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PREFACE

Artificial intelligence (AI) is becoming more and more integrated into many
industries, which has completely changed how companies run. In fields including
academics, healthcare, and beauty, AI-Chatbots have become one of the most
effective Al applications, offering efficiency and convenience. AI-Chatbots can

help businesses cut expenses, increase efficiency, and decrease mistakes.

However, despite these advancements, there is a noticeable lack of research on
relationship marketing affecting customer experience in using Al-Chatbots. This
gap inspired me to explore how Al-Chatbot affects customer experience in this
context. I aim to identify the factors that shape customer experience with Al-
Chatbots and provide insights that businesses can leverage to optimize their

strategies.

I started by studying the foundations of artificial intelligence and its uses before
progressively focusing on AI-Chatbots to conduct this research. I seek to guarantee
the correctness and applicability of my conclusions by carefully examining
trustworthy and pertinent sources. Under the direction of my supervisor, I wrote this
project with the goal of making a significant contribution to a field of research that

has not received enough attention.



ABSTRACT
Artificial intelligence (AI) chatbots are becoming a major corporate customer-
facing tool that can lower costs and improve customer service efficiency. The way
customers communicate with one another is being revolutionized by AI-Chatbot.
Empirical studies on customer experiences facilitated by AI-Chatbot are scarce.
Few studies have attempted to evaluate the security and quality of services that Al
chatbots offer to users. To anticipate customer trust and grounding leads to impact
customers' experience, this study applies service quality and security by integrating
Al-Chatbot's characteristics. The objective of the research is to investigate the
factors affecting customer experience in using AI-Chatbot while considering the
mediating roles of trust and grounding. The theoretical model put out in this study
is based on the SOR model, customer experience theory, and service quality theory.
Data was gathered from 385 consumers who answered online surveys about their
experiences with Al-Chatbot. The total number of valid responses is 334. The
methodology was covered by analyzing 334 responses using partial least squares-
structural equation modeling. The results show how important trust and grounding
mediate between the AI-Chatbot's service quality, security and customer experience.
As aresult, the customer's trust and grounding greatly impact customer experience.
Thus, all the constructs are valid and reliable. Through the proposal and evaluation
of Al-Chatbot's service quality and security, this work makes theoretical and
practical contributions. Retailers, business, and technology developers using Al-
Chatbots in general industry to serve their customers can also benefit from the
study's practical consequences. This study has theoretical implications by extending
the stimulus-organism-response (SOR) framework. Limitations of the study include
the lack of diverse demographics, perspectives, and other limitations. Future

research could be conducted from different demographics and perspectives.

Keyword: AI-Chatbot, Security, Trust, Grounding, Customer Experience

xi



CHAPTER 1: RESEARCH OVERVIEW

1.0 Introduction

The research background, research problem, research objectives, research questions,

and significance of the study are the five sections that make up this chapter.

1.1 Research Background

The way that businesses engage with their customers could be completely
transformed by the introduction of artificial intelligence (AI) (McLean & Osei-
Frimpong, 2019). Artificial intelligence differs from human intelligence through its
rapid data processing, transforming data into information to guide goal-oriented
behavior (Paschen, Kietzmann, & Kietzmann, 2019). Al is the term used to describe
computers, systems, algorithms, or programs that display intelligence (Shankar,
2018). Conversational agents are becoming one of the most promising applications
of artificial intelligence in the context of digital marketing and online shopping

(Yang et al., 2021).

Businesses are increasingly implementing Al technology backed by data analytics
to enhance customer-brand interactions in response to pressure on margins, faster
strategy cycles, and higher customer expectations. The entire customer experience
is improved by Al developments, which offer better insights into consumer
preferences and buying patterns (Evans, 2019). Al-enabled services could be
included into a marketing plan aimed at increasing client engagement and loyalty
to improve operational efficiency and expedite interactions (Kronemann, 2022;
Nguyen et al., 2021; Prentice & Nguyen, 2020).

With more than 100,000 chatbots developed on Facebook Messenger since 2017,

people have been interacting with Al chatbots on social media and messaging apps
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more often (Araujo, 2018). Chatbots are currently used in a variety of industries,
including marketing (17%), support (37%) and sales (41%) (Misischia et al., 2022).
By 2020, 85% of customer service interactions will be managed by automated
systems instead of human customer service representatives (Gartner,2016). By 2024,
the market for AI-Chatbots and associated technologies is predicted to surpass $1.34
billion. 95% of customer service interactions are predicted to be assisted by

technology by 2025. (Crolic et al., 2022).

Al-Chatbot is a software tool that interacts with humans by synthesising voice or
text to resemble human conversation for amusement or information retrieval
(Dahiya, 2017). The first AI-Chatbots were developed in 1966 (Giizeldere &
Franchi, 1995), but their application was restricted by hardware and network
limitations. Advancements in Al and natural language processing (NLP) have
enabled Al-Chatbots to engage in more complex discussions, expanding their use
in e-commerce, including financial consultations and customer support (Heo & Lee,

2018).

With the use of sophisticated language models, Al -Chatbots such as ChatGPT
converse with customers in natural language while transforming inputs into
responses that are pertinent to the context and coherent (Dilmaghani, 2023; Felstad
et al., 2018). Al, NLP, and machine learning technologies are used in Al-Chatbots,
which are computer programmes that simulate human speech (Adamopoulou &
Moussiades, 2020).

Al-Chatbots, such as Alexa and message bots, are frequently utilized for customer
support on e-commerce websites and applications. Natural communication is a
crucial component of landing pages, which are used to engage with customers and
offer solutions (Doorn et al., 2017; Sheehan et al., 2020). Therefore, the service

quality of AI-Chatbot will enhance customer experience.

The use of Al technology and the need for ever-increasing amounts of data may
compound customers' lack of trust (Dwivedi et al., 2019). Customers may feel a
less satisfactory experience if there is no human interaction or if additional work is

needed. For Al-powered consumer experiences, better understanding is required

Page 2 of 122



(Ameen et al., 2021). Thus, Customer trust, grounding, experience are influenced
by Al-Chatbot components such tangibles, reliability, responsiveness, assurance,
and empathy. The impact they have on the customer experience will be investigated

in this study.

1.2 Research Problem

There are many studies on the quality of interpersonal services in the body of
current research (Prentice & Kadan, 2019; Scheidt & Chung, 2019; Suhartanto et
al., 2019), however there are still lacking studies on how users react to automated
services, particularly those with artificial intelligence (Al) (Prentice, Lopes, &
Wang, 2020) specifically AI-Chatbot. Although AI-Chatbots have great potential
for e-retailing, barriers such as a lack of context awareness and design experience
prevent their widespread use. A comprehensive investigation into the factors that
genuinely enhance chatbot functionality with customers is lacking (Przegalinska et
al., 2019). Thus, this research investigates the relationship between the service

quality and customer experience.

There is research to describes from the viewpoint of the customer, the essential
success criteria for Al-enabled customer experiences (Ameen et al., 2021). However,
it is lacking on investigate the security of Al technology from a customer
perspective. As AI-Chatbots get smarter and more powerful, new kinds of attacks
that take advantage of vulnerabilities could appear. According to ET CISO (2024),
sensitive client health information was made public on Telegram chatbots in
September 2024 due to a major breach at the insurance company Star Health.
Addressing emerging risks requires ongoing study and development. AI-Chatbots
depend on information security, which offers a chance to investigate how security

affects the user experience.

The preservation of user trust and data protection is an important aspect to Al-
Chatbots' success and broad use (Yang et al., 2023). AI-Chatbots’ service quality

and security in safeguarding data and privacy determines customer trust. Following

Page 3 of 122



the idea of least collaborative effort, people should try to ground with as little
cooperative effort as possible. But depending on the communication route, the
amount of work needed changes significantly (Clark & Brennan, 1991). Good
service quality and a protective AI-Chatbot affect the customer's effort to ground

with the AI-Chatbot as it serves as a communication medium.

1.3 Research Objectives

1.3.1 General Objective

The objective of this study is to examine the factors influencing the
customer's experience of Al-Chatbots while taking grounding and

trust into account as mediating elements.

1.3.2 Specific Objectives

RO1: To investigate the relationship between service quality and

trust.

RO2: To investigate the relationship between service quality and

grounding.
RO3: To investigate the relationship between security and trust.
RO4: To investigate the relationship between security and grounding.

ROS5: To investigate the relationship between trust and customer

experience.
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RO6: To investigate the relationship between grounding and

customer experience.

RO7: To investigate trust mediates the relationship between service

quality and customer experience.

ROS: To investigate trust mediates the relationship between security

and customer experience.

RO9: To investigate grounding mediates the relationship between

service quality and customer experience.

RO10: To investigate grounding mediates the relationship between

security and customer experience.

1.4 Research Questions

RQ1: What is the relationship between service quality and trust?

RQ2: What is the relationship between service quality and grounding?

RQ3: What is the relationship between security and trust?

RQ4: What is the relationship between security and grounding?

RQ5: What is the relationship between trust and customer experience?

RQ6: What is the relationship between grounding and customer experience?

RQ7: What is the relationship between service quality and customer

experience mediated by trust?
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RQ8: What is the relationship between security and customer experience

mediated by trust?

RQ9: What is the relationship between service quality and customer

experience mediated by grounding?

RQ10: What is the relationship between security and customer experience

mediated by grounding?

1.5 Research Significance

This research is significant because it examines how AI-Chatbots powered by
artificial intelligence will impact the customer experience soon. With the aid of Al
technology, customers can now plan their shopping activities (Kunz et al., 2019),
practitioners of management and marketing are presented with both new difficulties
and opportunities (Haenlein & Kaplan, 2019). Through this research, they better
evaluate customers’ experience in using AI-Chatbot. Young customers have higher
expectations for "nowness" and customisation, so marketers must ensure their Al
systems can fulfil and meet this demand (Chattaraman et al. 2019). To meet
consumer expectations, marketers can use this research to evaluate the aspects that

affect the customer experience with AI-Chatbots.

To improve and expand customer experiences, marketing managers must
experiment with the application of novel tools and strategies, like Al-driven service
(Crolic et al. 2022). By preventing poor service quality and security issues that
impact the customer experience, this research assists marketing managers in making
successful use of AI-Chatbots. It evaluates the efficacy and long-term sustainability
of AI-Chatbots in customer service while tackling sociological and economic issues
for economic practitioners. With its foundation in SOR theory, it investigates how

customer trust and grounding are affected by the AI-Chatbot’s service quality and
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security, effect on their experience, giving scholars a better knowledge of how

customers behave.

1.6 Conclusion

This chapter focuses on the problem regarding customer experience in using Al-
Chatbot. At chapter 2 present review of past studies to understand factors affecting

the customer experience in using AI-Chatbot.
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CHAPTER 2: LITERATURE REVIEW

2.0 Introduction

To understand customer experience in using AI-Chatbot, the stimulus-oragnism-
response (SOR) model is applied to investigate the service quality and security of

Al-Chatbot affect the trust and grounding of customer.

2.1 Underlying Theory

It was originally created that the "stimulus-organism-response framework" by
Mehrabian & Russell (Cheng et al., 2021) and then modified by Jacoby (2002).
According to the SOR framework, people will respond and behave in particular
ways depending on the circumstances (Kamboj et al., 2018). There are two main
types of reaction behaviours that people exhibit: those that involve positive actions,
like exploring and affiliate, and those that involve negative actions, like wanting to
react negatively (Kim et al., 2020). The SOR framework has been expanded upon
by previous research to include a variety of domains, including online shopping
(Eroglu et al.,2003), experience with websites (Mollen & Wilson, 2010), retail
industry customer behaviour (Rose et al., 2012) and the travel and tourism sector

(Kim et al.,2020).

