence there is a need for research combining scenario-based experiments with real 

behaviors (Grégoire & Matilla, 2021). This study attempts to measure how sensations and the 

thought process of the customer are affected by confusion. And how this will result in 



dissatisfaction and a decrease in loyalty, by using a combination of subjective data of thoughts by 

scenario-based research, with the objective data conducted by measuring real behavior, such as 

thoughts and sensations (Grégoire & Mattila, 2021). 

1.1 Research Objective 

How CX affects the relationship between customer confusion and business outcomes remains 

unclear. Firstly, the literature lacks research on the role of CX in the relationship between 

customer confusion and customer satisfaction and loyalty. Especially, the effect of customer 

confusion on CX has not been studied in detail (Varela-Neira et al., 2008). Studying this gap will 

help identify why confusion arises and how it leads to dissatisfied and disloyal customers, which 

is important information for marketing managers to help improve the company (Walsh & 

Mitchell, 2010). Secondly, there is a gap concerning the context of the studies about customer 

confusion. Often, chatbots are not taken into consideration when studying customer confusion, 

however, it could be beneficial for companies since these technologies are used incrementally 

and could be experienced differently than traditional services (Cunningham et al., 2009). Lastly, 

since most studies on customer confusion are conducted through interviews or surveys, research 

is needed based on experiments and real behaviors (Grégoire & Matilla, 2021). The use of novel 

technologies, like eye tracking and chatbots, can give new insights into how people experience 

confusion from a CX perspective. These insights could help firms to understand where their 

negative business outcomes come from and adjust their chatbots to prevent these outcomes from 

happening. 

  Having identified these gaps, the present study considers CX while exploring the 

relationship between customer confusion and customer satisfaction and loyalty. A focus on CX 

will provide a clearer understanding of customer confusion in a shopping experience context. 



Moreover, identifying how sensations and thoughts cause confusion to escalate into customer 

dissatisfaction and disloyalty with the firm, gives an understanding of the use of chatbots. Since 

the focus is on the shopping experience, a shopping bot will be used, which is a supportive 

chatbot helping with locating and comparing products (Rowley, 2000). Using chatbots will help 

to understand the CX as it is seen as a reliable tool to measure and analyze customers’ responses 

(Sidaoui et al., 2020). Hence, it helps firms understand how their services affect their customers, 

by examining the CX, and gives insights into how the technology can be used to recover from 

customer confusion. To conduct this study, the following research question will be used: How 

does customer confusion impact the customer experience with a shopping bot? 

  This study aims to answer this question by experimenting with a shopping bot in a 

situation that stimulates confusion. During this experiment eye tracking is used to measure gaze 

behavior and chatbots help to communicate with the individual to get to know their thought 

process during the experiment. 

1.2 Relevance 

This study contributes to the body of knowledge on customer confusion and CX in several ways. 

Firstly, current literature lacks the use of SSTs when studying the effects of customer confusion 

(Cunningham et al., 2009). This study broadens the literature on customer confusion by 

expanding its boundaries with a chatbot context. Secondly, a negative relationship between 

customer confusion and CX is already established in the literature (Anninou & Foxall, 2019; 

Becker & Jaakkola 2020), additionally, confusion has a negative effect on post-purchase behavior 

(Matzler & Waiguny, 2005). Establishing an effect between customer confusion and CX 

(outcomes) will help explain this relationship better. Studying this effect will provide a coherent 

story about a customer’s journey when experiencing chatbots and how it can lead to 



dissatisfaction and disloyalty. Thirdly, the results of this study expand the knowledge of thoughts 

as part of the CX. Therefore, this study highlights the importance of CX and how its different 

elements can be used to research what effects new technologies can have on the customer, and 

the business outcomes as a result. 

  The results also show managerial relevance. Firstly, since chatbots have a prominent role 

in the service landscape, expected to be worth $9.4 billion by 2024 (Omar, 2023), the 

contribution of this study will affect most businesses using novel technologies. Currently, 

managers are facing the challenge of dealing with the consequences of chatbots about how 

customers assess the company (Beatson et al., 2007). This is important to find out, as service 

failures, such as that of confusion, indirectly damage market share and profitability (Keaveney, 

1995). Furthermore, it shows the importance of a human-centric chatbot design to enhance CX 

while still meeting financial needs (Blazevic & Sidaoui, 2020). Secondly, the findings provide 

insights into the negative consequences that can occur during self-service, its effect on CX, 

through sensations and thoughts, and their outcomes, like satisfaction and loyalty. Consequently, 

this knowledge will help prevent these negative outcomes from happening, making it possible for 

firms to build long-term relationships with their loyal customers and hence increase profits 

(Singh, 2006; Venetis & Ghauri, 2004). Lastly, this study highlights the possibility of using 

chatbots to improve CX by gathering useful feedback during interaction with the customer. 

Feedback about the thoughts of customers can improve the understanding of how the confusion 

came to be and thus how it can be recovered. This study is interesting for marketing managers 

who struggle with losing customers. 



1.3 Outline 

The remainder of this study will have the following structure. First, the existing literature on the 

concepts related to customer confusion and CX will be analyzed and discussed. By linking the 

concepts, relations will be identified and visualized in a conceptual model. Second, the 

methodology of this study will be elaborated on. Third, the results of the experiment will be 

reviewed and discussed. Last, theoretical and managerial implications will be listed, limitations 

and future research will be suggested and an answer will be given in the conclusion.      

2. Literature Review 

In this second chapter, the most important concepts will be discussed and linked in a conceptual 

model. First, the concept of SST and chatbots will be discussed. Second, the relationship between 

customer confusion and CX outcomes will be elaborated on. Third, CX will be discussed, 

concerning the confusion, satisfaction, and loyalty of customers, in addition to the effect of time 

pressure. Ultimately, control variables are introduced and a conceptual model is visualized based 

on this literature.   

2.1 Chatbots as Self-Service Technology 

In marketing, artificial intelligence (AI) is a rising concept. New technologies are used more 

often to help marketers track real-time data to analyze habits, likings, and purchases and respond 

to customer requirements (Verma et al., 2021). AI technology in combination with the huge 

amount of data coming from customers provides new opportunities for firms, like SSTs (Sidaoui 

et al., 2020). It has transformed interpersonal interactions with technology (Curran et al., 2003), 

causing an important shift in services (Parasuraman, 1996), as employees are not needed to 

perform the service anymore (Meuter et al., 2005). Numerous studies explain the benefits of 

using SST, the most prominent reason for firms is to save time and money (Beatson et al., 2007), 



and for customers, place-and-time convenience (Yang & Klassen, 2008), control, and privacy 

(Dabholkar & Spaid, 2011).   

  A form of SSTs is chatbots. Hence, research on SSTs can be applied to chatbots as well. 

A chatbot is a computer program using AI to communicate with customers in natural language, 

using the learning capabilities given. The human-like characteristics derived from AI make them 

an interesting tool in online service encounters (Feine et al., 2019; Sidaoui et al., 2020; Verma et 

al. 2011). Consequently, chatbots can understand the CX and can respond appropriately 

(Kaczorowska-Spychalska, 2019). Hence, they replace employees and help firms save time and 

up to 30% in customer support costs (Shukairy, 2022). 

  On the contrary, negative consequences can occur from the use of chatbots. Much 

research has noted service failures and their big impact on customer satisfaction (e.g. Hess et al., 

2003; McCollough et al., 2000; Smith & Bolton, 1998). Service failures occur when a customer is 

dissatisfied with a service, as they have a problem with the service since it does not meet their 

expectations (Bell & Zemke, 1987; Spreng et al., 1995). As customers are often unfamiliar with 

the technology and thus can have difficulty processing the information, confusion can occur 

(Mitchell & Papavassiliou, 1999). Customer confusion can be seen as a service failure, whereas it 

interrupts the service in a way that cannot be finished correctly. 

  So, research confirms that chatbots can be an antecedent for customer confusion, which in 

turn can lead to dissatisfaction and disloyalty of the customer. Firms need to improve their 

chatbots to prevent negative CX from happening (Matzler & Waiguny, 2005). Considering the 

ability of chatbots to extract and analyze useful data from customers about their CX (Sidaoui et 

al., 2020), it is an important concept for the customer confusion literature. This makes it possible 

for firms to retrieve information from the customer during and after the service, facilitating the 



ability to recognize customer confusion when it occurs and extract information about their CX 

(Feine et al., 2019). 

2.2 Customer Confusion from Chatbots  

Although chatbots have a prominent place in the service industry (Almeida et al., 2020), often a 

human-centric design is lacking when a company has a financial focus. This hinders the CX since 

the individual’s abilities are not taken into account (Blazevic & Sidaoui, 2022; Mannheim et al., 

2019). Additionally, it can confuse and is seen as a common service failure associated with 

chatbots (Collier et al., 2015; Mitchell & Papavassiliou, 1999). To prevent this confusion, the 

customer should be taken into account when implementing the chatbot (Blazevic & Sidaoui, 

2020). 

  Customer confusion occurs when a customer fails to correctly perceive numerous aspects 

of the service during the processing of the information (Turnbull et al., 2000). Three dimensions 

of customer confusion are recognized: similarity-, overload-, and ambiguity confusion (Edward 

& Sahadev, 2012; Matzler & Waiguny, 2005; Mitchell & Papavassiliou, 1999). Similarity 

confusion occurs when customers experience similarity between choices, products, and/or 

services during the decision-making process of the chatbot, causing indecisiveness, which can 

lead to confusion (Edward & Sahadev, 2012; Matzler & Waiguny, 2005; Mitchell & 

Papavassiliou, 1999). Overload confusion is the result of the confrontation with an information-

rich environment and a high degree of marketing stimuli (Matzler & Waiguny, 2005). Confusion 

in this category is increased when having less time to process the information and when there are 

too many options to choose from (Mitchell & Papavassiliou, 1999). Ambiguity confusion arises 

when the communication in the chatbot of the firm is unclear, of low quality, and/or misleading 

(Edward & Sahadev, 2012; Matzler & Waiguny, 2005; Mitchell & Papavassiliou, 1999). Mitchel 



and Papavassiliou (1999) add one other reason for customer confusion, which is related to alien 

environments. When people have experienced a new environment and the technologies 

associated with them, this can confuse them as they have not yet had any experience in this 

environment. This latter type of confusion is especially applicable to chatbots, as these 

technologies are new for most customers. 

  Customer confusion can have some negative consequences that can indirectly influence 

the profits of the company. The most common behavioral consequences mentioned in the 

literature are abandoning purchases, seeking additional information (Matzler & Waiguny, 2005), 

and using risk reduction strategies (Matzler & Waiguny, 2005; Turnbull et al., 2000). Turnbull 

and colleagues (2000) explain these consequences by the perceived risk to customers. Customers 

try to prevent confusion by searching for information beforehand, this is not possible for services 

you encounter spontaneously. Consequently, the perceived risk increases when this confusion has 

settled, thus customers perceive that the services can have a negative outcome. Resulting in a 

change of behavior, by searching for more information to process it. This behavior will lead to a 

purchase decision and post-purchase behavior, such as loyalty and satisfaction (Edward & 

Sahadev, 2012). As numerous researchers have proved the significant effects of customer 

confusion on the behaviors of confusion reduction strategies – for example, abandoning purchase, 

seeking additional information, and doing nothing (e.g. Matzler & Waiguny, 2005; Mitchell and 

Papavassiliou, 1999; Mitchell et al., 2005) – this study will look at the direct effect of customer 

confusion on the post-purchase effect on company-related consequences, in this case, customer 

loyalty and satisfaction. 