SOR theory, a psychological theory for analysing consumer behaviour, has been
used extensively in e-commerce (Fiore & Kim, 2007; Chang et al., 2011; Wu & Li,
2018). For instance, Eroglu et al. (2003) contended that the virtual platform's
ambient or atmospheric cues (S-stimuli) have the potential to impact users'
emotions or cognition (O-organism), subsequently influencing their behavioural
results (R-response). The SOR framework is used in this study to describe how

customers behave and interpret information when interacting with an online store's
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text-based chatbot. According to the S-O-R paradigm, observable behavioural
responses are the consequence of internal organismic reactions triggered by external
stimuli (Cheng et al., 2022). An AI-Chatbot's responsiveness, accuracy, speed, and
helpfulness are examples of its external stimulus (S). Its overall service quality is
its primary focus. Trust between AI-Chatbot users is seen as an internal organism
(O) that symbolises a person's emotional and mental condition, or what is known as
their "organism". The ultimate behavioral reaction is consumer e-brand loyalty (R)
which shows how much a customer's interactions with the AI-Chatbot have

influenced their online brand loyalty (Shahzad et al., 2024).

2.2 Review of Literature

2.2.1 Service Quality

The definition of service quality is a customer's subjective
assessment of the service throughout its interactive delivery process
(Dabholkar et al., 2000; Parasuraman et al., 1988). The expectancy
disconfirmation theory serves as the foundation for this
conceptualization of service quality (Collier & Bienstock, 2006),
where the results of the evaluation of service quality are determined
by comparing the perceived quality of the service received with pre-
existing expectations of what that service should give (Choi, Lee,
Lee, & Subramani, 2004). It was suggested that customer perceived
value and satisfaction are influenced by the quality of information,
system, and service on a website, which greatly impacts their service

experience (Wang et al., 2016).

Furthermore, SERVQUAL (Service Quality) and SERVPERF
(Service Performance) are the two primary tools frequently used to
measure the service quality of Al-Chatbot. Whereas SERVPERF

concentrates exclusively on customer perceptions, SERVQUAL
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addresses both the expectations and perceptions of customers'
evaluations. When it comes to predicting overall service quality,
SERVQUAL and SERVPERF are equally reliable (Thanh et al.,
2023). While SERVPEREF is advised due to its strong theoretical
model, SERVQUAL is thought to be helpful for diagnostic purposes
(Carrillat et al., 2007).

The SERVPERF model was developed by Cronin and Taylor, 22
items in the model that span five dimensions: assurance, empathy,

responsiveness, tangibles, and reliability (Cronin & Taylor, 1992).

The service quality’s concept has multiple dimensions (Korfiatis et
al., 2019). Researchers have looked at SERVQUAL, one of the most
widely used measures for assessing service quality, in a variety of
contexts (Parasuraman et al., 1988). Numerous offline and online
contexts have made extensive use of this scale (Jiang et al., 2002;

O’Neill et al., 2001).

The SERVQUAL model, which is helpful for diagnostic purposes,
is used in this study to measure service quality (Carrillat et al., 2007).
It has five dimensions are tangibles, reliability, responsiveness,

assurance, and empathy.

According to Parasuraman et al. (1998), physical facilities, tools,
and personnel appearances are considered tangibles, while the
ability to provide the promised service accurately and consistently is
referred to as reliability. On the other hand, the willingness to help
customers by offering immediate assistance is referred to as
responsiveness. Assurance is the ability of the employees to inspire
confidence and trust as well as their knowledge and politeness
includes the dimensions of understanding, access, communication,
competence, security, and credibility (Meyer-Waarden et al., 2020).
The AI-Chatbot’ s service quality refers to credibility to give

customers assurance and inspire their confidence and trust. Next,
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Empathy refers to a company's thoughtful, individualized attention

to its customers.

2.2.2 Security

Concerning the security and privacy of users' private information are
raised by the fact that as these systems proliferate, their
susceptibility to security threats and attacks also increases
(Adamopoulou & Moussiades, 2020). Users face the danger of
having their data misused, accessed without authorization, or
compromised, which emphasizes how crucial it is to handle privacy
issues for both data security and consumer trust (Gumusel et al.,
2024).

If users don't know how their data is being used or who can access
it, they might feel uneasy by sharing private information with Al-
Chatbots. The collection, storing, and use of data by Al-Chatbots
must all be transparent to developers. To mitigate security concerns
with Al-Chatbots, developers can employ blockchain technology
and end-to-end encryption to safeguard user data, guaranteeing its
availability, confidentiality, and integrity (Yang et al., 2023).

Developers can also apply organisational, managerial, and technical
controls. This includes training staff members and users in security
awareness, enforcing access controls, and performing routine
security assessments. Additionally, users are taught data security
procedures and are motivated to properly safeguard their personal

data through security awareness training (Yang et al., 2023).

Security audits are crucial because they independently confirm that
ChatGPT follows its privacy and security guidelines. Although
security is of utmost importance to OpenAl, there is a dearth of
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information available about the datasets utilised to train ChatGPT,
how its algorithm and Al model operate, the details of data storage,
access and usage protocols, and the sharing of data with
unauthorised parties. Security audits evaluate security and privacy
procedures after the fact. Al-Chatbot must provide users with the
option to request an audit trail that shows when, by whom, and for
what reason their personal information was accessed for users to feel

comfortable trusting its security and privacy claims (Li, 2015).

2.2.3 Trust

Meanwhile, the customer's faith in the calibre and reliability of the
company's services is define as trust (Garbarino & Johnson, 1999).
As Al systems grow more complex and self-governing, trust is
essential to their broad adoption and integration (Paliszkiewicz &
Goluchowski, 2024). The psychological process of building trust
refers to lower uncertainty and boost the possibility of fruitful
interactions with external entities (Lukyanenko, Maass & Storey,
2022; Venger & Dozortsev, 2023).

Moreover, trust and the overall perception that customers have of a
service are greatly influenced by reliability. As seen via the human
factor, reliability is essential to service quality. According to this
study, responsiveness has a lesser impact on customer satisfaction
than empathy and dependability. Reliable service, individualized
attention, timely delivery, and trust-building are how these elements
are attained (Johnson & Karlay, 2018).

In the relationship between humans and technology, trust can be put
in the technology or the technology's supplier (Siau & Wang 2018),
which may impact on how individuals use technology (Kronemann,

2022). Trust will improve acceptance and reduce reactive behaviour.
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Transparency and disclosure are obviously necessary, but when
examining the implications of Al, trust is still a crucial factor to

consider (Kronemann, 2022).

By utilizing AI-Chatbots for targeted, interactive, and engaging
marketing, businesses may improve their relationship with the
public while increasing brand loyalty, communication, and trust

(Chanda, 2024).

The success of automated services depends on trust, as it establishes
the parameters of the interaction between humans and automation
(Hengstler, Enkel, & Duelli, 2016). As customers want to maintain
control over how retailers use their data, privacy is an essential
component of trust (Wang et al., 2019). Prior research has shown
that trust can affect how different factors, like convenience and
service quality, relate to one another when it comes to the use of Al
(Siau & Wang, 2018; Ferrario, Loi, & &Vigan" o, 2019).

2.2.4 Grounding

It is important to communicate with Al agents continuously since
this produces data that can improve system performance. Users and
the system share cognitive knowledge through their mutually
beneficial interaction; "grounding” is essential to building mutual
understanding (Jeon, 2024). Although collaborative grounding with
Al systems presents challenges, human communication achieves
this inherently (Kontogiorgos et al., 2021). Through clear verbal and
nonverbal cues that indicate understanding of earlier conversational
elements, grounding indicates mutual understanding in conversation
(Richardson & Dale, 2005). Grounding verifies that the audience has
comprehended the speaker's earlier remarks; it doesn't present any

new information. True linguistic grounding is still difficult to
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achieve, even if robots can display non-linguistic grounding signals
(Jeon, 2024).

Users should approach machine interactions differently and
emphasising that the rules governing interpersonal trust might not
apply to human-machine trust (Clark et al., 2019; Madhavan &
Wiegmann, 2007). Users perceive interactions with agents as
predominantly transactional and perceive computer talks as
utilitarian, differentiating between social and transactional functions.
When making trust judgements about machines, they place a higher
value on factors like security and performance and question the need
for humans to build relationships with machines (Clark et al., 2019).

Grounding is the crucial process of creating mutual understanding
when convergence serves as the primary interface between humans
and machine. An important factor in this process is the
communication medium (Clark & Brennan, 1991; Kontogiorgos et
al., 2021). According to Kontogiorgos et al. (2021), face-to-face
interaction is the richest form of human communication, but working
together to jointly build a common ground with robots could be
difficult, just as it is for human speakers (Cahn & Brennan, 1999;
Hildreth et al., 1998). Thus, consumers build common ground with
Al-Chatbots based on security and service quality, improve their

experience.

2.2.5 Customer Experience

Creating and improving the customer journey referred to as the
customer experience with the company is the goal of modern
marketing initiatives (Lemon & Verhoef, 2016). Customers' internal
and subjective reactions to any direct or indirect interaction with the

business are now referred to the customer experience (Schwager &
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Meyer, 2007), while it is the culmination of thoughts, feelings, and
attitudes formed over a coherent series of interactions with people,
things, and the environment (Rizomyliotis et al., 2022). The notion
of customer experience is proposed to encompass a multifaceted (i.e.,
affective, cognitive, perceptual, interpersonal, and behavioural)
customer reaction to a commercial offer or correspondence
(Jaakkola, Helkkula, & Aarikka-Stenroos, 2015; Rizomyliotis et al.,
2022).

In Al-Chatbot service, the emotional aspect of the user experience is
affected when emoticons are used (Bleier et al., 2019; Brakus et al.,
2009; Lemon & Verhoef, 2016). A crucial precondition of the
customer experience is the recognition of the customers’ emotions
(McLean et al., 2018; Edvardsson, 2005).

Businesses started to highlight experiences as a major offering to
clients in the later phases of Pine and Gilmore's "experience
economy,"” much like they do with goods, commodities, and services.
However, the study which expanded on Pine and Gilmore's
framework was the first to conduct a thorough investigation and
analysis of customer experience in marketing (Knidiri, 2021). Using
five strategic experiential modules (SEMs), "sense," "feel," "think,"
"act," and "relate", the researcher distinguished between traditional
marketing and experiential marketing. According to his theory,
things that convey relational, emotional, sensory, behavioural, and
cognitive values cause customers to interact with them and create

experiences (Verhoef et al., 2009).

In analysing the customer experience, the study considered both
intrinsic and extrinsic customer values and evaluated Al-Chatbots

on responsiveness and usability (Chen et al., 2021).

Separating extrinsic from intrinsic values, the research investigates

how Al-Chatbots affect the online customer experience. When Al-
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Chatbots are used well, businesses can provide a personalized
experience that makes users feel valued and at ease while also
enhancing extrinsic benefits like convenience, efficiency, and time

savings (Weurlander, 2023).

When interacting online, where the Al-Chatbot experience should
be smooth and engaging, intrinsic values like a sense of
accomplishment, independence, and enjoyment are essential
(Weurlander, 2023). Customers experience greater accomplishment
and satisfaction when interacting with responsive Al-Chatbots,
which enhances both intrinsic and extrinsic benefits. AI-Chatbots are
crucial in customer interactions because of their reliability and
usability, which improve customer satisfaction and the online

experience (Chen et al., 2021).

2.3 Proposed Framework

Figure 2.1: Research Proposed Framework

H7, H8
HI 7
Service Quality Trust QA
Customer
H3 H/6' Experience
Security i; Grounding
H9, H10

Source: Developed for the research.

This study's conceptual framework illustrates how customer experience is impacted
by internal organismic responses (Al-Chatbot user trust and grounding) that are
influenced by external stimuli (five dimensions of AI-Chatbot service quality and

security). Due to users' perceptions of the AI-Chatbot as trustworthy,
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knowledgeable, and transparent, high AI-Chatbot service quality and security (S)
increases AI-Chatbot user trust (O) (Rafiq et al., 2022).

Since users find AI-Chatbot interactions to be simple, personalised, and emotionally
fulfilling, high AI-Chatbot service quality (S) also plays a positive role in the Al-
Chatbot user trust and grounding (O). The growth of trust is influenced by
sentiments and emotions, since unfavorable feelings can make people distrustful of
other people (Hoff & Bashir, 2015). In this research setting, the "organism" can be
the process by which customers build trust in the text-based chatbot. Positive trust
and grounding further stimulate the creation of a positive AI-Chatbot user

experience (R) among users.

Higher levels of customer experience (R) are boosted by the combined effects of
positive Al-Chatbot user trust (O) and grounding (O). On the other hand, Al-
Chatbot service quality (S) is subpar. It will result in decreased customer experience

(R), a lower AI-Chatbot user trust (O) and grounding (O).

Past research has shown that there is a relationship between e-brand loyalty and Al-
Chatbot service quality; therefore, our study framework can serve as a theoretical

foundation and guide for doing so (Ho & Chow, 2023; Ittefaq et al., 2024).

2.4 Hypotheses Development

2.4.1 The effect of service quality on customers’ trust

When discussing AI-Chatbots, service quality takes into account a
number of factors, including tangibles, reliability, responsiveness,
assurance, and empathy. Building trust with customers is achieved
through consistent and dependable AI-Chatbot interactions (Hsu &
Lin, 2023). High-quality service can be reliably provided by Al-

Chatbots. It's possible that human employees experience fatigue-
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related errors or feelings of exhaustion, but not with them (Ruan &
Mezei, 2022). Thus, if AI-Chatbot provide high service quality to
customers consistently, their trust is strengthened. Customers are
assured of consistently receiving the same caliber of service.
According to earlier research, customers' perceptions of brands are
influenced by the technical and functional quality of services (Chiou
& Droge, 2006; Eisingerich & Bell, 2008). When considering a
service provider, customers may form an initial level of trust based
on the technology they use and how they use it, especially if there is

no other information available (Ameen et al., 2021).

H1: Service quality has positive effect on trust.

2.4.2 The effect of service quality on grounding

Another aspect of perceived service quality is responsiveness, which
encompasses staff members' readiness to provide a service that
includes timely responses, prompt answers, and prompt service
(Parasuraman et al., 1985). According to Meyer-Waarden et al.
(2020), a provider's perceived quality of service will rise if it
becomes more responsive. According to the least collaborative effort
principle, people should try to ground with the least amount of
shared effort possible (Clark & Brennan, 1991). The medium is more
conducive to grounding when the Al-Chatbot is responsive and high
service quality because can lower the total effort required. High
service quality of AI-Chatbot, customers tend to ground it. Thus, this
research hypothesis that customer grounding rise when it can
provide the required service responsiveness. There is a gap when the
service provider fails to live up to the customers' expectations. It also
results from the two parties' insufficient communication and lack of

comprehension of one another (Duy, 2021). Therefore, this study
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hypothesizes that when an Al-Chatbot provides customers with

expected high service quality, the sense of grounding will rise.

H2: Service quality has positive effect on grounding.

2.4.3 The effect of security on trust

When interacting with Al-Chatbots, users need to feel confident that
their personal information is safe and secure. For companies and
organisations that depend on Al-Chatbots for customer service and
support, a security breach could erode this trust and have dire
consequences (Yang et al., 2023). Numerous experts on privacy
contend that trust is a crucial factor in privacy risks (Raab, 1998).
Data breaches, reputational harm, decreased consumer trust, and
severe fines and penalties can all be brought on by a weak Al security
and privacy framework (Li, 2023). When an Al-Chatbot consistently
offers excellent assistance, it fosters trust in interactions with users.
Relying on the Al-Chatbot to meet their needs gives customers
confidence. The way that clients view the security and privacy of
their data when interacting with the Al-Chatbot is another factor that
influences trust (Shahzad et al., 2024). Thus, this research
hypothesis that security should be a significant element positively

influence trust.

H3: Security has positive effect on trust.

2.4.4 The effect of security on grounding

Although using these technologies well unquestionably increases

user engagement and simplifies communication processes (Folstad
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et al., 2018; Zamora, 2017), the goal of creating conversational text-
based AI-Chatbots must be carefully examined. Significant privacy
and security concerns are raised by AI-Chatbots' data collection
capabilities, which are advantageous for customisation and
improving user experience (Adam et al., 2020; Gumusel et al., 2024).
Maintaining strong privacy and security protocols while
acknowledging the vital necessity of data collection to improve user
interactions is crucial. It is important to take a careful and
responsible approach to AI-Chatbot development, as evidenced by
the change in focus from talking about the benefits of AI-Chatbots
to addressing privacy concerns (Gumusel et al., 2024). By utilizing
AI-Chatbot can mutual communication with customers to simplifies
communication processes, but this depends on the security of Al-
Chatbot. This research hypothesize that security should be a

significant element positively influence grounding.

H4: Security has positive effect on grounding.

2.4.5 The effect of trust on customer experience

Competence, generosity, and honesty are the foundations of trust in
an intelligent recommender system. By allaying doubts about their
skills and motivations, this trust increases the perceived utility of
recommendation agents (Bleier & Eisenbeiss, 2015). Believing that
the trustee can fulfil the expectations of the trustor is the foundation
of competence. Consumers look to Al applications to provide them
with helpful, individualized, and reliable recommendations. The
idea that the trustee (Al system) will prioritise the interests of the
trustor, or consumer, over its own, is reflected in the concept of
benevolence in this context. The trust that the trustee will be truthful
and honour its commitment is the final component of integrity
(Venkatesh et al., 2011). According to Siau and Wang (2018), Al
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needs trust to be embraced and developed. The study demonstrates
that without trust, people are hesitant to use a brand's Al services,
which makes adoption crucial. Ling et al. (2010) presented trust as
an independent factor influencing customer experience. It can be
seen from the statement that when customers build trust in Al
services, they are more likely to accept and utilize Al services for
their experience. This research hypothesis that trust should be a

significant element positively influence customer experience.

H5: Trust has positive effect on customer experience.

2.4.6 The effect of grounding on customer experience

Communication between humans and Al systems is essentially a
two-way process whereby the user provides feedback to the Al
system and the Al system uses system outputs to communicate its
understanding of the user. Unfortunately, there are two potential
points of failure in this communication process: either the Al
systems or the users misinterpret what the Al is trying to tell them
(Riedl, 2019). Therefore, when the AI-Chatbot does not provide
mutual communication with customers, customers may not interact
and ground with the AI-Chatbot. It will decrease customer
experience in using Al-Chatbot. This research hypothesis that
grounding should be a significant element positively influence

customer experience.

H6: Grounding has positive effect on customer experience.
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2.4.7 Mediating effect of trust between service quality and
customer experience

The association between trust and customer experience has been
examined in earlier research, either by looking at trust as a mediator
(e.g. Martin, Mortimer, & Andrews, 2015; Rose et al., 2012). When
using a technology-enabled service, where they trust the brand, the
process, and the technology customers begin to have positive
expectations and feel more at ease (Alsajjan & Dennis, 2006). Thus,
the influence that service quality has on the customer experience is
amplified in the presence of trust. Additionally, prior research
suggests that trust acts as a mediator in the connection between
loyalty and service excellence (Ameen et al., 2021). A service's
willingness to be trusted increases with consumer knowledge of it
(Eisingerich & Bell, 2008). Therefore, if customers have trust in the
technology, they are likely to have a more positive experience with
it. Ramadan et al. (2024) seems to have stressed that a positive
feedback loop resulting in a positive customer experience is created
by brand trust. Brand confidence and trust can be increased when
Al-Chatbots reliably provide accurate and pertinent information.
Positive user experiences increase a customer's likelihood of
developing an emotional bond with the brand and earning their trust
(Van den Broeck et al.,, 2019). Consequently, this research
hypothesis that trust mediates on service quality and customer

experience.

H7: Trust mediates the relationship between service quality and

customer experience.
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2.4.8 Mediating effect of trust between security and
customer experience

According to Agnihotri & Bhattacharya (2023), pointed out the
detrimental effect on user engagement, while Marjerison et al. (2022)
draw attention to security concerns in e-commerce Al-Chatbot data
breaches. Making AI-Chatbot speech more human-like with better
Al-Chatbot design techniques (Hasal et al., 2021). As a result, social
media Al-Chatbots will become more trustworthy, and be more
influencing people's opinions (Feine et al., 2020). Users’ perception
of how secure Al-Chatbots are influences their trust and affects the
entire experience. Positive customer experiences are diminished
when trust is not reinforced by robust security measures, even in Al-
Chatbots with exceptional features and human-like conversational
abilities. While the overall user experiences, confidence, and
interactions are improved if it’s perceived as secured. This research

hypothesis that trust mediates security and customer experience.

H8: Trust mediates the relationship between security and customer

experience.

2.4.9 Mediating effect of grounding between service quality
and customer experience

By confirming active listening and promoting intimacy and
understanding, grounding link together conversational turns. By
fostering shared ideas and emotions, understanding human
relationships resolves conflicts and strengthens emotional bonds
(Weger et al., 2014). Customer’ perceptions of salespeople is greatly
influenced by these attributions, which in turn affects the
establishment of trust and their propensity for repeat business. For

relationships to develop, it is essential to identify and establish
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shared knowledge during conversations (Reis et al., 2017). When
there is a transparent communication of information and
understanding between the customer and the Al-Chatbot, grounding
takes place. By creating a feeling of understanding and value,
grounding improves the customer experiences. The interaction will
seem more pleasant, intimate, and emotionally satisfying to
customers if they sense that the Al-Chatbot is actively listening to
them and meaningfully interacting with them. Customers may find
an interaction with an Al-Chatbot unsatisfactory even if its
functional service quality is strong and lacks grounding. This
research hypothesis that grounding acts as a mediator between the
quality of services provided by the Al-Chatbot and the customer

experience.

H9: Grounding mediates the relationship between service quality

and customer experience.

2.4.10 Mediating effect of grounding between security and
customer experience

Data-sharing procedures in AI-Chatbots highlights possible security
risks (Sannon et al., 2020; Gumusel et al., 2024). Grounding is
important for relationship development, contribution recognition,
and creating shared knowledge (Clark & Brennan, 1991; Reis et al.,
2017). Customers may face potential security risks when using Al-
Chatbot, reducing recognition of contributions to customers, results
in less customer grounding of the AIl-Chatbot. Informed and
reassured users about the Al-Chatbot's sharing and protection of
their data may result effective grounding leading to have a better
overall customer experience when they feel secured. Thus, this

research hypothesis that grounding mediates the relationship
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between the service quality and security of Al-Chatbot and customer

experience.

H10: Grounding mediates the relationship between security and

customer experience.

2.5 Conclusion

After reviewing earlier research, this chapter covered underlying theory, literature
review of variables and developed the research framework and hypotheses. In

chapter three, the research methodology will be discussed.

Page 25 of 122



CHAPTER 3: METHODOLOGY

3.0 Introduction

This chapter reviews the research design, sampling design, constructs
measurement, measurement scales, data collection methods, and data analysis

tool.

3.1 Research Design

It is possible to create a research design that offers a structure for data collection
and analysis (Kronemann, 2022). Research design can be descriptive, exploratory,
and causal research designs. This study is causal and collects and analyses data

using quantitative approaches.

3.1.1 Causal Research

To determine the scope and character of cause-and-effect
relationships, causal research also knowns as explanatory research.
Causal research can evaluate the effects of changes on established
norms. The goal of causal studies is to explain patterns of
relationships between variables by analysing a situation or a
particular issue. Through specific causal evidence that cause-and-
effect relationships can be verified. Consecutive variation, temporal
sequence, and nonspurious association are the three main elements
of causal evidence. Priority of cause over effect is temporal sequence.