  Besides the direct effect of customer confusion on satisfaction and loyalty, confusion is 

expected to influence the experience of the customer as well, as it affects the sensations and 

cognitions of a person negatively. These CX responses in turn are presumed to affect the business 



outcomes of satisfaction and loyalty too (Mitchell & Papavissiliou, 1999; Wedel & Pieters, 

2017). 

2.3 Customer Experience 

Accordingly, customer confusion can have huge negative effects on how customers experience a 

chatbot. A confused customer is more likely to be dissatisfied with the service and, consequently, 

be less loyal to the firm in the future (Foxman et al., 1992; Smith & Bolton, 1998). Moreover, the 

CX, like sensations and thoughts, is proven to be an antecedent of these outcomes (Becker & 

Jaakkola, 2020; Lemon & Verhoef, 2016). Correspondently, customer confusion outcomes are 

related to CX outcomes because confusion is part of how the customer experiences the service 

(Mitchell & Papavassiliou, 1999). Furthermore, the positive effect of customer satisfaction on 

loyalty confirms that these two outcomes relate to and influence each other (Luarn & Lin, 2003). 

However, this does not mean that a satisfied customer is loyal as well (Bowen & Chen, 2001). 

Hence, both outcomes are studied.  

2.3.1 Customer Satisfaction 

Several studies have proven the direct negative effect of customer confusion on customer 

satisfaction (e.g. Edward & Sahadev, 2012; Matzler & Waiguny, 2005; Smith & Bolton, 1998). 

Service failures, like customer confusion, have a huge impact on switching behavior, affecting 

the post-purchase behavior negatively, and resulting in dissatisfaction with the service and the 

firm (Keaveney, 1995; Matzler & Waiguny, 2005). Anderson et al. (1994, p. 54) define 

satisfaction as “an overall evaluation based on the total purchase and consumption experience 

with a good or service over time”. Customer satisfaction can be reached by a positively perceived 

performance of the firm with a product or service (Innis & Londe, 1994). Thus, a positive CX is 

important to derive satisfaction, which will lead to higher profitability for the firm (Anderson et 



al., 1994; Theron & Terblanche, 2010).  

  As identified before, customer confusion can be divided into three types: similarity, 

overload, and ambiguity confusion. These three types do have different effects on customer 

satisfaction, according to a study by Walsh and Mitchell (2008). Similarity confusion affects 

satisfaction negatively because of the similarity of information. Overload confusion leads to 

frustration, indecisiveness, and stress, making the decision difficult and dissatisfying (Turnbull et 

al., 2000; Walsh & Mitchell, 2008). Lastly, ambiguity confusion is assumed to cause a decreasing 

satisfaction with the service process and the firm, however, this was not supported (Walsh & 

Mitchell, 2008). Still, a direct negative effect of customer confusion on customer satisfaction can 

be found. Thus we hypothesize: 

H1a. Customer confusion negatively affects overall customer satisfaction. 

 When customers are dissatisfied with the firm, this will affect the loyalty of the customer 

as well. Since loyalty has a positive relationship with profits, a decrease in loyalty will affect the 

firm financially as well. Thus, the firm needs to keep customers extremely satisfied to create 

loyal customers (Bowen & Chen, 2001).  

2.3.2 Customer Loyalty  

A loyal customer has a favorable attitude toward a firm, repurchases from this firm, and has 

positive word-of-mouth (Bowen & Chen, 2001). He or she values the service of a firm above that 

of competitors. The expectations of the customer of the service should thus be met (Griffin, 

1995), which relates to how people experienced the service.   

  Besides the relation between the different CX outcomes, loyalty is assumed to be 

influenced by customer confusion directly, as shown by multiple studies on the effect of customer 

confusion on post-purchase behavior (Matzler & Waiguny, 2005). For example, similarity 



confusion can cause disloyalty, as this type of confusion spurs the behavior of abandoning the 

service (Mitchell et al., 2005). Additionally, several studies acknowledge the relationship 

between the quality of chatbots on customer loyalty. When quality is perceived as low, which can 

be expressed in a poor representation of information, this can lead to confusion (Lewis & 

Mitchell, 1990). Thus, we can hypothesize: 

H1b. Customer confusion negatively affects overall customer loyalty. 

2.4 Customer Experience Phenomenon 

Although the direct effect of customer confusion on satisfaction and loyalty is studied mostly, 

this study expects to find a reason behind this effect to be found in the CX literature. Since 

confusion can do damage to satisfaction and loyalty, it is important to recover from these 

incidents to diminish the damage to the firm’s market share and profitability (Keaveney, 1995, 

McCollough et al., 2000). To do so, the CX should be understood. Additionally, how customers 

assess the service influences the outcomes of confusion as well, such as customer loyalty and 

satisfaction (Lemon & Verhoef, 2016). 

  Nowadays firms interact on multiple touchpoints with their customers, for example, 

chatbots. This has affected how customers experience the service and the interactions with the 

firm (Lemon & Verhoef, 2016). Besides the huge amount of research on CX, it is still a broad 

and fuzzy concept, as there is no coherent definition given in the literature. As there are 

unclarities concerning the scope, breadth, and antecedents of the concept, Becker and Jaakkola 

(2020) have provided us with a definition based on a systematic review of the literature: “non-

deliberate, spontaneous responses and reactions to particular stimuli” (p. 637). Thus, CX is a 

reaction to stimuli from the firm, such as chatbots. How people experience chatbots can be 

positive and negative (Mitchell et al., 2005). Furthermore, as this experience is a 



multidimensional construct, experience is much more complex than a positive or negative 

feeling. It can have the following responses on customers: sensational, affective, cognitive, 

physical, and social identity experiences (Lemon & Verhoef, 2016; Schmitt, 1999). These 

responses are important to consider, as they provide unique information about the experience and 

why some services evoke particular outcomes.  

  Nonetheless, the literature on customer confusion and CX is limited (Anninou & Foxall, 

2019). Hence, this study focuses on this relation. Since CX is a broad concept, only the relation 

between confusion and sensations and thoughts is addressed. The sensational experience is 

closely related to confusion, it occurs during the service and often unintentionally, e.g. eye 

movements (Pachman et al., 2016). Besides, sensations expressed by the eyes of the customer 

show how information is processed in the mind of the customer. These thoughts are often 

formulated consciously after the service and can appear unclear or unstructured when confused 

(Leek & Kun, 2006). 

2.4.1 Customer Confusion and Sensations 

Customer confusion is expected to have a negative effect on CX (Anninou & Foxall, 2019). 

Consequently, it is assumed that it will also affect the sensations customers have during their 

experience with the firm. The sensory experience of a customer can be divided into sight, sound, 

touch, taste, and smell (Schmitt, 1999). Literature on confusion has found an effect on the visual 

senses of a person (Meißner & Oll, 2017; Pachman et al., 2018; Wachowiak et al., 2022). 

Meißner and Oll (2017) mention how confusion can have an impact on the expressions on 

someone’s face, especially their eyes. The eyes can tell the flow of information in someone’s 

head, consequently, it tells a lot about the confusion someone experiences (Ashby et al., 2016). 

Higher confusion ratings will reflect in a person's eye movements and visual attention, referred to 



as gaze behavior (Pachman et al., 2016). Two of those eye movements are fixations, the duration 

of the gaze, and saccades, the quick movements between fixations (Meißner & Oll, 2016; Ziv, 

2016). Confused customers tend to have relatively longer and more fixations, especially focusing 

on non-relevant information (Salminen et al., 2018). 

 Elaborating on visual processing, the individual processes visual stimuli in multiple steps. 

Firstly, the visual stimuli will enter the eye as a source of light through the first layer (the 

cornea). The image will be portrayed inverted on the back of the eye (the retina). It is converted 

into an electrical signal that is sent to the brain and is processed to be perceived and recognized 

by the individual (Moore & Zimsak, 2017; Tessier-Lavigne, 2000). When confused, people’s 

visual attention can lose focus on the right stimuli, often moving to the environment (Wachowiak 

et al., 2022). When having selective visual attention, the right and helpful information may be 

filtered out. This reflects difficulties in processing information, and shorter saccades length, 

reflecting complexity (Pachman et al., 2016; Salminen et al., 2018). These visual processes can 

appear in two forms: bottom-up and top-down (Connor et al., 2004). Bottom-up processing starts 

from raw sensory stimuli from the environment and happens automatically (Ares et al., 2013, 

Connor et al., 2004). For example, when the environment does not provide the right stimuli to 

conduct a service, the person can get confused. Top-down processing is the opposite. The 

individual will use previous experience and knowledge to understand the visual stimuli, it is 

influenced by the cognition of the person and the intention of the activity, such as the perceived 

risk when starting the service (Ares et al., 2013; Connor et al., 2004, Theeuwes, 2010). Both 

forms are important when analyzing the visual perception of the individual (Moore & Zirnsak, 

2017). So, it can be hypothesized: 

H2. Customer confusion positively affects the intensity of the gaze behavior of the 

  customer. 



2.4.2 Thoughts   

Where sensations arise during a service, thoughts occur after a service has happened. Customers 

will compare their expectations of the service with how the service turned out, these standards are 

often based on previous experiences and goal-directed behavior (Hoyer et al., 2020; Oliver, 1980; 

Keiningham et al., 2017; Varela-Neira et al., 2008). Consequently, the customer is satisfied or 

dissatisfied with the service, which in the long run influences their loyalty.  

  Most studies on CX mention the cognitive responses of a customer, thoughts are often not 

considered as an individual concept. Cognition can be referred to as processing information from 

the interaction with the firm and is a mental response that includes thinking, but also ideas, 

interpretations, language, problem-solving, and memories (Bustamante & Rubio, 2017; 

Keiningham et al., 2017; Ok et al., 2005). However, as this study reflects on how customer 

confusion, resulting from the use of chatbots, is processed, thoughts are the most relevant. So far, 

confusion is expected to influence how clear and structured the thoughts of the customer are 

(Leek & Kun, 2006). Additionally, firms can use chatbots to influence how customers think of 

the company. Since these stimuli can affect how customers transform the interaction into 

thoughts (Bustamante & Rubio, 2017).  

  Although sensations can reflect the cognitive process of an individual (Leek & Kun, 

2006), thoughts themselves cannot be collected through observations alone, interaction is needed 

to let them express their thoughts. Several concepts have described how thoughts can affect the 

processing of a service (Hoyer et al., 2020; Varela-Neira et al., 2008). Specifically, how the 

customer experienced it and how it will reflect in post-purchase behaviors (Varela-Neira et al., 

2008). It is important to keep these in mind when interacting with the customer and evaluating his 

or her experience. 