Variation that occurs consistently between the two variables is
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concurrent variation. If a cause-and-effect covariate, it must be real
and not the result of a third variable, according to the theory of
nonspurious association. That is, neither the cause nor the effect
should be related to any outside factor (Dudovskiy, 2012). This
research is causal research as it intends to collect data to assess the

factors affecting customers’ experience in using AI-Chatbot.

3.1.2 Quantitative Research

There are two different types of methodological approaches:
quantitative and qualitative (Kronemann, 2022). A methodology
known as quantitative research employs statistical analysis and
places a strong emphasis on quantification in the gathering and
processing of data (Allen, 2017; Kronemann, 2022; Malhotra, 2004).
Due to its focus on testing theories that have been developed through
analysis of existing literature, a quantitative strategy is deductive in
nature (Allen, 2017; Bell & Waters, 2014; Kronemann, 2022). This
means that when a researcher gathers a large sample and performs
statistical analysis of the data, a quantitative methodology is
appropriate for the positivist perspective. Quantitative methods have
been proven to be useful for measuring customer behaviour and for
conducting customer surveys (Kronemann, 2022). According to
Malhotra (2004), quantitative techniques are also helpful for
analysing big datasets. This research use quantitative approach is
appropriate as it intends to collect a sizable sample to assess the

factors affecting customers’ experience in using AI-Chatbot.
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3.2 Sampling Design

This research chooses a sample to collect data before beginning data collection. The
process of choosing items from a population of interest so that conclusions of target
population can be drawn from the sample is known as sampling design (Kothari,
2004). By evaluating the sample, one could logically extrapolate the findings to the

intended population.

3.2.1 Target Population

The entire set of elements for which survey data are to be gathered
to draw conclusions is the target population (Lavrakas, 2008). In this
study, the unit of analysis is the individual customer. A person who
"purchases goods and services for personal use" is referred to as a
"customer” (Kronemann, 2022). A customer's prior interaction with
an Al application in an online context previously, such as a Al-
Chatbot, virtual assistant, or recommendation agent serves as the
selection criterion for the targeted unit of analysis. The requirement
arises from the fact that the purpose of the research is to investigate
how the AI-Chatbot will affect the customer experience. The target
population of this research is customers who has experience with Al-

Chatbot related products previously.

3.2.2 Sampling Frame

The sampling frame, or the list of units from which the sample was
taken, is how the population is defined in practice. Ideally, every unit
within the specified population should be included in the sampling
frame (Forthofer & Hernandez, 2007). A perfect frame has no

extraneous or irrelevant population elements listed, and each
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element in the population is listed separately only once (Baker et al.,
2010). In this research, the targeted population is target on
interaction with an Al application in an online context previously,
like AI-Chatbot, virtual assistant, or recommendation agent. The
current study does not have a sample frame for individual customers
who use Al-Chatbot related products previously as the sample

consists of a large number of individual customers.

3.2.3 Sampling Technique

There two sampling techniques can choose either probability sample
or non-probability sample. This research chooses non-probability
sample. Any technique for gathering survey data that doesn't make
use of a complete probability sampling design is referred to as
nonprobability sampling. Nonprobability samples are generally
easier to collect and less expensive than probability samples because
they do not have a sampling frame (Forster, 2001). Kronemann
(2022) distinguished between two categories of non-probability
sampling techniques: quota sampling and convenience sampling.
Quota sampling aims to produce a sample that, in terms of relative
proportions, represents the population across a number of categories,
including gender, ethnicity, and income. Convenience sampling is a
popular non-random population sample technique. Selection of
study subjects based on convenience sampling occurs when
participants are available to the researcher for various reasons
(Stratton, 2023). This research decided to use convenience sampling

to collect data from online customers.
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3.2.4 Sample Size

Finding the ideal sample size which indicates the quantity of
participants needed to complete the online questionnaire. Since
sample size affects sampling error, sample size considerations are
very important. The larger the sample size that is necessary, the less
sampling error that the researcher is willing to accept (Kronemann,
2022). According to Roscoe (1975), a minimum of 10 times the
number of variables should be included in the sample size when
performing multivariate analytic research. Expanding on this idea,
the author says that most studies will benefit from a sample size of
30 to 500. For "good" sampling, Kronemann (2022) recommend at
least 300. Thus, the minimum sample size of this research is 300.

The final sample size is 334 sample size.

3.3 Data Collection Methods

For statistical analysis to be performed, data collection is essential. Research
employs a range of data collection methodologies, which can be categorized into

two groups, both primary and secondary sources of information (Ajayi, 2023).

3.3.1 Primary Data

The first set of original, factual and real-time data that a researcher
collects is called primary data. To find a solution to the current issue,
primary data is gathered. It is a term used to describe information
that was first created by the researcher (Mesly, 2015). The process
of gathering primary data is complex than secondary data. Primary
data sources include things like surveys, tests, observations,

questionnaires, in-person interviews, and more (Ajayi, 2023). An
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online survey in the form of a self-completion questionnaire has
been selected as the method of data collection for this research
(Kronemann, 2022). This study collected primary data from
customers who had previously used AI-Chatbot through a self-

administered questionnaire.

3.3.1.1 Questionnaire

Given that respondents typically complete questionnaires and
provide answers on their own, which is a common practice in the
social sciences, a questionnaire has been chosen as the effective
means of gathering data (Kronemann, 2022). compared to interviews,
self-completion questionnaires have less risk of social desirability
bias in respondents' answers because they are quicker and less
expensive to administer. Additionally, because respondents can
complete the questionnaire at any time and place of their choice, it
is more convenient for respondents to respond to the questionnaire
than the interview (Kronemann, 2022; Saunders et al., 2019). Since
closed questions are simpler to respond to and lower the possibility
of "respondent fatigue," it is advised that a questionnaire primarily
consist of closed questions (Kronemann, 2022). Since closed
questions facilitate statistical analysis, hypothesis testing,
relationship analysis between research model constructs, and
research question answering, it is also used in previous studies, they
were chosen to study how artificial intelligence affects customer
adoption of artificial intelligence devices e.g. (Kronemann, 2022;

Moriuchi, 2019).
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3.4 Constructs Measurement

3.4.1 Source of the Questions

Table 3.1: Measurement Items

Construct Item Original Item Source Modified Item
Service Quality | SQI1 Flybot has attractive | Meyer-Waarden | AI-Chatbot has
(SQ) Messenger colours. et al., 2020 attractive
Messenger
colours.
SQ2 Flybot has attractive Al-Chatbot has
website colours. attractive
website colours.
SQ3 Flybot has an attractive Al-Chatbot has
appearance. an attractive
appearance.
SQ4 Flybot is useful. Al-Chatbot is
useful.
SQ5 Flybot is reliable. Al-Chatbot is
reliable.
SQ6 Flybot gives useful Al-Chatbot
information. gives useful
information.
SQ7 Flybot gives real AlI-Chatbot
information. gives real
information.
SQS8 Flybot responds quickly. AI-Chatbot
responds
quickly.
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SQ9 Flybot responds AI-Chatbot
immediately. responds
immediately.
SQI10 | Flybot is credible. AlI-Chatbot is
credible.
SQ11 | Flybot is impartial. Al-Chatbot is
impartial.
SQI12 | Flybot is well-informed. AlI-Chatbot is
well informed.
SQ13 | Flybot is qualified. Al-Chatbot is
qualified.
SQ14 | Flybot is an expert. Al-Chatbot is
an expert.
SQ15 | Flybot is sympathetic. Al-Chatbot is
sympathetic.
SQ16 | Flybot is honest. Al-Chatbot is
honest.
SQ17 | Flybot is attentive. Al-Chatbot is
attentive.
Security SE1 I feel safe in my Hsu & Lin, 2023 | I feel safe in my
(SE) interaction with this Al interaction
bot. when using Al-
Chatbot.
SE2 I feel my privacy is I feel my
protected by this Al bot. privacy is
protected by
Al-Chatbot.
SE3 I trust this Al bot will I trust that Al-
not misuse my personal Chatbot will not
information. misuse my
personal
information.
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SE4 I feel I can trust this Al I feel I can trust
bot. Al-Chatbot.
SES This Al bot instills Al-Chatbot
confidence in me. instills
confidence in
me.
Trust TR1 Flybot engages me. Meyer-Waarden | AI-Chatbot
(TR) etal., 2020 engages me.
TR2 Flybot puts my interests Al-Chatbot puts
first. my interests
first.
TR3 Flybot keeps its Al-Chatbot
promises. keeps its
promises.
TR4 Flybot gives perfect Al-Chatbot
service quality. gives perfect
service quality.
Grounding GO1 This Al agent provided | Jeon, 2024 Al-Chatbot
(GO) feedback on having provided
accepted my input. feedback on
having accepted
my input.
GO2 I felt that this Al agent I felt that Al-
understood what I had to Chatbot
say. understood
what | had to
say.
Customer CEl I am satisfied with the Chung et al., | I am satisfied
Experience service agent. 2020 with the Al-
(CE) Chatbot.
CE2 I am content with the [ am content
service agent. with the Al-
Chatbot.
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CE3 The service agent did a The AI-Chatbot
good job. did a good job.
CE4 The service agent did The AI-Chatbot
what I expected. did what I
expected.
CES I am happy with the I am happy
service agent. with the Al-
Chatbot.
CE6 I was satisfied with the I was satisfied
experience of talking with the
with the service agent. experience of
communicating
with the Al-
Chatbot.

Source: Developed for the research.

3.4.2 Measurement Scales

In the processes of gathering, analysing, and presenting data,
measurement scale is crucial. The statistical instruments used in data
collection and analysis vary depending on the type of data (Mishra
et al., 2018). Nominal scale, ordinal scale, interval scale, and ratio
scale are the four types of scales (Anjana, 2021). This research
utilises two measurement scales in statistics which are nominal scale

and interval scale.

3.4.2.1 Nominal Scale

A scale used to classify variables into distinct categories is called a
nominal scale, also knowns as categorical variable scale. Since the

numbers are intended to categorize and identify individuals, things,
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or events, they have no numerical worth or significance. The
percentage and frequency distribution are the statistical analyses on
a nominal scale. A bar chart or a pie chart can be used for a graphic
analysis. With this scale, the mode is the only way to quantify central
tendency. To find this scale's central tendency, utilise the arithmetic
mean, median, and mode. Calculations can be used to determine
dispersion metrics like range and standard deviation (Anjana, 2021).
Nominal scales are used in current research to analyse categorical
variables are gender, age, ethnicity, level of study, monthly income

and the general questions.

3.4.2.2 Interval Scale

A quantitative measure where the precise difference between
categories and their order are known is called an interval scale.
Consequently, it measures variables with equal intervals, labels, and
ordering. On an interval scale, the zero point, or point of beginning,
1S not a "true zero" or "absolute zero," but rather is determined
arbitrarily. Therefore, the characteristic being measured is not
completely absent when the value is zero. To find this scale's central
tendency, utilise the arithmetic mean, median, and mode.
Calculations can be used to determine dispersion metrics like range
and standard deviation (Anjana, 2021). The degree to which the
respondent agrees or disagrees with the mentioned variable has been

indicated in this research using a 5-point Likert scale.

3.5 Proposed Data Analysis Tool

Data analysis in research is crucial to increase the effectiveness of the study's
findings (Alem, 2020). For partial least squares structural equation modelling (PLS-
SEM), one of the well-known software programs is called SmartPLS. SmartPLS is
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developed by Ringle, Wende & Will in 2005. Due to its easy-to-use interface,
advanced reporting features, and free access to academics and researchers, the
application has gained popularity since its launch in 2005 (Wong, 2013). This
research utilities SmartPLS to get results of reliability analysis, and partial least

squares structural equation modelling (PLS-SEM).

3.5.1 Descriptive Analysis

The first step of analysis that is used to characterise and condense
data is called descriptive statistics. This section of the statistic was
strengthened by the abundance of data and the highly effective
computing techniques (Sarmento & Costa, 2017). By finding data
patterns to respond to questions about who, what, where, when, and
to what extent, quantitative descriptive analysis characterises the
world or a phenomenon. Data implication is descriptive analysis
(Loeb et al., 2017). The data collected from the demographic section
and general questions were used for descriptive analysis and will use

frequency and percentage of frequency to describe the trends of it.

3.5.2 Reliability Analysis

Draw the conclusions that fairly represent the opinions of
respondents, reliability analysis guarantees that the data is objective
and consistent, satisfying the standards of high-quality research
(Zikmund, 2003). The consistency and stability of the instruments
with the concepts to be measured must be ascertained through a
reliability test (Sekaran, 2003). Examining a construct's internal
consistency and dependability is the goal of composite reliability
assessment. Nevertheless, Cronbach's alpha assumes that every item

has an equal outer loading on the construct and is equally reliable
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(Hair et al., 2014). By utilising SmartPLS, this research utilises
composite reliability to rank the items based on their individual
reliability as the limitation of Cronbach’s alpha. Higher estimates of
true reliability may result from composite reliability as opposed to
Cronbach's alpha (Garson, 2016). In the range of 0 to 1, there are
composite reliability values. A greater level of reliability is
associated with a higher composite reliability (Haji-Othman &
Yusuff, 2022). Hair et al. (2014) indicated that composite reliability
values in the range of 0.60 to 0.70 are considered acceptable.
Insufficient internal consistency reliability is indicated by composite

reliability values below 0.60.

3.5.3 Pilot Test

Pilot study is crucial as it is carried out to find any possible flaws or
trouble spots in the protocol and research tools before the full study
is implemented (Hassan et al., 2006). When evaluating the quality
and appropriateness of an instrument, validity and reliability are
crucial. Validity guarantees that the instrument measures what it is
supposed to. Before applying reliability to real samples, small-scale
testing refers to a sample that is nearly as homogeneous as the actual
sample is necessary to ensure consistent results. The pilot test's
sample size 1s limited to five to thirty individuals (Sundram & Romli,

2023).

In the pilot test, the study used 30 respondents to test the reliability
and validity. Table 3.2 presents the composite reliability (CR) for
every build varies from the highest construct CR value, CE, at 0.950,
to 0.877 for TR. By examining the composite reliability rho c, all
the construct measures are above the 0.70 threshold. All three
reflective constructs have excellent levels of internal consistency

dependability, as seen by their rho_a values of 0.940 (CE), 0.794
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(GO), 0.923 (SE), and 0.813 (TR). Consequently, each construct in
the study was above the recommended range of acceptable values of
0.60 to 0.70. The AVE ranged from 0.705 to 0.829 higher than the
threshold of 0.50. As a result, the constructs in the model are proven

to be valid and reliable.

Table 3.2: Reliability Analysis

Variables Cronbach's Composite Composite Average variance
alpha reliability (rho_a) reliability extracted (AVE)
(CA) (rho_c)

Customer Experience (CE) 0.937 0.940 0.950 0.761

Grounding (GO) 0.793 0.794 0.906 0.829

Security (SE) 0.921 0.923 0.940 0.760

Trust (TR) 0.792 0.813 0.877 0.705

Source: Developed for the research.

3.5.4 Partial Least Squares Structural Equation Modelling
(PLS-SEM)

PLS is a soft modeling technique for SEM that does not make any
assumptions about the data distribution (Vinzi et al., 2010). Partial
Least Squares Structural Equation Modelling (PLS-SEM) is useful
than CB-SEM as the sample size is small, the available theory for
applications is limited, the accuracy of predictions is crucial, it is not
possible to guarantee accurate model specifications (Bacon, 1999;
Hwang et al., 2010; Wong, 2010). PLS is useful for structural
equation modeling in practical research projects when there are few

participants and a skewed data distribution (Wong, 2011).

To test measurement model, in PLS-SEM got to test convergent
validity and discriminant validity. An item's positive correlation with

other items belonging to the same construct is known as convergent
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validity. Convergence indicates that a large percentage of variance
is shared by the items in each construct. Convergent validity is
examined in this study by combining the average variance extracted
(AVE) with the item's outer loadings. AVE is calculated by averaging
the squared loadings of the elements associated with a specific
construct. If a construct has an AVE of 0.50 or above, it is thought to
account for more than half of the variation of its elements. A
minimum of 0.5 is allowed. There are typically still more errors in
the items if the AVE is less than 0.50. If the outer loading is less than
0.40, remove the item. If outer loading is greater than 0.40 but less
than 0.70, assess how eliminating the item might affect AVE and
composite reliability. If deleting the item causes the composite
dependability and AVE to rise beyond the threshold, it should be
done. However, if eliminating the item does not increase the AVE
and composite dependability above the cutoff, maintain it. If the
outside loading is more than 0.70, the item should be retained (Hair

etal., 2014).

Through simulation studies, Henseler et al. (2015) showed that the
heterotrait-monotrait (HTMT) ratio they developed is a more
effective way to identify lack of discriminant validity. By dividing
the average of monotrait-heteromethod correlations (within the same
construct) by the geometric mean of heterotrait-heteromethod
correlations (across constructs measuring different phenomena), the
HTMT ratio is calculated. When two monotrait-heteromethod
submatrices exist, as when two constructs are present, the geometric
mean is employed. Below 1.0 is the best HTMT ratio (Garson, 2016).
For the examination of discriminant validity, rigorous criteria need
HTMT 0.85, while a more flexible HTMT criterion (HTMT.90 or
HTMT inference, depending on sample size) can be appropriate

(Henseler et al., 2015).

The Fornell-Larcker criterion and factor loadings are further

techniques for testing discriminant analysis. The Fonrell-Lacrker
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criterion compares the square root of the AVE to the correlation of
latent constructs. A latent construct should be better at describing the
variation of its own signal than it should be at explaining the
variance of other latent constructs. Therefore, the square root of each
construct's AVE should be greater than the correlations with other
latent constructs (Hair et al., 2014). The threshold value of 0.708,
which denotes adequate levels of indicator reliability (SmartPLS,

n.d.).

To test the structural model, in PLS-SEM got to test collinearity, path
coefficient, R?, and f>. In multiple regression models, the classical
definition of collinearity is the predictor-predictor phenomenon
(Kock, 2015). Regression model predictor variables become less
significant statistically and less able to predict the dependent
variable independently when they exhibit correlation or sharing
some of the same variance (Enders, 2019). According to Hair et al.
(2021), variance inflation factor (VIF) is the standard statistic used
to evaluate indicator collinearity. The degree of collinearity
increases with higher VIF levels. Collinearity issues are indicated by
VIF > 5. Collinearity problems are not serious if VIF is between 3
and 5. If VIF is less than 3, collinearity is not a concern. A high
variance inflation factor (VIF) or a significant increase in the p-value
of one variable when another is added to the model are signs of high
correlation between two predictor variables, which raises concerns

about collinearity in regression (Enders, 2019).

Standardised path coefficients refer to path weights range from -1 to
+1. The strongest and weakest paths are reflected by weights closest
to absolute 1 and closest to 0 respectively (Garson, 2016). The
traditional 0.05 threshold for the p value (Leo & Sardanelli, 2020).
A p-value greater than 0.05 will be found if the ratio's 95%
confidence interval contains the number 1. On the other hand, the p-
value is strictly less than 0.05 if the value 1 is absent from the 95%

confidence interval. The standard deviation (o) quantifies the range
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of observations around the mean. Data that is close to the mean is
indicated by ¢ around zero, tight clustering is shown by low &, and

broader dispersion is indicated by high ¢ (Tan & Tan, 2010).

The correlations found are significant if the t-value in bootstrapping
is greater than 1.96. The t-value of p/-1.96 is the maximum value
that should be produced by a 5% chance (Ghorbani et al., 2019). The
overall effect size measure for the structural model, similar to
regression, is the R-square, also known as the coefficient of
determination (Garson, 2016). Results above the cutoffs of 0.67,
0.33, and 0.19 are characterised as "substantial," "moderate," and
"weak," respectively (Chin, 1998; Hock & Ringle, 2010). An
alternative term for the R? change effect is the f effect size measure.
The amount of unexplained variance that R? change accounts for is
expressed by the f> equation (Hair et al., 2014). The > effect sizes
of .02,.15, and.35, respectively, correspond to "small," "medium,"

and "high" effects (Cohen, 1988).

3.6 Conclusion

Research methodology offers an organised framework for carrying out studies in
accordance with predetermined standards to conduct consistent results. This chapter
has covered research design, sampling design, data collection methods, constructs

measurement, measurement scales and data analysis tool.
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CHAPTER 4: DATA ANALYSIS

4.0 Introduction

Research instrument, construct measurement, data processing, data analysis
techniques, sample design, data collection method, and research design were all
covered in the previous chapter. The outcomes of the various analysis techniques
that were conducted using the statistical analysis program Smart PLS 4 are

described in this chapter.

4.1 Descriptive Analysis

4.1.1 General Questions

4.1.1.1 Respondents who used AI-Chatbot related products

Table 4.1 presents the total respondents has been collected is 385
respondents. Among the 385 respondents, 355 respondents who used
Al-Chatbot related products, accounting for 92.2% of respondents,
while 30 respondents who did not used AI-Chatbot related products,
accounting for 7.8% of respondents. Respondents who have used Al-
Chatbot related products make up the study's target demographic.
For this study, 355 respondents were chosen. After data cleaning,
only 334 respondents remain, as there are outliers and straight-lining

responses. These 334 respondents are valid responses.
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Table 4.1: Respondents who used AI-Chatbot Related Products

Respondents who used AI-Chatbot related products Frequency Per cent
Yes 355 92.2
No 30 7.8
Total 385 100.0

Source: Developed for the research.

4.1.1.2 Types of AI-Chatbot Used

Table 4.2 indicates that 55% of the total, used ChatGPT, while 18.2%

respondents used Google Gemini. Total respondents who used
Microsoft Copilot, Perplexity Al, Claude are 14.2%, 10.2%, 0.5%
respectively. In contrast, only 0.2% of the total used Al Chat, Phind,
Dify, Coze, Qwen, Quilbot, Character ai, Talkie, Poe, DeepseekAl,

and Apple Siri.

Table 4.2: Types of AI-Chatbot Used

Types of Al-Chatbot used Frequency Per cent
ChatGPT 329 55.0
Google Gemini 109 18.2
Microsoft Copilot 85 14.2
Perplexity Al 61 10.2
Al Chat 1 0.2
Claude 3 0.5
Phind 1 0.2
Dify 1 0.2
Coze 1 0.2
Qwen 1 0.2
Quilbot 1 0.2
Character ai 1 0.2
Talkie 1 0.2
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Poe 1 0.2
DeepseekAl 1 0.2
Apple Siri 1 0.2
Total 598 100

Source: Developed for the research.

4.1.1.3 Reason to Use AI-Chatbot

Table 4.3 indicates that 29.4% of the total respondents choose fast
response and 24/7 customer service as their reason, while 26.7%
respondents choose to provide easy-to-use self-service choices as
their reason. Total respondents who choose to provide personalized
response and choose support for multiple languages as their reason

are 26% and 18% respectively.

Table 4.3: Reason to Use AI-Chatbot

Reason to Use Al-Chatbot Frequency Per cent
Fast response and 24/7 customer service 250 29.4
Provide personalized response 221 26.0
Provide easy-to-use self-service choices 227 26.7
Support for multiple languages 153 18.0
Total 851 100

Source: Developed for the research.