  The customer’s total evaluation of the functional advantages and disadvantages of a good 



or service is known as utilitarian value (Lee & Wu, 2017). An evaluation is made of the service 

on its efficiency and if it has met the customer’s expectations (Babin et al., 1994). Utilitarian 

customers tend to perceive the service experience as a task since they want to create the highest 

value within the smallest budget and period (Lee & Wu, 2017). When the chatbot can be 

experienced effectively, without any hiccups, and with high values in return, the utilitarian value 

will be high (Lee & Wu, 2017). However, when customers experience confusion, this will lead to 

an ineffective way of using chatbots, resulting in a slower process and a lack of control. Since 

utilitarian customers have a desire for control and high efficiency, confusion will decrease this 

value (Lee & Wu, 2017; Tracy, 1998). Moreover, when customers experience high utilitarian 

value, this will positively affect customer satisfaction and repeat-purchase intention (Babin et al., 

1994; Chiu et al., 2014; Lee & Wu, 2017). Accordingly, a higher utilitarian value positively 

affects customer satisfaction and loyalty.  

  Overall, most literature on service failure examines how customers react to the recovery 

from these failures in a cognitive way, not with a focus on thoughts. Also, none measures the 

effect of customer confusion on thoughts. This is a gap, as confusion arises from a combined 

failure to process the information and a failure of the firm to present a coherent service. 

Therefore, confusion is expected to reflect in a customer's unclear and unstructured thoughts 

(Leek & Kun, 2006). Thus: 

H3. Customer confusion negatively affects utilitarian value.  

2.5 Customer Confusion and its Influence on Outcomes via Customer Experience 

Concluding, CX is related to customer confusion and CX outcomes. It is expected that customer 

confusion is indirectly affecting CX outcomes through CX (i.e. sensations and thoughts). Even 

though this assumption has not been tested, it could be validated through the direct linkages 



between the concepts.  

  Besides the direct effect of customer confusion on satisfaction and loyalty (Foxman, et al., 

1992; Smith & Bolton, 1998), it negatively affects CX as well (Anninou & Foxall, 2019). A 

confused customer is expected to have unclear and unstructured thoughts (Leek & Kun, 2006). 

Additionally, confusion is closely related to the sensations of an individual, affecting their gaze 

behavior (Pachman et al., 2016). These CX responses have proven to influence customer 

satisfaction and loyalty as well (Becker & Jaakkola, 2020; Lemon & Verhoef, 2016). 

Consequently, we can hypothesize the following relations: 

H4.  Gaze behavior negatively mediate the relationship between customer confusion and 

  (a) customer satisfaction and (b) customer loyalty. 

H5.  Thoughts negatively mediate the relationship between customer confusion and 

  (a) customer satisfaction and (b) customer loyalty. 

 Moreover, sensations are expected to influence thoughts directly, since gaze behavior 

shows how information is processed in the mind (Lee & Kim, 2006). Also, sensations happen in 

real-time, whereas thoughts arise after the service. Since customer satisfaction concerns the 

evaluation of the CX, sensations are not expected to fully influence customer satisfaction directly, 

but also indirectly through the thoughts of the customer (Lemon & Verhoef, 2016). Several 

studies highlighted the relationship between eye movements and cognition (Salvucci, 1999; 

Thomas & Lleras, 2007). Thomas & Lleras (2007) even show the possibility that eye movements 

can influence thought in making the right decisions. Hence, it is hypothesized: 

H6.  Gaze behavior and thoughts mediate the relationship between customer 

  confusion and (a)customer satisfaction and (b) customer loyalty. 



2.6 Time Pressure  

An additional concept related to customer confusion and often experienced during a shopping 

experience is that of time (Goeschl & Lohse, 2018). Time pressure can be identified as the 

perception of how much time is available to complete a task (Maruping et al., 2015). It depends 

on the environment and is not a personality trait, like time urgency (Maruping et al., 2015; 

Mohammed & Nadkarni, 2011). It is expected that when a person is given less time, this creates 

an urgency to complete or abandon the purchase (Xue et al., 2020). Moreover, these individuals 

will have less time to overthink their possibilities, thus will regulate less information and 

overload confusion (Matzler & Waiguny, 2005; Mitchell & Papavassiliou, 1999; Pieters & 

Warlop, 1999). Consequently, the duration of fixations will be lower, as they will scan the 

information, without taking the time to process the information well (Pieters & Warlop, 1999). 

This could be a possible reason for an increase in confusion (Goeschl & Lohse, 2018). So, it can 

be hypothesized: 

H7. The greater the time pressure concerning the shopping experience, the stronger the effect 

of customer confusion on (a) gaze behavior, (b) thoughts, (c) customer satisfaction, and 

(d) customer loyalty. 

2.7 Conceptual Model  

This chapter has discussed the most important concepts and their linkages with each other. 

However, control variables are needed to limit the influence of external concepts on customer 

confusion and CX. Taking together the hypotheses stated above and these control variables, a 

conceptual model can be visualized (Figure 1).  



2.7.1 Control Variables 

Age. A common demographic variable used to differentiate participants in technology studies is 

age. Older customers can be associated with a lack of confidence, knowledge, interest, and 

experience concerning the use of chatbots and have difficulties learning new technology (Dean, 

2008; Ellis & Allaire, 1999; Venkatesh et al., 2012). Additionally, they prefer human interaction 

over chatbots, in comparison with younger people who can even dislike employee contact as they 

grew up adapting to new technologies (Morris & Venkatesh, 2000; Simon & Usunier, 2007).  

  Gender. Another demographic interesting to investigate is gender. Only a few studies 

show how females tend to have higher levels of customer confusion when confronted with novel 

products or services (Turnbull et al., 2000; Wobker et al., 2015). Although others do not find a 

gender difference (Foxman et al., 1990). Since chatbots can be seen as unfamiliar by some, this 

demographic should be taken into account (Mitchell & Papavassiliou, 1999). 

  Tolerance for ambiguity. The degree to which someone is comfortable in a confusing, 

uncertain, and unpredictable situation is called tolerance for ambiguity, as clarified in the article 

by McLain et al. (2015). It is the ability someone has to think and behave effectively in 

ambiguous environments with confusing information. Ambiguous information is hard to process 

and hence stress can occur when not tolerant of (Furnham & Ribchester, 1995). However, 

customers with ambiguity tolerance will be able to think openly when confronted with confusing 

information and complex issues (Furnham & Ribchester, 1995). 

  Confusion avoidance. Confusion avoidance is the personality trait that causes people to 

leave a confusing or difficult circumstance (Hoque et al., 2022). People use this behavior to 

protect themselves from confusion, however, they cannot prevent them from having confusion 

(Schweizer et al., 2006). 



Figure 1 

Conceptual model 

3. Methodology 

The current study has aimed to establish a causal relationship between customer confusion and 

CX (outcomes), in a chatbot context. The conceptual model was tested with a quantitative 

approach. Experimental data was gathered by manipulating customer confusion and time 

pressure, in a Wizard of Oz set (Riek, 2012). Scenario-based research clarified the context in 

which customer confusion could occur, and eye tracking showed how confusion reflects in 

someone’s eyes. Chatbots were used to start a conversation with the customer and collect 

objective data about the thoughts of the customer, as it is proven to be a reliable way of 

interviewing individuals about their experience (Sidaoui et al., 2020). 



3.1 Procedure 

Customer confusion can be expressed in someone’s eyes (Meißner & Oll, 2017). Eye tracking is 

a useful tool to measure customer confusion in real time. Eye movements can be perceived as 

smooth in our own eyes, but they consist of two different components: fixations and saccades 

(Wedel & Pieters, 2017). Fixations are moments when the eye stays still, staring at one area, 

usually lasting around 100-400 milliseconds (Rayner, 1998). Saccades are fast movements of the 

eye (Wedel & Pieters, 2017). When confused, people have relatively longer and more fixations, 

especially focusing on non-relevant information, which reflects the difficulty in processing 

information. Consequently, there will be difficulties processing the information, because the right 

information is filtered out (Pachman et al., 2016; Salminen et al., 2018).  

  Whereas sensations can be measured from observation, other CX responses, like that of 

thoughts, can only be communicated by the participant. Besides the use of chatbots as a means of 

creating confusion, the chatbot also had the function to interview the respondents (Sidaoui et al., 

2020). A Wizard of Oz technique was used for this matter. As the chatbot was remotely operated 

by one of the researchers (Riek, 2012). This made it able to retrieve customer information about 

the various variables from the conceptual model, during and after the shopping experience (Feine 

et al., 2019).  

  Upon entry to the lab, the participants were welcomed by one of the researchers and asked 

to fill in a consent form (see Appendix C). When permission was granted, the participant was 

given a participant ID that was randomly selected and asked to give this number to the chatbot 

when starting, as the specific number was allocated to a condition the participant would undergo. 

Following, the participant entered the lab and was seated. One of the researchers installed the eye 

tracker and calibrated it to fit the participant. After succeeding in a comfortable fit, the researcher 



gave some instructions to the participant (for example, do not leave the room during the 

experiment, do not touch the eye tracker, etc.) and left the room. The interaction started with the 

chatbot giving a short introduction, followed by small talk (see Appendix D for full script). The 

participant was sent a link to a website to complete a purchase. After putting the purchase in their 

basket, an error screen occurred. In response, the chatbot was able to answer any question the 

participant had. Finally, the participant would fill in a number that would be accepted by the 

chatbot, fixing the error. Consequently, the participant was asked a few closed-end survey-type 

and open questions from the chatbot about the remaining constructs of thoughts, satisfaction, 

loyalty, and the control variables. After finishing these questions, the researcher would step in 

and help remove the eye tracker, debrief, and thank the participant for their time. 

3.2 Participants 

The data used by this experiment was obtained by conducting an experiment on the students and 

employees of the Radboud University in Nijmegen, the Netherlands. Non-probability 

convenience sampling was used since the experiment was bound to an office in one of the 

buildings of the Radboud University (Malhotra et al., 2006). Potential participants were 

approached by the researchers in the public spaces of the university. The desired level of the 

sample size, according to the Central Limit Theorem should be 30 per condition, to predict the 

characteristics of the population more accurately (Ganti, 2017; Kwak & Kim, 2017). Since this 

study has four conditions, a sample size of a minimum of 120 is desired, but 200 is preferred to 

take into account potential missing data.  

  The researchers were able to convince 200 respondents to participate in the study. 

However, 3 respondents were eliminated due to missing data from the eye tracker, leaving a total 



sample of 197 participants. The participants’ average age was 25 years old and 41.6% of them 

were female.  

3.3 Design 

This lab experiment used a 2 (confusion: no vs. yes) x2 (time pressure: no vs. yes), between-

subjects experimental design. Confusion was manipulated by providing multiple potential error 

codes on their screen. Causing information overload and unclarity since none of them was called 

‘error’. Time pressure was manipulated with the use of a timer, which occurred on the error page, 

stimulating the feeling of time pressure to solve the error. To make sure that these concepts were 

measured correctly, a pre-test was run before the experiment, providing significant results. 

Additionally, during the experiment a manipulation check was run, and analyzed by doing an 

independent samples t-test in IBM SPSS (Version 28), comparing the means of the groups (Ross 

& Wilson, 2017). For an overview of the results and the manipulation questions see Appendix A. 

In sum, the concepts of confusion and time pressure were manipulated correctly, as only one 

question about time pressure showed an insignificant difference.  