4.1.2 Respondent Demographic Profile

4.1.2.1 Gender
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Table 4.4 presents the demographic profile of respondents. Among
the 334 wvalid responses, 243 are from female respondents,
accounting for 73% of the total, while 91 are from male respondents,

representing 27%.

Table 4.4: Gender

Gender Frequency Per cent
Male 91 27
Female 243 73
Total 334 100

4.1.2.2

Source: Developed for the research.

Age

Table 4.5 indicates that 298 respondents, or 89.2% of the total,
belong to the 18-25 years old, while 22 respondents, or 6.6% of the
total, belong to the 26-35 years old. Respondents 36-45 years old
and below 18 years old are 7 and 6 respondents respectively,
accounting for 2.1% and 1.8% of the total number of respondents.
In contrast, only 1 respondent, representing 0.3%, fall within the 46-

55 years old and no respondents are above 55 years old.

Table 4.5: Age

Age Frequency Per cent
Below 18 years old 6 1.8
18 - 25 years old 298 89.2
26 - 35 years old 22 6.6
36 - 45 years old 7 2.1
46 - 55 years old 1 0.3
Above 55 years old 0 0
Total 334 100

Source: Developed for the research.
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4.1.2.3 Ethnicity

Table 4.6 shows that most respondents are Chinese, accounting for
312 respondents or 93.4% of the total. This is followed by 12 Indian,
8 Malay, 1 Kadazan and 1 Korea.

Table 4.6: Ethnicity

Ethnicity Frequency Per cent
Chinese 312 934
Malay 8 2.4
India 12 3.6
Kadazan 1 0.3
Korea 1 0.3
Total 334 100

Source: Developed for the research.

4.1.2.4 Level of Study

Table 4.7 presents 275 respondents (82.3%) completed bachelor’s
degree, while 26 respondents (7.8%) possess UEC /STPM /A-Level
/Foundation. This is followed by 17 respondents (5.1%) who
completed master’s degree, 15 respondents (4.5%) who completed

Diploma, and 1 respondent who completed Doctorate Degree.

Table 4.7: Level of Study

Level of Study Frequency Per cent
UEC /STPM /A-Level /Foundation 26 7.8
Diploma 15 4.5
Bachelor's Degree 275 82.3
Master's Degree 17 5.1
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Doctorate Degree 1 0.3
Total 334 100

Source: Developed for the research.

4.1.2.5 Monthly Income

Table 4.8 outlines the majority, 152 respondents (46%), receive an
income of below RMS500 per month. This followed by 80
respondents (24%) in the RMS500-RM1000 range and 49
respondents (15%) in the RM1001-RM2000 range. The income of
respondents belongs to above RM4000 and RM2001-RM3000 range
are 22 and 21 respectively, accounting for 7% and 6% respectively.

On the other hand, 10 respondents who receive RM3001-RM4000

per month.
Table 4.8: Monthly Income

Monthly Income Frequency Per cent
Below RM500 152 46
RM500 - RM1000 80 24
RM1001 - RM2000 49 15
RM2001 - RM3000 21 6
RM3001 - RM4000 10 3
Above RM4000 22 7
Total 334 100

Source: Developed for the research.

4.2 Confirmatory Factor Analysis

According to Costa & Sarmento (2019), CFA is a method that "tries to verify

whether the quantity of factors (or constructs) and the loadings of observed
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(indicator) variables on them match what is anticipated based on theory." Therefore,
it is essential to assess the validity and reliability of the scale to arrive at the
confirmation and to correctly interpret how the constructs are represented by the

observed variables. SmartPLS 4 software was used for this resesrch.

4.2.1 Inner and Outer Model Analysis Development

The outer model includes 22 items in total which are Service Quality
had 5 items, Security had 5 items, Trust had 4 items, Grounding had

2 items, and Customer Experience had 6 items.

Figure 4.1: Development Model with Inner and Quter Paths

Source: Developed for the research.
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4.2.2 Inner and Outer Model Analysis

Figure 4.2: Inner and Outer Model Analysis

TR1 TR2 TR3 TR4

LV scores - Credibility
= NOAL L

o733 0782 0797 p78n

LV scores - Empathy

LV scores - Reliability

LWV scares w

Customer Experience

0.886 0.8%8

GO1 G02

Source: Developed for the research.

Figure 4.2 indicates all the items above the threshold of 0.7. All the
items are acceptable. All the path coefficient values are positive. All
the independent variables which are service quality, security, trust,

grounding have positive impacts on customer experience in using

AI-Chatbot.

4.3 Scale Measurement

4.3.1 Reliability Analysis

Table 4.9 presents the results of the internal consistency reliability
analysis. The analysis being done is called Composite Reliability
(CR). Hair et al. (2014) indicated that composite reliability values in
the range of 0.60 to 0.70 are considered acceptable. High CR, High
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reliability. The analysis demonstrating the CR for every build varies
from the highest construct CR value, CE, at 0.928, to 0.868 for TR.
By examining the composite reliability rho c, all the construct
measures are above the 0.70 threshold. All three reflective constructs
have excellent levels of internal consistency dependability, as seen
by their rho a values of 0.909 (CE), 0.745 (GO), 0.908 (SE), and
0.799 (TR). Consequently, each construct in the study was above the

recommended range of acceptable values of 0.60 to 0.70 and even

higher.
Table 4.9: Reliability Analysis

Variables Cronbach's Composite Composite Average variance

alpha reliability reliability (rho_c) extracted (AVE)

(CA) (rho_a)
Customer Experience (CE) 0.907 0.909 0.928 0.683
Grounding (GO) 0.743 0.745 0.886 0.796
Security (SE) 0.897 0.908 0.923 0.706
Trust (TR) 0.797 0.799 0.868 0.621

Source: Developed for the research.

4.4 Partial Least Squares Structural Equation Modelling
(PLS-SEM)

4.4.1 Validity Analysis

According to Hair et al. (2014), a construct is considered to explain
more than half of the variance of its items if the average variance
extracted (AVE) is 0.50 or higher. Table 4.9 presents the AVE ranged
from 0.621 to 0.796. All the AVE is higher than the threshold of 0.50.
As a result, the constructs in the model are proven to be valid and

reliable.
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4.4.2 Fornell-Larcker Criterion

The square root of each construct's AVE is greater than the
correlations of all data with other latent constructs (Hair et al., 2014).
Table 4.10 indicates that the squared root of AVE indicates that there
1S no association between the constructs. As a result, the constructs

in the model are proven to be valid and reliable.

Table 4.10: Fornell-Larcker Criterion

Variables Customer Experience | Grounding | Security | Trust
(CE) (GO) (SE) (TR)

Customer Experience (CE) 0.826

Grounding (GO) 0.627 0.892

Security (SE) 0.555 0.455 0.840

Trust (TR) 0.670 0.635 0.590 0.788

Source: Developed for the research.

4.4.3 Factor Loading

According to SmartPLS (n.d.), the threshold value of 0.708, which
denotes adequate levels of indicator reliability. Based on the Table
4.11, the factor loadings range is between 0.713 to 0.898. All the
items should stay the same. The latent variable, tangible has the
smallest of outer loading (0.713), while the GO2 has the highest of
outer loading (0.898). Although there were no cross-loading items
discovered, the instrument's discriminant validity is supported by the

significant loading of all the items on the single factor.
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Table 4.11 Item Factor Loading Output

Outer loadings
CEL1 <- Customer Experience 0.834
CE2 <- Customer Experience 0.821
CE3 <- Customer Experience 0.818
CE4 <- Customer Experience 0.801
CE5 <- Customer Experience 0.835
CEG6 <- Customer Experience 0.849
GOl <- Grounding 0.886
GO2 <- Grounding 0.898
LV scores - Credibility -> Service Quality 0.881
LV scores - Empathy -> Service Quality 0.779
LV scores - Reliability -> Service Quality 0.818
LV scores - Responsiveness -> Service Quality 0.729
LV scores - Tangible -> Service Quality 0.713
SE1 <- Security 0.834
SE2 <- Security 0.819
SE3 <- Security 0.820
SE4 <- Security 0.866
SE5 <- Security 0.862
TR1 <- Trust 0.783
TR2 <- Trust 0.782
TR3 <- Trust 0.797
TR4 <- Trust 0.790

Source: Developed for the research.

4.4.4 Heterotrait-monotrait (HTMT) Ratio
According to Henseler et al. (2015), the rigorous criteria need
HTMT 0.85. Table 4.12 indicates that the HTMT less than 0.85,

range between 0.544 to 0.783, so it is indicated that discriminant
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validity between a particular pair of reflective constructs has been

demonstrated.

Table 4.12: Heterotrait-monotrait Ratio (HTMT)

Variables Customer Grounding Security Trust
Experience

Customer Experience

Grounding 0.761

Security 0.603 0.544

Trust 0.783 0.822 0.684

Source: Developed for the research.

4.4.5 Collinearity Analysis

According to Hair et al (2021), collinearity issues are indicated by

VIF > 5. If VIF is less than 3, collinearity is not a concern. Based on

Table 4.13 presents the VIF values less than 3, range between 1.630

to 1.675, thus collinearity is not a concern.

Table 4.13: Variance Inflation Factors (VIF)

VIF
Grounding -> Customer Experience 1.675
Security -> Grounding 1.630
Security -> Trust 1.630
Service Quality -> Grounding 1.630
Service Quality -> Trust 1.630
Trust -> Customer Experience 1.675

Source: Developed for the research.
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4.4.6 Path Coefficient Analysis

Bootstrapping is then used to conduct the statistical significance test
(Ghorbani et al., 2019). Path weights range from -1 to +1 are
standardisation. The strongest and weakest paths are reflected by
weights closest to absolute 1 and closest to 0 respectively (Garson,
2016). The correlations found are significant if the t-value in
bootstrapping is greater than 1.96 (Ghorbani et al., 2019). The
traditional 0.05 threshold for the p value (Leo & Sardanelli, 2020),
Table 4.14 indicates that the path coefficient values are positive
value and within the range from -1 to +1, means are standardisation.
The T-statistics values are greater than 1.96, range between 2.473 to
11.091 and the P values are lower than the 0.05. Consequently, the
confidence interval does not cross over 0, within 0.05-0.95, thus, at
a 95% confidence level, every variable is statistically significant. All

the standard deviation values range between 0.050 to 0.083.

Table 4.14: Path Coefficient Analysis

Variables Path Standard T P LCI | UCI
coefficient | deviation | statistics | values
(STDEV)
H1 | Service Quality -> Trust 0.606 0.055 11.091 | 0.000 | 0.490 | 0.704
H2 | Service Quality -> Grounding 0.471 0.083 5.704 | 0.000 | 0.289 | 0.618
H3 | Security -> Trust 0.213 0.050 4251 | 0.000 | 0.114 | 0.307
H4 | Security -> Grounding 0.162 0.066 2.473 0.013 | 0.037 | 0.294
H5 | Trust -> Customer Experience 0.455 0.053 8.504 | 0.000 | 0.344 | 0.556
H6 | Grounding -> Customer Experience 0.338 0.059 5.751 0.000 | 0.219 | 0.451

Source: Developed for the research.

Page 55 of 122




4.4.7 Mediation Analysis

Table 4.15 indicates that the path coefficient values are positive
value and within the range from -1 to +1, means are standardisation.
In addition, the T-statistics values are greater than 1.96, range
between 2.323 to 6.061 and the P values are lower than the 0.05.
Consequently, the confidence interval does not cross over 0, within
0.05-0.95, thus, at a 95% confidence level, every variable is
statistically significant. All the standard deviation values range

between 0.024 to 0.046.