  Consequently, the participant was randomly assigned to one of the four conditions (see 

Figures A1 till A4 ). In the first condition, the participant experienced no confusion and no time 

pressure. In the second condition, confusion was evoked, but no time pressure. In the third 

condition, there was no confusion but there was a timer. In the last condition, an overwhelming 

number of incorrect numbers were shown and a timer was displayed.  

  The experiment took place over two weeks, during the months of May and June in 2023. 

It took around 20 minutes per participant. It yielded 50 valid responses for the first condition, 50 

for the second condition, 49 for the third condition, and 48 for the last condition.  



3.4 Measurement 

To fit the setting of the chatbot context, the study measures were modified from existing 

literature (see Appendix B). Confusion and time pressure were manipulated during the 

experiment. For the sensations, an eye tracker was used, measuring the total number and the 

average duration of fixations of the participant on the screen (relevant area) and outside the 

screen (non-relevant areas; Salminen et al., 2018). The eye tracking glasses and the software 

Pupil Player v3.5.1 of Pupil Labs (2023) were used to measure the fixations. Thoughts were 

measured by open (three items) and scaled questions (four items). The open-ended questions 

were formulated to measure thoughts more in-depth, making it possible to provide space for the 

participants to describe their thoughts openly (Fossey et al., 2002; Leiva et al., 2006). The 

utilitarian value was measured by adapting four scale items ranging from 1 ‘strongly disagree’ to 

7 ‘strongly agree’ used by Babin et al. (1994). Customer loyalty (two items) was based on work 

by Reichheld (2003) and satisfaction (one item) was measured by asking about the degree of 

satisfaction. Both outcomes relied on seven-point semantic scales. The chatbot also asked 

questions about age, gender, tolerance for ambiguity, confusion avoidance, and alternative 

explanations. 

3.5 Data Analysis Procedure 

Before the analysis, the gathered data was prepared with the use of IBM SPSS (Version 28; 

2021). The dataset was checked for any missing data, since three participants had no eye tracking 

data, these were deleted beforehand. Next, a missing value analysis was run (see Appendix E). 

All missing data was less than 5% and missing completely at random (sig. = 0.062), hence, we do 

not consider it a problem (Roth & Switzer, 1995). Additionally, several questions were reverse-

coded and the concepts of confusion and time pressure were made into a dummy. Next, sentiment 



analysis was run with a Python library using TextBlob (Lorai, 2018), converting the answers to 

the open questions of thoughts to a positive, neutral, or negative loaded number, ranging from 

one to seven (Gujjar & Kumar, 2021). 

  After the preparation of the data, SmartPLS 4 (2022) was used to evaluate the 

measurement model and the structural model (Ringle et al., 2022), since it can deal with complex 

models with many constructs and model relationships (Hair et al., 2019). A Partial least squares 

structural equation modeling (PLS-SEM) was run, which combines principal components 

analysis with ordinary least squares regressions (Hair et al., 2019). Additionally, 5000 bootstrap 

samples were taken to calculate the significance of the weights, as suggested by Hair et al. 

(2014).  

3.6 Research Ethics and Limitations 

To ensure integrity, the researchers adhered to the Netherlands Code of Conduct for Research 

Integrity, and their principles of honesty, scrupulousness, transparency, independence, and 

responsibility (KNAW et al., 2018).  

  Honesty was incorporated by creating an accurate research process, resulting from the use 

of a checklist for every participant. Also, the data used is pure and the results are not messed 

with.  

  Scrupulousness is reflected in a scientifically based research process, based on the 

approved American Psychology Association (APA) referencing style (Smith, 2003).  

  Transparency has been taken into account, by being clear about the data gathered by the 

participant and how this data is used, by letting them sign a consent form. This form includes the 

right to withdraw from the experience at any time they want and the possibility to be informed 

about the results of the study. 



 The independence includes objective and scientific considerations of this research. Data 

from our respondents will only be used for this research and cannot in any way be linked back to 

a specific person.  

  Lastly, this study acknowledges the external influences that could affect the study, 

therefore taking responsibility. Additionally, responsibility is taken for the storage of personal 

information. According to Meta, the data from the chatbot, which was run through WhatsApp 

Business, is stored in Denmark, Ireland, and/or Sweden (European Data Centres - Meta Data 

Centers, 2023). 

  Nonetheless, this study still has some limitations. Lab-based experiments can be limited in 

simulating real-life situations. For example, in the consent form, hints are given about eye 

tracking and expectations of the experiment, which could influence the objectivity of the 

participant. However, these experiments can be effective for testing causal relationships between 

variables (Jennings, 2005).  

4. Results 

A PLS-SEM algorithm was run using the software package SmartPLS 4 (Ringle et al., 2022), to 

test the hypotheses related to the research question that CX explains the effect of customer 

confusion on satisfaction and loyalty. A confirmatory factor analysis was run to evaluate the 

measurement model. Next, the structural model was evaluated.  

4.1 Measurement Model 

The measurement model deals with the measurement of the latent variables of the PLS-SEM path 

modeling (Ahmad et al., 2017). By evaluating this model the quality of the constructs is 

measured. Sensations had been divided into four separate latent variables, based on their 

measurement level and area of interest. Hence, thoughts and CX outcomes only needed to be 



tested for their reliability and validity. Consequently, the factor loadings are assessed, followed 

by indicating the construct reliability and validity.  

  The factor loadings indicate how well an item represents the construct it is supposed to 

measure, expressed between a range from -1.0 to +1.0. A higher loading indicates a higher 

correlation with the construct (Pett et al., 2003). Outer loadings of 0.50 are acceptable, but values 

above 0.70 are seen as highly satisfactory (Chin, 1998). Besides the open questions of thoughts, 

none of the factor loadings were below the value of 0.50 (see Table 1). Nonetheless, two of the 

items show a value below the threshold, consequently, the lowest value of ‘thoughts open 

question’ was removed. However, this caused no increase in the value of the second item of the 

construct, the value declined to 0.445. Additionally, the construct still shows low reliability and 

validity (CR = 0.660, AVE = 0.521). Moreover, the construct showed low variance explained (R² 

= 0.057), hence the decision was made to remove the construct of ‘thoughts open questions’ since 

it did not meet expectations. The utilitarian value will remain to measure the construct of 

thoughts. 

Table 1 

Factor loadings, composite reliability, and average variance extracted from the constructs and 

their items 

Components and items Loading 

Loyalty CR: 0.811, AVE: 0.688 

1. How likely is it that you would tell a friend or colleague about 

this shopping experience? (Highly Unlikely – Strongly Likely) 

0.945* 

2. How likely is it that you would use this shopping experience 

again? (Highly Unlikely – Strongly Likely) 

0.694* 



Thoughts open questions CR: 0.608, AVE: 0.363 

1. Please take me through what you were thinking as you were 

attempting to help me resolve the purchase error we encountered. 

0.835* 

2. What actions crossed your mind in the process of resolving 

this error? 

0.447* 

3. Would you please elaborate by telling me what was valuable 

in achieving the outcome of the shopping experience and how? 

0.440* 

Utilitarian value CR: 0.865, AVE: 0.617 

1. To what extent do you agree that we have accomplished what 

we wanted from this purchase? 

0.722* 

2. To what extent do you agree that we were effective in 

completing the purchase? 

0.771* 

3. To what extent do you agree that the way the error was 

resolved was useful? 

0.751* 

4. How strongly do you agree that this shopping experience with 

me was valuable? 

0.887* 

Note. CR: composite reliability; AVE: average variance extracted; *p < .01 

Since the construct reliability and validity provide sufficient numbers, the discriminant 

validity should be looked into as well, as it measures the degree of uniqueness of the concepts 

(Bagozzi et al., 1991). According to the Fornell and Larcker (1981) criteria, the square root of 

AVE should be higher than the correlation with all other constructs (see Table F1). This was the 

case for each construct. Additionally, the Heterotrait-Monotrait Ratio (HTMT) should be lower 

than .85 (Henseler et al., 2014). The results show a value somewhat above the threshold for 

loyalty with satisfaction and utilitarian value (see Table F2). Since loyalty had a lack of 



discriminant validity, it was decided to remove the lowest scoring item, resulting in a decrease in 

the HTMT ratio to 0.779 for satisfaction and 0.819 for utilitarian value. Resulting in a higher 

uniqueness of the concepts and making loyalty valid.  

4.1.1 Control Variables 

A factor analysis was run for two control variables: tolerance for ambiguity and confusion 

avoidance. The other control variables were measured with one item. The factor loadings are 

shown in Table 2. The results show non-significant low loadings, with low reliability and 

validity. Hence, the second item of tolerance for ambiguity and the first item of confusion 

avoidance were removed. After removing item 2 of tolerance for ambiguity, item 1 had a loading 

of 0.877 and item 2 a loading of 0.721 (CR = 0.782, AVE = 0.644). So, the two items measure 

the construct well. After removing the item of confusion avoidance, the remaining items went up 

to 0.730 and 0.679 respectively. Nonetheless, the reliability and validity of the construct 

remained low (CR = 0.664, AVE = 0.497), showing variance between the answers. The 

discriminant validity shows an overlap of the construct with multiple other ones, such as loyalty 

(0.945), satisfaction (1.258), and tolerance for ambiguity (4.573). Hence items 1 and 3 were 

removed, leaving item 2, which showed no overlap with other constructs.    

Table 2 

Factor loadings, composite reliability, and average variance extracted from the control variables 

and their items 

Components and items Loading 

Tolerance for ambiguity CR: 0.035, AVE: 0.210 

1. To what extent do you agree that you prefer situations in 

which there is some ambiguity? 

-0.264 



2. How strongly would you agree that you enjoy tackling 

problems that are complex enough to be ambiguous? 

0.728 

3. To what extent do you agree that you generally prefer novelty 

to familiarity? 

-0.171 

Confusion avoidance CR: 0.242, AVE: 0.314 

1. To what extent do you agree that providing clear information 

is the basis for avoiding confusion? 

-0.425 

2. To what extent do you agree that you want to see 

unambiguous information when resolving confusing issues 

occurring in shopping experiences? 

0.632 

3. To what extent do you agree that you enjoy tackling issues 

pertaining to confusion occurring from ambiguous information? 

0.602 

Note. CR: composite reliability; AVE: average variance extracted; *p < .01 

4.2 Structural Model 

The structural model was evaluated to investigate the links between the different constructs (Hair 

et al., 2018). To evaluate the hypotheses, the mediation analysis used the bootstrapping procedure 

with 5,000 resamples to determine the significance of each weight (Hair et al., 2014). 

Additionally, the multicollinearity of the model was assessed by looking at the variance inflation 

factor (VIF). All the predictors of the model were below three, revealing a bias-free model 

(Knock, 2015). Next, the model fit is assessed. The root mean square residual (SRMR) measures 

the difference between the observed correlation and the model implied correlation matrix (Ringle 

et al., 2022). A value below 0.10 is considered a good fit (Hu & Bentler, 1998). The current 

model (SRMR = 0.104) shows a better fit in comparison to before the deletion of the variables 



(SRMR = 0.109), however, still it has a moderate explanatory capacity. Nonetheless, the impact 

of customer confusion on customer satisfaction and loyalty will be tested, in addition to the 

mediation research. 

  The structural model results (see Table F3) show that H1a is statistically significant with a 

p < 0.001, whereas H1b is not. So, customer confusion has a negative significant effect on 

satisfaction (R² = 0.599), but not on loyalty (R² = 0.582). However, both have a large effect size. 

Moreover, the path coefficients for H2 show only one significant result for the fixations on 

relevant areas (p = 0.20), the other three variables are not supported. So, the effect of customer 

confusion on gaze behavior is only partially supported. H3 is supported, the negative effect of 

customer confusion on thoughts is significant (p < 0.001). Additionally, thoughts show a medium 

to large effect size (R² = 0.309). With concern for the control variables (age, gender, tolerance for 

ambiguity, confusion avoidance), the results show no significant effect of these variables on 

satisfaction and loyalty (see Table F4).  

  An additional analysis was run to test the effect of these control variables on sensations 

and thoughts, since it is expected to influence the gaze behavior and thoughts of the customer 

(Furnham & Ribchester, 1995; Simon & Usunier, 2007). Additionally, the effect of alternative 

explanation was tested, see Table F4. The results show the negative significant effect of age on 

DNRA (p = 0.04), DRA (p < 0.001), and thoughts (p = 0.02). Secondly, gender (female = 0, male 

= 1) had a positive significant effect on DNRA (p < 0.001) and DRA (p = 0.009), and a negative 

significant effect on FNRA (p = 0.04). Lastly, the alternative explanation of the preference for 

humans when solving problems showed a positive significant effect for FNRA (p < 0.001) and a 

negative effect for thoughts (p < 0.001) and satisfaction (p = 0.04). 



4.2.1 Mediation Analysis  

This research expected three different indirect effects (see Table F3). The first indirect effect that 

was measured was the effect of customer confusion on customer satisfaction and loyalty through 

sensations. This effect was not significant, since the four variables of sensations showed an 

insignificant effect (p > 0.20). All the effects however were negative. Still, H4a and H4b are not 

supported. H4a shows no effect at all according to the model of Zhao et al. (2010) since the direct 

effect on satisfaction was insignificant (p = 0.43). H4b shows only a direct effect (p = 0.03). 

  Moreover, the results showed that thoughts significantly mediated the relationship 

between customer confusion and customer satisfaction (p < 0.001) and loyalty (p < 0.001), 

negatively. So, H5a and H5b are supported. Since the direct effect of confusion on satisfaction is 

insignificant (p = 0.43), thoughts fully mediate the relation between confusion and satisfaction. 

However, the direct effect of confusion on loyalty is significant (p = 0.03), making it a 

competitive partial mediation (Hair et al., 2017; Zhao et al., 2010).  

  Additionally, a long-way indirect effect of customer confusion on CX outcome, via 

sensations and thoughts, was expected (H6). This was not supported, since none of the paths 

through sensations and thoughts showed a significant result on satisfaction and/or loyalty, since 

all p values were above 0.40. Hence, H6a and H6b are not supported.  

4.2.2 Multi-group Analysis with Time Pressure 

In the final part of the research, notable variations between the people with and without time 

pressure were made, in terms of the effect of customer confusion on sensations, thoughts, 

satisfaction, and loyalty. Only one significant difference was found between people with and 

without time pressure. The effect of confusion on sensation’s DNRA was higher for no pressure 

(p = .05), with a difference of .711. Hence, H7a is partially supported. H7b, c, and d are not.  



5. Discussion 

The objective of this study was to measure the impact of customer confusion on the CX during 

the interaction with a chatbot, drawing on the already-established effect of customer confusion on 

satisfaction and loyalty. To the author’s knowledge, this study represents one of the early 

attempts to investigate the link between customer confusion and CX during a self-service, by 

suggesting that the CX responses mediate this effect. The findings provide evidence of a 

mediation effect which proposed that the indirect effect of customer confusion causes more 

negative thoughts, and lower levels of customer satisfaction and loyalty accordingly. 

Additionally, the findings serve as a reminder to companies using chatbots, to listen to their target 

group. Since, the preference for a human agent can strongly affect the utilitarian value negatively, 

resulting in dissatisfaction with the service. The key theoretical and managerial implications, 

limitations, future research, and conclusion are elaborated on next. 

5.1 Theoretical Implications 

This study adds to the existing knowledge of the effects of customer confusion on the CX. First, 

although customer confusion is regarded as an antecedent of dissatisfaction and disloyalty 

(Matzler & Waiguny, 2005), yet according to the literature review, no efforts have been made to 

study the mediating effect of CX responses in the relationship between customer confusion and 

CX outcomes. The findings reveal a mediating effect of thoughts in the context of chatbots. In 

this way, the current study contributes to broadening the concept of CX, which is still uncertain 

according to Becker and Jaakkola (2020). Suggesting that customer confusion during chatbot 

interactions negatively impacts the thoughts of a customer. This is in line with the recent CX 

literature, which revealed that confused individuals have unclear and unstructured thoughts (Leek 

& Kun, 2006). Also, it provides evidence that the evaluation of service, the utilitarian value, 



impacts the satisfaction and loyalty of a customer negatively (Babin et al., 1994; Chiu et al., 

2014; Lee & Wu, 2017). Specifically, this study shows that when a customer experiences 

confusion when shopping with a chatbot, he or she will evaluate the whole shopping experience 

negatively, resulting in low satisfaction with the purchase and no intention to shop with the bot 

again.   

  However, no (mediating) effect was found for the gaze behavior. In contrast, Salminen et 

al. (2018) claimed that fixations should increase in number and duration, mostly focusing on non-

relevant information. The findings of this study show only one positive significant effect of 

customer confusion on the total fixations in relevant areas. This provides evidence for an increase 

of fixations, however not in the non-relevant areas. Moreover, no significant relationship was 

found from confusion on the duration of fixations, it is still interesting to see that people with 

confusion show shorter durations on the screen and longer on the environment than people 

without confusion. The latter effect is stronger when time pressure is involved. This is partially in 

contrast with Pieters and Warlop (1999), who claim that time pressure and confusion will cause a 

shorter duration of fixations. Hence, the current study provides evidence that the early stream of 

literature on novel technologies like eye tracking is not coherent, since they provide contrasting 

results on the effect of confusion on gaze behavior. However, the reliability and validity of the 

results can be questioned, since the eye tracker was defective and showed low reliability during 

the experiment. 

 Second, to understand how the effect of customer confusion on satisfaction and loyalty 

can be reduced, the moderation of time pressure was studied. The findings showed that time 

pressure during purchase does not cause stronger effects from confusion. This is in contrast to the 

study of Xue et al. (2020), who mentions that the lack of time results in overload confusion, 

followed by a lack of satisfaction with the purchase. However, since the current study provided a 



live shopping bot, able to solve the issue on time, this could have reduced the effect of the time 

pressure (Xue et al., 2020). Additionally, it could be explained since the manipulation of 

confusion already provoked information overload, hence the addition of time pressure was not 

significant.  

  Last, since chatbots and other SSTs have not been around for that long, few studies used 

this context to study customer confusion (Cunningham et al., 2009; Varela-Neira et al., 2008). 

Hence, the results of this study provide information on how chatbots can be coupled with the 

confusion someone experiences. A lack of clear help from the chatbot can lead to confusion, 

which in turn is blamed on the service provided by the chatbot. Hence, this research shows that 

dissatisfaction and disloyalty as an effect of customer confusion, can be explained by the thinking 

process of the customer about the experience and evaluation of the service provided by the 

chatbot. 

5.2 Managerial Implications 

Aside from the theoretical contribution, valuable managerial implications can be drawn from the 

findings of this study. First, as the use of chatbots by firms is rapidly growing, the contribution of 

this study is valuable (Omar, 2023). When implemented right, the use of chatbots can save firms 

time and costs, as it replaces employees (Shukairy, 2022). In line with these studies, the current 

study suggests that firms should implement chatbots with a human-centered design, as a way to 

cope with customer confusion during a chatbot encounter (Blazevic & Sidaoui, 2020). This study 

shows that when a customer experiences confusion when shopping with a chatbot, he or she will 

evaluate the whole shopping experience negatively, resulting in low satisfaction with the 

purchase and no intention to shop with the bot again. Resulting in the possibility of them 

shopping somewhere else where their needs are listened to. This should be prevented. Hence it is 



important to provide a clear shopping experience and make sure the shopping bot is capable to 

handle all sorts of problems and learn from feedback. According to the findings, this will 

potentially increase the satisfaction of the customer with the service since it will provide a more 

pleasant CX. Moreover, it could enhance satisfaction with the shopping experience provided by 

the chatbot.  

  Second, the findings provide evidence for age affecting the relationship between customer 

confusion and CX. Existing literature revealed that older customers tend to be more negative 

toward chatbots, whereas the younger generation often prefers it over human interaction (Simon 

& Usunier, 2007). In line with this literature, the current study showed how older people were 

generally more negative in their thoughts than the younger generation. Which could be explained 

by their preference for human interactions. The alternative explanations provided evidence that 

customers who preferred human agencies for helping to solve problems, were, in general, more 

negative thinkers and were more dissatisfied. Consequently, marketing managers are advised to 

take into account their target group when implementing any kind of chatbot. Because when 

confusion arises during the shopping experience, this can lead to a negative evaluation of the 

service, which may indirectly damage the share and profitability of the company (Keaveney, 

1995). So, even when chatbots are considered more affordable, this does not outweigh the 

negative effects they can cause on the wrong customer group. Managers need to understand if it 

is enhancing the CX or not (Walsh & Mitchell, 2010). 

  Last, successfully integrating chatbots in shopping interactions make it possible to learn 

from the customer’s experience by asking for an evaluation of the service and makes it possible 

to learn from the customer’s feedback, benefitting both the customer and the firm.  



5.3 Limitations  

Besides the contributions of this study, it also has some limitations. First, the reliability of the 

results can be questioned as the experience was simulated. No real product or service was bought 

and the chatbot was operated by a human, so they were not experiencing the real feeling they 

would have in real life. Also, since it was not clear what they were fictionally buying, this could 

evoke confusion before it was intentionally evoked. Consequently, this could have affected their 

evaluation of the shopping experience. Additionally, the shopping environment was restricted, as 

the participant was not able to freely navigate the internet to search for additional information or 

refresh the page. Lowering the feeling of a real event. Moreover, the effect of the error page and 

the timer might not be so effective as in real life, since people did not have the fear of losing their 

purchase which they would have if they had the motivation to buy a certain product or service. 

All these different factors may have decreased the relationships in the model, then when having a 

real shopping experience.  

  Second, as CX is a complex and multidimensional phenomenon, this study only looked at 

a part of the CX (Lemon & Verhoef, 2016; Schmitt, 1999). Therefore, no generalizations can be 

made about the effect of customer confusion on the other CX responses. Also, as no significant 

results were found on the sensations of the customer, it cannot be expected that all the responses 

of a customer are influenced by someone´s state of confusion. 

  Third, the lack of significant results and data on the sensations concept can be explained 

by the partial defect eye tracker used during the experiment. Since one of the cameras was not 

working, this could have affected the results, and the validity and reliability of the research.  