Table 4.15: Path Coefficient Analysis

Variables Path Standard T P LCI | UCI
coefficient | deviation | statistics | values
(STDEV)
H7 | Service Quality -> Trust ->
0.276 0.046 6.016 0.000 | 0.186 | 0.365
Customer Experience
H8 | Security -> Trust -> Customer
0.097 0.025 3.920 0.000 | 0.053 | 0.150
Experience
H9 | Service Quality -> Grounding ->
0.159 0.045 3.548 0.000 | 0.078 | 0.252
Customer Experience
H10 | Security -> Grounding -> Customer
0.055 0.024 2.323 0.020 | 0.015 | 0.111
Experience

Source: Developed for the research.

4.4.8 Coefficient of Determination (R square)

Based on Table 4.16, the R-square values for this study are 0.517,
0.343, 0.573. 0.517 meaning that the 51.7% of fluctuations in
customer experience caused by changes in grounding and trust,
while 0.343 meaning that the 34.3% of fluctuations in grounding

caused by changes in service quality and security. 0.573 meaning

Page 56 of 122




that the 57.3% of fluctuations in trust caused by changes in service
quality and security. According to Chin (1998); Hock & Ringle
(2010), 0.67, 0.33, and 0.19 are characterised as "substantial,"
"moderate," and "weak," respectively. All the R-square are above

0.33 is considered moderate.

Table 4.16: R square

Variables R-square | R-square adjusted
Customer Experience 0.517 0.514
Grounding 0.343 0.339
Trust 0.573 0.571

Source: Developed for the research.

4.4.9 F square

According to Cohen (1988), the {2 effect sizes of .02,.15, and.35,
respectively, correspond to "small," "medium," and "high" effects.
Table 4.17 shows the F-square range between 0.025 to 0.528. 0.142
meaning that small effect of grounding on the customer experience.
0.025 meaning that the small effect of security on the grounding,
while 0.065 meaning that the small effect of security on the trust.
0.207 meaning that the medium effect of service quality on the
grounding, while 0.528 meaning that the high effect of service
quality on the trust. 0.256 meaning that medium effect of trust on the

customer experience.

Table 4.17: F-square

Variables F-square
Grounding -> Customer Experience 0.142
Security -> Grounding 0.025
Security -> Trust 0.065
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Service Quality -> Grounding 0.207
Service Quality -> Trust 0.528

Trust -> Customer Experience 0.256

Source: Developed for the research.

4.4.10 Q square

Based on the baseline of Q square, Table 4.18 indicates that all the

Q square values are more than 0 and there is predictive relevance.

Table 4.18: Q square

Variables Q?predict
Customer Experience 0.500
Grounding 0.321
Trust 0.553

Source: Developed for the research.

4.5 Conclusion

The research results and analysis that were provided in the previous chapter were
the result of extensive investigation. The results are noteworthy because they are
consistent with earlier research and provide credence to the constructive
connections suggested by the formulated hypotheses. The findings of this

investigation and its consequences will be the main topics of the following chapter.
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CHAPTER 5: DISCUSSION, CONCLUSION,
AND IMPLICATIONS

5.0 Introduction

A discussion of the study's limits and consequences will be covered in Chapter 5,

along with some suggestions for further research.

5.1 Summary of Major Findings

5.1.1 Description Analysis

This study was based on 334 valid respondents. Majority of them are
female respondents are 243 persons, which constitutes 73% of the
total. 298 respondents were from the majority age group of 18-25
years old, which constitutes 89.2% of the total. In addition, 98% of
the respondents are Chinese which constitutes 312 of them, then
followed by 12 Indian, 8 Malay, 1 Kadazan and 1 Korea. Most of the
respondents have completed bachelor’s degree (82.3%). Most of
them are getting below RM500 per month as income (152), which
comprises 46% of the total. Majority of them used ChatGPT (55%).
Lastly, 29.4% respondents choose fast response and 24/7 customer

service as their reason is the highest among other reasons.
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5.1.2 Reliability Analysis

All of the variables in the study had reliability scores greater than
0.7. Every variable included in the study is reliable. As a result, the
factors in the study were trustworthy and allowed the research to

move on to the following phase.

5.1.3 Partial Least Squares Structural Equation Modelling
(PLS SEM) Analysis

Moreover, AVE values are above the threshold of 0.50, ranged from
0.621 to 0.796. The HTMT values are less than 0.85, range between
0.544 t0 0.783. The VIF values are less than 3, range between 1.630
to 1.675, thus collinearity is not a concern. The path coefficient
values are positive value. In addition, the T-statistics values are
greater than 1.96, range between 2.473 to 11.091 and the P values
are lower than the 0.05. Consequently, the confidence interval does
not cross over 0. All the standard deviation values range between
0.050 to 0.083. For the mediation analysis, the path coefficient
values are positive value. In addition, the T-statistics values are
greater than 1.96, range between 2.323 to 6.061 and the P values are
lower than the 0.05. Consequently, the confidence interval does not
cross over 0. All the standard deviation values range between 0.024
to 0.046. The R-square values for this study are 0.517, 0.343, 0.573.
All the R-square are above 0.33 is considered moderate. F-square
range between 0.025 to 0.528. 0.142, 0.025, 0.065 are small effect.
0.207, 0.256 are medium effect. 0.528 is high effect.
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5.2 Discussion of Major Finding

Table 4.19 Discussion of Major Findings

Hypothesis Result Decision
p=0.000
H1 | Service quality has positive effect on trust. Supported
(0.490-0.704)
p=0.000
H2 | Service quality has positive effect on grounding. Supported
(0.289-0.618)
p=0.000
H3 | Security has positive effect on trust. Supported
(0.114-0.307)
p=0.013
H4 | Security has positive effect on grounding. Supported
(0.037-0.294)
p=0.000
HS | Trust has positive effect on customer experience. Supported
(0.344-0.556)
Grounding has positive effect on customer p =0.000
Hé6 Supported
experience. (0.219-0.451)
Trust mediates the relationship between service p=10.000
H7 Supported
quality and customer experience. (0.186-0.365)
Trust mediates the relationship between security p=0.000
HS Supported
and customer experience. (0.053-0.150)
Grounding mediates the relationship between p=10.000
H9 Supported
service quality and customer experience. (0.078-0.252)
Grounding mediates the relationship between p=0.020
H10 Supported
security and customer experience. (0.015-0.11)

Source: Developed for the research.

H1: Service quality has positive effect on trust.

Given that its P-value is less than 0.05, hypothesis 1 was approved for this study. A

strong correlation was found between service quality and trust. The AI-Chatbot

service quality affects customer trust is corroborated by the study (Shahzad et al.,

2024). The significance of AI-Chatbot service quality has also been extensively
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studied in the information technology literature, considering factors like user trust,
performance, and satisfaction (Li et al., 2023). This study demonstrated that good

service quality of AI-Chatbot, customers experience will likewise increase.

H2: Service quality has positive effect on grounding.

Given that its P-value is less than 0.05, hypothesis 2 was approved for this study. A
strong correlation was found between service quality and grounding. The
significance of grounding behaviors for successful communication, which is
necessary for task-dependent applications of socially interactive agents, was
emphasized by the researchers by manipulating embodiment and failure variables
in conversational agents during guided tasks (Kontogiorgos et al., 2021). The design
of conversational agents (AI-Chatbot) has a major impact on their capacity to create
shared understanding (grounding), especially in the areas of embodiment (voice,
appearance) and failure management (errors, misunderstandings). Good service
quality promotes customer engagement and a satisfying experience by improving
communication and task execution. This study demonstrates that when customers

feel more understood, better service quality has a good impact on grounding.

H3: Security has positive effect on trust.

Given that its P-value is less than 0.05, hypothesis 3 was approved for this study. A
strong correlation was found between security and trust. Users' faith in the safe and
moral management of their data is at the center of the privacy risk related to trust
(Gumusel et al., 2024). For successful adoption of AI-Chatbots, customer trust must
be upheld and privacy concerns must be addressed. Maintaining consumer trust and
confidence in Al-Chatbots and ensuring their appropriate and ethical use will
become more crucial as these systems proliferate across a range of businesses.
Ultimately, developers address AI-Chatbot security holistically, considering user
trust, privacy, and ethical issues in addition to technological security measures
(Yang et al., 2023). As a result, this study proves that the security of AI-Chatbot has

significantly positive effect on trust and supported by these studies.
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H4: Security has positive effect on grounding.

Given that its P-value is less than 0.05, hypothesis 4 was approved for this study. A
strong correlation was found between security and grounding. Gumusel et al. (2024)
point out that putting security first moves the conversation away from just talking
about the advantages of AI-Chatbots and toward managing privacy responsibly,
which eventually increases user trust and improves the quality of interactions.
Robust security measures improve user confidence and engagement, which has a
favorable effect on AI-Chatbot grounding. Privacy and security are still major
concerns, even with the advantages of data harvesting for personalization. By
addressing these, interaction’s quality is improved, which facilitates clear

communication and understanding between parties.

HS: Trust has positive effect on customer experience.

Given that its P-value is less than 0.05, hypothesis 5 was approved for this study. A
strong correlation was found between trust and customer experience. The
psychological aspects that could influence whether an intelligent recommendation
agent's counsel is accepted are examined by the authors. Trust will reduce reactive
behavior and increase acceptance (Aljukhadar et al., 2017). By boosting acceptance
of Al-Chatbot recommendations, decreasing resistance, and encouraging
contentment and loyalty, trust improves the customer experience. This study proves

that trust has positive effect on customer experience.

Hé6: Grounding has positive effect on customer experience.

Given that its P-value is less than 0.05, hypothesis 6 was approved for this study. A
strong correlation was found between grounding and customer experience.
Communication success is based on mutual understanding amongst all parties
participating in the communication process (Wang et al., 2022). Current study
proves that by improving the customer experience requires grounded
communication that ensures understanding. It creates smooth relationships,
decreases miscommunications, and increases trust. Al-Chatbots, for example,

validate user input and customize responses to produce individualized experiences.
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H7: Trust mediates the relationship between service quality and customer

experience.

Given that its P-value is less than 0.05, hypothesis 7 was approved for this study.
As a mediator between the user and technology, trust increases the likelihood that
users will reveal personal information or engage activities (Gefen et al., 2003).
Users likely to believe that an Al-Chatbot provides high-quality service when they
have a positive interaction with it. Customers' trust in Al-Chatbots is increased
when they receive consistent, accurate, and beneficial responses (Shahzad et al.,
2024). Thus, the effectiveness and satisfaction of a customer's interaction with an
Al-Chatbot in meeting their needs is a crucial aspect of its experience (Pizzi et al.,
2020). Through the above article, customer experience tends to increase based on
Al-Chatbot service quality and building trust. Current study supported by these
articles and proved that trust mediates the relationship between service quality and

customer experience.

H8: Trust mediates the relationship between security and customer

experience.

Given that its P-value is less than 0.05, hypothesis 8 was approved for this study.
To protect the user's data, AI-Chatbot’s secure communication is crucial (Hasal et
al.,2021). Regarding trusting technology-mediated services, there are now two lines
of inquiry: trust in the technology (Ghazizadeh, Lee, & Boyle, 2011) and trust in
the cutting-edge company's procedures and communication (Nienaber & Schewe,
2014). Through these studies, the security of Al-Chatbots is important to provide
secure communication. When Al-Chatbots improve customer satisfaction by
delivering consistently, customers trust them. This study demonstrates that trust

mediates the relationship between security and customer experience.
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H9: Grounding mediates the relationship between service quality and

customer experience.

Given that its P-value is less than 0.05, hypothesis 9 was approved for this study.
For Al-Chatbot and customers to communicate, grounding refer to both
linguistically and non-linguistically is a fundamental step to guarantee exchanges
stay pertinent and logical. Customers demand AI-Chatbots to retain a constant state
of grounding, even though AI-Chatbots are nonhuman, which is difficult to
accomplish reliably. Gathering customer grounding information becomes essential
from a business standpoint to improves the service quality by enabling the Al to
respond in a tailored and contextually relevant manner (Jeon, 2024). A more
positive customer experience is subsequently fostered by this improved service
since interactions feel more natural and in line with customer expectations. The
technological prowess of Al systems is thus linked to the human-centered objectives
of high service quality and exceptional customer experience through the mediating

role of grounding.