  Fourth, although the sample size of the study was sufficient, with an eventual number of 

197 participants, it was not a diverse group of people. Only the students and employees of the 



Radboud University were asked to participate, with an occasional student from a different 

location, ranging from 18 to 61 years old. As a consequence, the results may be biased since the 

population had an average age of 25 years old and were highly educated, this is not representable 

for the whole population.  

  Last, the number of items used to measure satisfaction, loyalty, and confusion avoidance, 

were limited to one. Since these measures were reduced to one item and adapted to the 

environment of the experiment, the questions were not tested before in existing literature. This 

could explain the insignificant result of customer confusion on loyalty, as this relationship was 

yet established in the literature (Matzler & Waiguny, 2005). Moreover, since this study is not 

longitudinal, the long-term behavior of the participant could not be measured efficiently, such as 

loyalty. This could explain the insufficient results with this concept (Griffin, 1995). In addition, 

the open-question items of thoughts had their limitations as well, hence the deletion of them. The 

sentiment analysis used to analyze the open questions of thoughts could only evaluate the 

answers by giving them a negative, neutral, or positive label. Since thoughts also express 

underlying reasons and intentions and are more than just positive or negative feelings, this could 

not be taken into account. Moreover, the quantitative nature of this study made it difficult to 

include these open answers in the analysis, as it went more exploratory than the other constructs, 

making it hard to analyze their opinions individually. These limitations concerning the 

measurement of the concepts could explain the low model fit. 

5.4 Future Research 

Drawing on the discussion and limitations above, there are a few topics that need further 

research. First, to make the result of this study more valid and reliable, future research should 

replicate this study in a real setting. Instead of a wizard-of-oz setting where a human was 



communicating with the participant, a fully automated chatbot should be used. Additionally, 

applying this research in a real setting, where an actual product or service should be bought, 

would make the result more valid. This will limit the doubts and confusion regarding the 

shopping experience itself, which could influence the manipulated confusion condition.  

  Second, conducting this study with different demographics would greatly benefit the 

current study. The findings show a difference for people who are older regarding their thoughts 

and CX outcomes. However, only a small portion of the participant was above 50 and only one 

above 60, hence it could be interesting if this result remains for an older generation. Additionally, 

different education levels could affect the current results. This could influence their thinking 

process and problem-solving skills. Testing this study on a variated population will make the 

results more generalizable.  

  Third, it is important to assess whether the results for sensations stay the same when 

measured with more appropriate eye tracking technology. Since gaze behavior was not 

sufficiently measured in this study, future research could consider using other eye tracking 

techniques and software to measure the sensations of a person in a state of confusion. Since this 

study did not find any significant effects, this should be tested through different studies. Also, 

other sensations could be taken into account, like sense, touch, and sound (Schmitt, 1999). 

Moreover, different CX responses in addition to sensations and thoughts should be considered to 

provide a clear picture of how CX mediates the relationship between customer confusion and CX 

outcomes.  

  Lastly, to be able to understand the current results better, a qualitative study including the 

indirect relationship through thoughts could be considered. Since the current study was not able 

to include the thought process of the customer, analyzing the data qualitatively would make it 



possible to understand the reasons why the customer’s thoughts were affected and why this made 

them dissatisfied and disloyal. 

5.5 Conclusion 

This study looked at the impact of customer confusion on the CX with a shopping bot. Based on a 

wizard-of-oz experiment and eye tracking data, results suggest that the presence of thoughts as a 

mediator reveals that customer confusion negatively impacts utilitarian value. Subsequently, this 

negative effect on thoughts leads to dissatisfaction and disloyalty. However, no significant effect 

was found on the eye sensations of customers. Moving forward, firms can use these insights to 

improve their chatbots and raise the overall CX. Nonetheless, the study was limited by 

experimental design, which should be taken into consideration when implementing the results. 

Consequently, future research could replicate this study in a real shopping setting, exploring the 

CX more in-depth. 
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Appendix A. Manipulation  

Table A1. Independent sample t-test outcome 

  No Yes  

Construct Items M SD M SD p 

Confusion How strongly do you agree 

that the more information 

you sought, the harder it 

seemed to complete the 

purchase? 

3.60 1.75 5.24 1.30 <.001 

 To what extent do you agree 

that the provided 

information was clear 

enough to complete the 

purchase?  

2.85 1.89 4.94 1.73 <.001 

 How strongly do you agree 

with: the information 

provided was so ambiguous 

that you often felt confused? 

3.53 1.96 5.74 1.32 <.001 

 To what extent do you 

agree: that seeking more 

information made 

completing your purchase 

less confusing? 

3.13 1.55 4.13 1.50 <.001 

Time 

Pressure 

To what extent do you agree 

that you had enough time to 

complete the purchase? 

2.52 1.50 2.67 1.54 .234 

 How strongly do you agree 

that you felt like you were 

under time pressure while 

making the purchase?  

3.51 1.88 4.21 2.02 <.05 



 To what extent do you agree 

that the presence of a timer 

made you feel rushed during 

the purchase?  

3.74 1.86 5.11 1.84 <.001 

Note: M = Mean, SD = Standard Deviation.  

 

Figure A1. Condition one (no confusion and no time pressure) 

 

 

 

 

 

 

 

 

 



Figure A2. Condition two (yes confusion and no time pressure) 

 

Figure A3. Condition three (no confusion and yes time pressure) 

 

 

 



Figure A4. Condition four (yes confusion and yes time pressure) 

 

  



Appendix B. Operationalization Table 

Concept Measurement description  Source 

Sensations   

Salminen et al. (2018) Gaze behavior Total number of fixations 

 Average duration of fixations 

Thoughts    

 Please take me through what you were thinking 

as you were attempting to help me resolve the 

purchase error we encountered. 

What actions crossed your mind in the process of 

resolving this error? 

Would you please elaborate by telling me what 

was valuable in achieving the outcome of the 

shopping experience and how? 

- 

Utilitarian value To what extent do you agree that we have 

accomplished what we wanted from this 

purchase? 

To what extent do you agree that we were 

effective in completing the purchase? 

To what extent do you agree that the way the 

error was resolved was useful? 

How strongly do you agree that this shopping 

experience with me was valuable? 

Babin et al. (1994) 



Customer 

experience 

outcomes 

  

Satisfaction So as an outcome, to what extent would you say 

that you are satisfied with the shopping 

experience? (Strongly Dissatisfied – Strongly 

Satisfied)   

- 

Loyalty How likely is it that you would tell a friend or 

colleague about this shopping experience? 

(Highly Unlikely – Strongly Likely) 

How likely is it that you would use this shopping 

experience again? (Highly Unlikely – Strongly 

Likely) 

Reichheld (2003) 

Control 

variables 

  

Age Can you please provide me with your age? - 

Gender What is the gender you identify with the most? 

(1) Male, (2) Female, (3) Other, (4) Prefer not to 

say 

- 

Tolerance for 

ambiguity 

To what extent do you agree that you prefer 

situations in which there is some ambiguity? 

McLain (2009) 



How strongly would you agree that you enjoy 

tackling problems that are complex enough to be 

ambiguous? 

To what extent do you agree that you generally 

prefer novelty to familiarity? 

Confusion 

Avoidance 

To what extent do you agree that providing clear 

information is the basis for avoiding confusion? 

To what extent do you agree that you want to see 

unambiguous information when resolving 

confusing issues occurring in shopping 

experiences? 

To what extent do you agree that you enjoy 

tackling issues pertaining to confusion occurring 

from ambiguous information? 

Schweizer et al. (2006) 

Realness of 

chatbot 

To what extent do you agree that I behaved like 

an automated assistant? 

- 

Distraction To what extent do you agree that you sensed 

something in your surroundings that hindered 

you from fully concentrating on your experience 

with me? 

- 

Problem solving 

preference 

To what extent do you agree that you would 

have preferred chatting to a human agent as 

- 



opposed to me when encountering the error we 

had? 

Manipulation 

Check 

  

Confusion How strongly do you agree that the more 

information you sought, the harder it seemed to 

complete the purchase? 

To what extent do you agree that the provided 

information was clear enough to complete the 

purchase?  

How strongly do you agree with: the information 

provided was so ambiguous that you often felt 

confused? 

To what extent do you agree: that seeking more 

information made completing your purchase less 

confusing? 

Sproles and Kendall 

(1986) 

Time pressure To what extent do you agree that you had 

enough time to complete the purchase?  

How strongly do you agree that you felt like you 

were under time pressure while making the 

purchase?  

De Dreu (2003) 



To what extent do you agree that the presence of 

a timer made you feel rushed during the 

purchase?  

 



Appendix C. Consent Form 

Consent form  

  
Purpose:   

The purpose of this study is to investigate responses to shopping bots.   

  

Equipment:  

Pupil Labs eye-tracking equipment, Empatica E4 wristband, iPhone XR and MacBook Pro 16-inch 2021.  

  

Procedure:  

During this experiment, you will be asked to interact with a shopping bot. Please confirm the following. I confirm that 

I do not have any physical, mental or health-related reasons or problems that should preclude my participation in this 

study, and I also confirm that I assume all of the physical, psychological, and financial risks associated with the use of 

the above indicated equipment.  

If you agree to participate in this experiment, you will be asked to do the following:  

Interact with our Radboud shopping bot as you would normally in an online environment, while wearing the Pupil 

Labs eye-tracking equipment and Empatica E4 wristband. The eye-tracking equipment measures your physiological 

response in terms of pupil fixations and pupil dilation during the experience, and the Empatica E4 wristband logs your 

level of arousal. Further, your facial expressions will be recorded using the iPhone XR, and other activities will be 

captured using screen recording software on a MacBook Pro 16-inch 2021. The total time that is required to complete 

this study is approximately 15 minutes including instructions, calibrating, and debriefing.  

  

Health notice/risk  

The devices used in this experiment are not expected to cause any physical harm or other discomforting feelings. I 

voluntarily assume all associated risks and take full responsibility for these and any other consequences that may arise 

from my participation.   

  

Confidentiality:  

Your participation is voluntary, and you can leave the lab experiment at any time, without a reason or permission, even 

after signing this consent form. The data that is provided by you will be kept confidential and stored in a responsible 

and correct way. In addition, these data are only used for research purposes and not for any other secondary purposes. 

Personal and sensitive data will not be recorded, and the experiment is completely anonymous. The information from 

this research might be published in the Radboud Thesis repository. Lastly, the information and results from this project 

may be submitted for publication in academic journals, however, this will not include personal data and data cannot 

be traced back to you in any way.   

  

Contact:  

If you are interested in the results of this experiment or have any questions, please contact the research team via …, 

email:… 

  

Statement of consent:  

I have read the above information; I understand this completely and I consent to participate in this experiment.   

  

___________________________________________________            

Name of Participant  

  

___________________________________________________                                     _______________  

Signature of Participant                                                                                                     Date  

  

Thank you for your participation!    

 



Appendix D. Script Chatbot 

1. – Please interact with our Radboud shopping bot as you would normally in an online 

environment – 

2. Hi, I am Cody, and will be your shopping assistant for the day. Before we begin, could 

you please provide me with your assigned participant ID? 

*Participants sends participant ID* 
3. Great, thank you! How are you doing today?  

a. *Answer with a positive or neutral expression:*  

i. Great, let’s continue then. 

b. *Answer with a negative expression:* 

ii. That is unfortunate. I still hope you can help me out, let’s continue. 

c. *Completely inappropriate answer: * 

iii. Okay, thank you for sharing, let’s continue. 

4. I am thankful that you are helping me today to improve my design. As a shopping bot my 

purpose is to enhance your shopping experience and help you complete a purchase. 

Let's start shopping, I will provide you with a link to a website where we can make the 

purchase. 

5. *send link based on condition* 

6. * Delete the link when they have entered the site* 

a. *When asking why the link was deleted*:  

i. The link has expired, but you can still continue on the website.   

b. *When asking what to do*  

iv. Please add the purchase to your basket. 

b. *When asking what the timer means*: 

i. After three minutes, the session will expire, and the purchase cannot be 

completed. 

7. *Wait for the error screen AND for the participant to contact shopping bot*  

a. *Not respond within 1 min of encountering the error*:  

ii. Oops something went wrong with adding the item to your basket    . 

Please send me the error number you see on the screen so I can try to 

solve the error for you. 

b. * Asks what they should do/ask for a number for the first time*:  

iii. It seems you stumbled upon an error when adding the item to your 

basket. Please send me the error number you see on the screen so I can 

try to solve the error for you. 

c. * Asks again for clarification etc. *:  

iv. I cannot provide further assistance without you providing me with the 

error number you see. Please send me the error number you see on the 

screen so I can try to solve the error for you. 



*IF NON-CONFUSION:*  
*Accept any code/number the participants answers*  

*ELSE IF CONFUSION:* 
I am unable to use this number, please provide me with an alternative displayed 

  error number so I can try to solve the error for you. (3X) 
* If the participant repeats the same number(s) *: You have already provided me 

   with this number, but I am unable to use it. Please provide me with an alternative 
   displayed error number so I can try to solve the error for you. 
8. I think I managed to sort the problem out, can you please confirm to me if the purchase 

has been completed by checking this link *send link* 

9. * Wait for the participant to confirm *  

a. * If participant does not respond within 30 seconds *: 

v. Is there something wrong? I am confident that I managed to fix the error 

for you, can you please check this link and confirm *send link* 

10. * If participant confirms the purchase has been made *: 

a. Great to hear, it looks like we managed to resolve the issue together. To learn 

from this experience and help me improve for the next time, please help me in 

answering some questions. I would like you to reflect on your shopping 

experience with me. Please tell me how strongly you agree or disagree with my 

upcoming questions by typing in the corresponding numbers (when applicable). 

Let’s get started. 

11. Response options: 

a. *When answering in another way than a number*: 

vi. I was expecting a number, please reply to me with the respective number 

indicating your closest choice. 

b. *When participant answer off scale for example “8” *:  

vii. Your choice is not reflected in the answer possibilities, please reply to me 

with the respective number indicating your closest choice. 

c. *When participant don’t understand question*:  

viii. I am afraid I am unable to provide you with further assistance. Please 

answer with the best of your abilities.  

12. How strongly do you agree that the more information you sought, the harder it seemed 

to complete the purchase? 

(1) Strongly Disagree (2) Disagree (3) Somewhat Disagree (4) Neither Disagree nor Agree 
(5) Somewhat Agree (6) Agree (7) Strongly Agree 

13. Ok, and to what extent do you agree that the provided information was clear enough to 

complete the purchase? 

(1) Strongly Disagree (2) Disagree (3) Somewhat Disagree (4) Neither Disagree nor Agree 
(5) Somewhat Agree (6) Agree (7) Strongly Agree 

14. I see, and how strongly do you agree with: the information provided was so ambiguous 

that you often felt confused? 



(1) Strongly Disagree (2) Disagree (3) Somewhat Disagree (4) Neither Disagree nor Agree 
(5) Somewhat Agree (6) Agree (7) Strongly Agree 

15. Alright, and to what extent do you agree: that seeking more information made 

completing your purchase less confusing? 

(1) Strongly Disagree (2) Disagree (3) Somewhat Disagree (4) Neither Disagree nor Agree 
(5) Somewhat Agree (6) Agree (7) Strongly Agree 

16. Ok and moving on, to what extent do you agree that you had enough time to complete 

the purchase? 

(1) Strongly Disagree (2) Disagree (3) Somewhat Disagree (4) Neither Disagree nor Agree 
(5) Somewhat Agree (6) Agree (7) Strongly Agree 

17. Sounds good, and how strongly do you agree that you felt like you were under time 

pressure while making the purchase? 

(1) Strongly Disagree (2) Disagree (3) Somewhat Disagree (4) Neither Disagree nor Agree 
(5) Somewhat Agree (6) Agree (7) Strongly Agree 

18. Interesting… and to what extent do you agree that the presence of a timer made you 

feel rushed during the purchase? 

(1) Strongly Disagree (2) Disagree (3) Somewhat Disagree (4) Neither Disagree nor Agree 
(5) Somewhat Agree (6) Agree (7) Strongly Agree 

19. Ok, thank you for sharing. To help me further, please take me through what you were 

thinking as you were attempting to help me resolve the purchase error we encountered.   

20. I see, and what actions crossed your mind in the process of resolving this error?   

21. That is insightful thank you, and would you please elaborate by telling me what was 

valuable in achieving the outcome of the shopping experience and how? 

22. I see, so to what extent do you agree that we have accomplished what we wanted from 

this purchase? 

(1) Strongly Disagree (2) Disagree (3) Somewhat Disagree (4) Neither Disagree nor Agree 
(5) Somewhat Agree (6) Agree (7) Strongly Agree 

23. Got it, and to what extent do you agree that we were effective in completing the 

purchase? 

(1) Strongly Disagree (2) Disagree (3) Somewhat Disagree (4) Neither Disagree nor Agree 
(5) Somewhat Agree (6) Agree (7) Strongly Agree 

24. Good, and to what extent do you agree that the way the error was resolved was useful? 

(1) Strongly Disagree (2) Disagree (3) Somewhat Disagree (4) Neither Disagree nor Agree 
(5) Somewhat Agree (6) Agree (7) Strongly Agree 

25. Moreover, how strongly do you agree that this shopping experience with me was 

valuable? 

(1) Strongly Disagree (2) Disagree (3) Somewhat Disagree (4) Neither Disagree nor Agree 
(5) Somewhat Agree (6) Agree (7) Strongly Agree 



26. Thank you for sharing, now in relation to how you felt, please tell me a bit about your 

feelings while attempting to help me resolve the purchase error. 

27. Got it! And could you now please describe your overall feelings about the shopping 

experience outcome?   

28. I see thank you for elaborating, so overall your shopping experience was …   

(1 = Extremely Displeasing, 2 = Very Displeasing, 3 = Moderately Displeasing, 4 = Slightly 
Displeasing, 5 = Neutral, 6 = Slightly Nice, 7 = Moderately Nice, 8 = Very Nice, 9 = Extremely 
Nice) 

29. Clear, and in the end, how pleasant was your shopping experience? 

(1 = Extremely Unpleasant, 2 = Very Unpleasant, 3 = Moderately Unpleasant, 4 = Slightly 
Unpleasant, 5 = Neutral, 6 = Slightly Pleasant, 7 = Moderately Pleasant, 8 = Very Pleasant, 9 = 
Extremely Pleasant)    

30. Got it, and how agreeable or disagreeable would you say your whole shopping 

experience was?   

(1 = Extremely Disagreeable, 2 = Very Disagreeable, 3 = Moderately Disagreeable, 4 = 
Slightly Disagreeable, 5 = Neutral, 6 = Slightly Agreeable, 7 = Moderately Agreeable, 8 = Very 
Agreeable, 9 = Extremely Agreeable) 

31. Thanks for that, so this shopping experience left you feeling...    

(1 = Extremely Sad, 2 = Very Sad, 3 = Moderately Sad, 4 = Slightly Sad, 5 = Neutral, 6 
=Slightly Happy, 7 = Moderately Happy, 8 = Very Happy, 9 = Extremely Happy) 

32. Thanks for sharing how you felt with me. So as an outcome, to what extent would you 

say that you are satisfied with the shopping experience? 

(1) Strongly Dissatisfied (2) Dissatisfied (3) Somewhat Dissatisfied (4) Neither Dissatisfied 
nor Satisfied (5) Somewhat Satisfied (6) Satisfied (7) Strongly Satisfied 

33. Ok, and how likely is it that you would use this shopping experience again? 

(1) Highly Unlikely (2) Unlikely (3) Somewhat Unlikely (4) Neither Unlikely nor Likely (5) 
Somewhat Likely (6) Likely (7) Strongly Likely 

34. Thanks for sharing, and how likely is it that you would tell a friend or colleague about 

this shopping experience? 

(1) Highly Unlikely (2) Unlikely (3) Somewhat Unlikely (4) Neither Unlikely nor Likely (5) 
Somewhat Likely (6) Likely (7) Strongly Likely 

35. Thank you and moving on, to what extent do you agree that you prefer situations in 

which there is some ambiguity?   

(1) Strongly Disagree (2) Disagree (3) Somewhat Disagree (4) Neither Disagree nor Agree 
(5) Somewhat Agree (6) Agree (7) Strongly Agree 

36. Alright, and how strongly would you agree that you enjoy tackling problems that are 

complex enough to be ambiguous? 



(1) Strongly Disagree (2) Disagree (3) Somewhat Disagree (4) Neither Disagree nor Agree 
(5) Somewhat Agree (6) Agree (7) Strongly Agree 

37. Great, and to what extent do you agree that you generally prefer novelty to familiarity? 

(1) Strongly Disagree (2) Disagree (3) Somewhat Disagree (4) Neither Disagree nor Agree 
(5) Somewhat Agree (6) Agree (7) Strongly Agree 

38. Got it, and to what extent do you agree that providing clear information is the basis for 

avoiding confusion? 

(1) Strongly Disagree (2) Disagree (3) Somewhat Disagree (4) Neither Disagree nor Agree 
(5) Somewhat Agree (6) Agree (7) Strongly Agree 

39. Ok, and to what extent do you agree that you want to see unambiguous information 

when resolving confusing issues occurring in shopping experiences? 

(1) Strongly Disagree (2) Disagree (3) Somewhat Disagree (4) Neither Disagree nor Agree 
(5) Somewhat Agree (6) Agree (7) Strongly Agree 

40. Moreover, to what extent do you agree that you enjoy tackling issues pertaining to 

confusion occurring from ambiguous information? 

(1) Strongly Disagree (2) Disagree (3) Somewhat Disagree (4) Neither Disagree nor Agree 
(5) Somewhat Agree (6) Agree (7) Strongly Agree 

41. Almost done, a few questions more. To what extent do you agree that I behaved like an 

automated assistant? 

(1) Strongly Disagree (2) Disagree (3) Somewhat Disagree (4) Neither Disagree nor Agree 
(5) Somewhat Agree (6) Agree (7) Strongly Agree 

42. Got it, and to what extent do you agree that you sensed something in your surroundings 

that hindered you from fully concentrating on your experience with me? 

(1) Strongly Disagree (2) Disagree (3) Somewhat Disagree (4) Neither Disagree nor Agree 
(5) Somewhat Agree (6) Agree (7) Strongly Agree 

43. Alright, and to what extent do you agree that you would have preferred chatting to a 

human agent as opposed to me when encountering the error we had? 

(1) Strongly Disagree (2) Disagree (3) Somewhat Disagree (4) Neither Disagree nor Agree 
(5) Somewhat Agree (6) Agree (7) Strongly Agree 

44. Thank you so much for sharing this with me, a few last questions before you go. 

Compared to how you felt starting this experience with me, how would you describe 

feeling now? Can you elaborate on why you feel this way? 

45. Thank you for elaborating, can you please provide me with your age? 

46. Ok, before you go, what is the gender you identify with the most? 

(1) Male, (2) Female, (3) Other, (4) Prefer not to say. 

47. Thank you for participating and being patient with me! This is the end of the experience. 

Please do not close any windows, stay seated, and wait till someone helps you.   

 



Appendix E. Data Preparation    

Table E1. Univariate statistics 

 

  

 

  N Mean Std. Deviation 

Missing No. of Extremes 

Count Percent Low High 

Age 196 25.17 8.19 1 0.5 0 18 

TfAQ1 197 3.44 1.67 0 0.0 0 0 

TfAQ2 197 4.73 1.39 0 0.0 6 0 

TfAQ3 197 4.42 1.33 0 0.0 0 0 

CAQ1 197 6.64 0.79 0 0.0 5 0 

CAQ2 197 5.86 1.54 0 0.0 11 0 

CAQ3 197 3.93 1.56 0 0.0 0 0 

FRA 197 2143.70 1077.98 0 0.0 0 1 

DRA 197 168.34 23.38 0 0.0 0 4 

FNRA 197 418.82 419.40 0 0.0 0 13 

DNRA 197 167.08 25.23 0 0.0 0 1 

ThoughtsOQ1 197 4.32 1.08 0 0.0 2 0 

ThoughtsOQ2 197 4.69 0.89 0 0.0 11 11 

ThoughtsOQ3 197 3.13 0.99 0 0.0 0 2 

ThoughtsCQ1 197 5.74 1.38 0 0.0 7 0 

ThoughtsCQ2 196 5.70 1.63 1 0.5 16 0 

ThoughtsCQ3 197 5.36 1.69 0 0.0 19 0 

ThoughtsCQ4 197 5.05 1.58 0 0.0 10 0 

Satisfaction 196 5.04 1.42 1 0.5 4 0 

Loyalty 197 4.54 1.77 0 0.0 0 0 

NPS 197 4.47 1.70 0 0.0 0 0 

Realness of 

chatbot 

196 5.76 1.21 1 0.5 7 0 

Distraction 197 2.49 1.65 0 0.0 0 0 

Problem-

solving 

preference 

196 3.98 1.80 1 0.5 0 0 

Gender 197     0 0.0     

a. Number of cases outside the range (Q1 - 1.5*IQR, Q3 + 1.5*IQR). 



Appendix F. Results 

Table F1. Fornell-Larcker criterion 

 

  Confusion DNRA DRA FNRA FRA Loyalty Satisfaction 

Thoughts 

Closed 

Confusion 1        
DNRA 0.04 1       
DRA -0.085 0.532 1      
FNRA 0.01 0.152 0.026 1     
FRA 0.19 -0.008 0.237 -0.232 1    
Loyalty -0.225 0.05 0.092 -0.003 -0.111 0.829   
Satisfaction -0.315 0.03 0.087 -0.015 -0.118 0.737 1  
Thoughts Closed -0.392 0.057 0.045 -0.003 -0.138 0.707 0.75 0.785 

 

Table F2. Heterotrait-monotrait ratio (HTMT) 

 

  Confusion DNRA DRA FNRA FRA Loyalty Satisfaction 

Thoughts 

Closed 

Confusion         
DNRA 0.040        
DRA 0.085 0.532       
FNRA 0.010 0.152 0.026      
FRA 0.190 0.008 0.237 0.232     
Loyalty 0.274 0.07 0.094 0.026 0.152    
Satisfaction 0.315 0.03 0.087 0.015 0.118 0.854   
Thoughts Closed 0.451 0.063 0.063 0.110 0.157 0.909 0.829   

 

Table F3. Path coefficients and significance 

Hypothesis Path β t-value p-value Support 

H1a: Customer Confusion → satisfaction -0.395 3.115 <0.001*** Yes 

H1b: Customer Confusion → Loyalty -0.228 1.606 0.054 No 

H2: Customer Confusion → Total Fixation RA 0.318 2.062 0.020* Yes 

Customer Confusion → Total Fixation 

NON-RA 

-0.038 

 

0.274 0.392 No 

Customer Confusion → Average Duration 

RA 

-0.172 1.073 0.142 No 

Customer Confusion → Average Duration 

NON-RA 

0.174 1.070 0.142 No 

H3: Customer Confusion → Thoughts -0.551 4.453 <0.001*** Yes 



 

Table F4. Path coefficient, t-value, and p-value of control variables 

 

Path β t-value p-value 

Age -> Duration Non-Relevant -0.124 1.800 0.036* 

Age -> Duration Relevant -0.223 3.310 <0.001*** 

Age -> Fixations Non-Relevant 0.037 0.387 0.349 

H4a: Customer Confusion → Total Fixation RA 

→ Satisfaction 

-0.006 0.294 0.385 No 

Customer Confusion → Total Fixation 

NON-RA → Satisfaction 

-0.001 0.112 0.455 No 

Customer Confusion → Average Duration 

RA → Satisfaction 

-0.014 0.758 0.224 No 

Customer Confusion → Average Duration 

NON-RA → Satisfaction 

-0.016 0.780 0.224 No 

H4b: Customer Confusion → Total fixation RA → 

Loyalty 

-0.005 0.256 0.399 No 

Customer Confusion → Total fixation NON-

RA → Loyalty 

-0.001 0.088 0.465 No 

Customer Confusion → Average duration 

RA → Loyalty 

-0.016 0.819 0.206 No 

Customer Confusion → Average duration 

NON-RA → Loyalty 

-0.010 0.587 0.279 No 

H5a: Customer Confusion → Thoughts → 

Satisfaction 

-0.378 

 

4.189 <0.001*** Yes 

H5b: Customer Confusion → Thoughts → Loyalty -0.404 

 

4.215 <0.001*** Yes 

H6a: Customer Confusion → Total Fixation RA 

→ Thoughts → Satisfaction 

-0.001 0.070 0.472 No 

Customer Confusion → Total Fixation 

NON-RA → Thoughts → Satisfaction 

-0.002 0.187 0.426 No 

Customer Confusion → Average Duration 

RA → Thoughts → Satisfaction 

0.002 0.121 0.452 No 

Customer Confusion → Average Duration 

NON-RA → Thoughts → Satisfaction 

0.002 0.187 0.426 No 

H6b: Customer Confusion → Total fixation RA → 

Thoughts → Loyalty 

-0.001 0.069 0.427 No 

Customer Confusion → Total fixation NON-

RA → Thoughts → Loyalty 

-0.002 0.196 0.422 No 

Customer Confusion → Average duration 

RA → Thoughts → Loyalty 

0.002 0.121 0.452 No 

Customer Confusion → Average duration 

NON-RA → Thoughts → Loyalty 

0.002 0.188 0.426 No 

*p < 0.05, **p < 0.01, ***p < 0.001 



Age -> Fixations Relevant 0.015 0.180 0.428 

Age -> Loyalty -0.071 1.267 0.103 

Age -> Satisfaction -0.071 1.241 0.107 

Age -> Thoughts Closed -0.145 2.064 0.020* 

Realness of Chatbot -> Duration 

Non-Relevant 0.095 1.420 0.078 

Realness of Chatbot -> Duration 

Relevant 0.064 1.009 0.157 

Realness of Chatbot -> Fixations 

Non-Relevant -0.098 0.98 0.164 

Realness of Chatbot -> Fixations 

Relevant -0.013 0.158 0.437 

Realness of Chatbot -> Loyalty 0.064 1.177 0.120 

Realness of Chatbot -> Satisfaction 0.085 1.411 0.079 

Realness of Chatbot -> Thoughts 

Closed 0.021 0.308 0.379 

Distraction -> Duration Non-Relevant 0.145 1.610 0.054 

Distraction -> Duration Relevant 0.092 1.155 0.124 

Distraction -> Fixations Non-

Relevant 0.096 1.150 0.125 

Distraction -> Fixations Relevant 0.003 0.039 0.484 

Distraction -> Loyalty 0.037 0.698 0.243 

Distraction -> Satisfaction 0.078 1.578 0.057 

Distraction -> Thoughts Closed 0.018 0.276 0.391 

Problem-Solving Preference -> 

Duration Non-Relevant -0.063 0.783 0.217 

Problem-Solving Preference -> 

Duration Relevant 0.087 1.095 0.137 

Problem-Solving Preference -> 

Fixations Non-Relevant 0.109 1.877 0.030* 

Problem-Solving Preference -> 

Fixations Relevant 0.114 1.504 0.066 

Problem-Solving Preference -> 

Loyalty -0.064 1.094 0.137 

Problem-Solving Preference -> 

Satisfaction -0.106 1.811 0.035* 

Problem-Solving Preference -> 

Thoughts Closed -0.352 5.337 <0.001*** 

Confusion Avoidance -> Duration 

Non-Relevant 0.009 0.132 0.448 

Confusion Avoidance -> Duration 

Relevant 0.032 0.432 0.333 



Confusion Avoidance -> Fixations 

Non-Relevant 0.066 1.346 0.089 

Confusion Avoidance -> Fixations 

Relevant 0.017 0.219 0.413 

Confusion Avoidance -> Loyalty -0.032 0.664 0.253 

Confusion Avoidance -> Satisfaction -0.065 1.371 0.085 

Confusion Avoidance -> Thoughts 

Closed 0.002 0.034 0.487 

Gender -> Duration Non-Relevant 0.319 2.385 0.009** 

Gender -> Duration Relevant 0.247 1.799 0.036* 

Gender -> Fixations Non-Relevant -0.252 1.787 0.037* 

Gender -> Fixations Relevant 0.114 0.755 0.225 

Gender -> Loyalty 0.106 1.120 0.131 

Gender -> Satisfaction 0.021 0.207 0.418 

Gender -> Thoughts Closed 0.055 0.408 0.342 

Tolerance for Ambiguity -> Duration 

Non-Relevant 0.024 0.255 0.399 

Tolerance for Ambiguity -> Duration 

Relevant -0.032 0.284 0.388 

Tolerance for Ambiguity -> Fixations 

Non-Relevant -0.116 1.458 0.072 

Tolerance for Ambiguity -> Fixations 

Relevant 0.038 0.405 0.343 

Tolerance for Ambiguity -> Loyalty -0.003 0.054 0.478 

Tolerance for Ambiguity -> 

Satisfaction -0.002 0.042 0.483 

Tolerance for Ambiguity -> Thoughts 

Closed 0.057 0.752 0.226 

*p < 0.05, **p < 0.01, ***p < 0.001 