H10: Grounding mediates the relationship between security and customer

experience.

Given that its P-value is less than 0.05, hypothesis 10 was approved for this study.
This study suggests that trust and grounding operate as mediators in the relationship
between consumers' identification with AI-Chatbots and suggestions for real brand
purchases (Jeon, 2024). This study similar with current study indicates that
grounding mediates the relationship between security and customer experience. To
protect the user's data, secure communication with the AI-Chatbot is crucial (Hasal
et al., 2021), This study proves that grounding in Al communication by ensuring

customers feel understood, which enhances their confidence in the system's security.
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5.3 Implications of Study

5.3.1 Practical Implications

This study emphasizes how important AI-Chatbot service quality
and security is for building customer trust and grounding. Due to
their importance as mediators, trust and grounding are given top
priority by businesses and technology developers. Customer trust,
grounding, and the entire customer experience are all improved by
robust security and first-rate customer service through this research.
Based on the tasks they do, customers have varying opinions of Al-
Chatbots. Since relying too much on generic solutions can erode
trust and grounding, businesses should place a higher priority on
professional competencies, excellent service, and efficient issue
resolution. Striking a balance between security and functionality can

increase trust and grounding.

Customers appreciate AI-Chatbot’s high service quality and robust
security. Retailers who want to implement AI-Chatbot must first
understand how customers feel about them and how they affect the
customer experience. This study highlights important elements for
successful retail strategies, such as AI-Chatbot security and service
quality. To solve issues like the lack of a human touch in AI-Chatbot,
retailers and Al developers should work together. Integrating Al-
Chatbots requires customer trust. Businesses must prioritize ongoing
learning and adaptation considering the rapid improvements in Al-
Chatbot if they want to remain competitive and satisfy changing

customer demands.
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5.3.2 Theoretical Implications

From an academic perspective, this paper makes several theoretical
advances. First, by applying the SOR framework to the AI-Chatbot
in the context of mobile apps and digital marketing, this study
advances it. Traditional situations were the primary focus of the SOR
framework in the past (Kamboj et al., 2018; Kim et al., 2020). By
examining certain characteristics of AI-Chatbots and how they shape
consumers' trust, sense of security, and customer experience in the
context of mobile apps and digital marketing, this expansion adds to
the SOR framework. Additionally, the research’s theoretical model

adds to the body of knowledge on information systems.

In conclusion, this research offers a more profound comprehension
of the AI-Chatbot's user experience. The efficient use of automated
Al-Chatbots is a major concern, particularly in determining the
direction of digital marketing, as this new and developing
technology offers businesses and consumers an increasing number
of advantages. This study contributes to our knowledge of customers’

trust and confidence in AI-Chatbots.

5.4 Limitations of Study

As with all studies, it is important to acknowledge and consider the limitations of
this one when interpreting its findings and conducting additional research.
Particularly in the customer service industry, there is a difference between humans
and machines. This study solely looked at AI-Chatbots in general industry.
Furthermore, the traits of the clients may also influence how they accept or see the
Al-Chatbot. Furthermore, this study's data collection is mainly from female and
Chinese which indicates that it is limited to a diverse demographic profile.

According to current research, trust, service quality, security, and grounding are
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critical success characteristics for Al-enabled customer interactions from the
perspective of the consumer. This suggests that a retail organization may adopt a
lack of these success factors. Furthermore, most of the participants are in the 18-25
age range. Additionally, this study employed a quantitative self-reported approach
indicates that lack of diverse perspectives. Furthermore, the suggested study model

incorporates only a small number of variables and is predicated on the SOR notion.

The limitations are acknowledged but they do not detract from the significance of

findings but merely provide platforms for future research.

5.5 Recommendation of Future Study

The distinction between human and automated customer support representatives
should be further explored in future studies. Future research can be conducted in
specific industries that may differ from general industries (such as healthcare or the
sharing economy). Other sectors and merchants may be the subject of future
research. The results of a future study that is advised to be conducted in a different
industry may differ. Future research should take customer traits into account. Other
Big Five personality traits (Fiske, 1949) could be examined by future investigations
as they might have a greater impact on AI-Chatbot adoption.

Moreover, future research can be conducted in diverse demographic profiles. The
implementation of each of these success characteristics in a retail organization
should be the focus of future research. Examining Al technology's security and
ethics from a consumer standpoint offers further study opportunities. Given the
greater technological familiarity of younger generations, an older sample may yield
different findings. Therefore, current study propose to repeat the study with
additional volunteers of various ages. Lastly, in-depth qualitative research,
including interviews, is necessary for future studies to gather diverse perspectives.
To improve the model's capacity for explanation, future research must incorporate

additional relevant variables.
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5.6 Conclusion

Lastly, every day in the online world, customers interact with Al-enabled
technology, where Al becomes "the other" that they speak to daily. This study adds
to our understanding of how AI-Chatbot impacts customer grounding and trust and
how it impacts customer experiences. The study's results provide empirical support
for marketers who heavily spend in attempts to make their AI-Chatbot more human-
like by confirming that it has an impact on customers' confidence and sense of
security. In addition to improving the theoretical understanding of customer
experience in online environments, the study adds to the body of research by
quantifying how AI-Chatbot can impact not only customer experience but also
customers' trust and grounding. The findings also have practical implications, as
they clearly show how marketers can use AI-Chatbot as a tool in their marketing
strategies. The finding has theoretical implications, as adds to the body of

knowledge on information systems.

Page 69 of 122



REFERENCES

Adam, M., Wessel, M., & Benlian, A. (2020). Al-based Chatbots in Customer
Service and Their Effects on User Compliance. Electronic Markets, 31(2).
Springer. https://doi.org/10.1007/s12525-020-00414-7

Adamopoulou, E., & Moussiades, L. (2020). An Overview of Chatbot Technology.
In IFIP advances in information and communication technology (pp. 373—
383). https://doi.org/10.1007/978-3-030-49186-4 31

Adamopoulou, E., & Moussiades, L. (2020). Chatbots: History, technology, and
Applications. Machine Learning with Applications, 2(100006).
Sciencedirect. https://doi.org/10.1016/j.mlwa.2020.100006

Agnihotri, A., & Bhattacharya, S. (2023). Chatbots’ effectiveness in service
recovery. International Journal of Information Management, 76, 102679—
102679. https://doi.org/10.1016/].ijinfomgt.2023.102679

Ajayi, V.O. (2023). A Review on Primary Sources of Data and Secondary Sources
of Data. European Journal of Education and Pedagogy. 2(18).
https://www.researchgate.net/publication/370608670 A Review on Prim
ary_Sources of Data and Secondary Sources of Data

Alem, D.D. (2020). An Overview of Data Analysis and Interpretations in
Research. International Journal of Academic Research in Education and
Review, 8(1), 1-27. http://dx.doi.org/10.14662/IJARER2020.015

Aljukhadar, M., Trifts, V., & Senecal, S. (2017). Consumer self-construal and trust
as determinants of the reactance to a recommender advice. Psychology &
Marketing, 34(7), 708-719. https://doi.org/10.1002/mar.21017

Allen, M. (2017). The SAGE encyclopedia of communication research methods.

Volume 1. Sage Reference.

Page 70 of 122



Alsajjan, B., & Dennis, C. (2006). The Impact of trust on acceptance of online
banking. Semantic Scholar. https://www.semanticscholar.org/paper/The-
Impact-of-Trust-on-Acceptance-of-Online-Banking-Alsajjan-
Dennis/cObfd265e0532{8f4d41f8d3766de21d05bbb3a6

Ameen, N., Tarhini, A., Reppel, A., & Anand, A. (2021). Customer Experiences in
the Age of Artificial Intelligence. Computers in Human
Behavior, 114(106548), 106548. NCBI.
https://doi.org/10.1016/j.chb.2020.106548

Anjana, B.S. (2021). Scales of Measurement in Research. ResearchGate.
https://www.researchgate.net/publication/358149225 Scales of Measure
ment_in_Research

Araujo, T. (2018). Living up to the chatbot hype: The influence of
anthropomorphic design cues and communicative agency framing on
conversational agent and company perceptions. Computers in Human
Behavior, 85(85), 183—-189. https://doi.org/10.1016/j.chb.2018.03.051

Bacon, L. (1999). Using LISREL and PLS to Measure Customer Satisfaction.
https://www.researchgate.net/publication/228523217 Using LISREL and
_PLS to measure customer_satisfaction

Baker, E., Mcgaw, B., & Peterson, P. (2010). International encyclopedia of
education. (3rd ed.). Elsevier Science.

Bell, J., & Waters, S. (2014). Doing Your Research Project: a Guide for first-time

Researchers (6th ed.). Mc Graw-Hill - Open University Press.
Bleier, A., & Eisenbeiss, M. (2015). The Importance of Trust for Personalized
Online Advertising. Journal of Retailing, 91(3), 390-409.

https://doi.org/10.1016/j.jretai.2015.04.001

Page 71 of 122



Bleier, A., Harmeling, C. M., & Palmatier, R. W. (2019). Creating Effective
Online Customer Experiences. Journal of Marketing, 83(2), 98—119.
https://doi.org/10.1177/0022242918809930

Brakus, J. J., Schmitt, B. H., & Zarantonello, L. (2009). Brand Experience: What
Is It? How Is It Measured? Does It Affect Loyalty? Journal of
Marketing, 73(3), 52—68.

Cahn, J.E & Brennan S.E. (1999). 4 Psychological Model of Grounding and
Repair in Dialog. AAAL https://cdn.aaai.org/Symposia/Fall/1999/FS-99-
03/FS99-03-004.pdf

Carrillat, F. A., Jaramillo, F., & Mulki, J. P. (2007). The validity of the
SERVQUAL and SERVPEREF scales. International Journal of Service
Industry Management, 18(5), 472—490.
https://doi.org/10.1108/09564230710826250

Chanda, T. (2024). Public Perception of AI-Generated Chatbot in Public
Relations: Trust, Satisfaction, and Commitment [Master’s thesis,
University of Dayton]. OhioLINK ETD.
https://etd.ohiolink.edu/acprod/odb_etd/ws/send_file/send?accession=dayt
onl1714737162694851&disposition=inline

Chang, H.-J., Eckman, M., & Yan, R.-N. (2011). Application of the Stimulus-
Organism-Response model to the retail environment: the role of hedonic
motivation in impulse buying behavior. The International Review of Retail,
Distribution and Consumer Research, 21(3), 233-249.
https://doi.org/10.1080/09593969.2011.578798

Chattaraman, V., Kwon, W.-S., Gilbert, J. E., & Ross, K. (2019). Should Al-

Based, conversational digital assistants employ social- or task-oriented

Page 72 of 122



interaction style? A task-competency and reciprocity perspective for older
adults. Computers in Human Behavior, 90, 315-330.
https://doi.org/10.1016/j.chb.2018.08.048

Chen, J.-S., Le, T.-T.-Y., & Florence, D. (2021). Usability and responsiveness of
artificial intelligence chatbot on online customer experience in e-
retailing. International Journal of Retail & Distribution
Management, 49(11). https://doi.org/10.1108/1jrdm-08-2020-0312

Cheng, X., Bao, Y., Zarifis, A., Gong, W., & Mou, J. (2021). Exploring
consumers’ Response to text-based Chatbots in e-commerce: the
Moderating Role of Task Complexity and Chatbot Disclosure. Internet
Research, 32(2). https://doi.org/10.1108/intr-08-2020-0460

Cheng, X., Zhang, X., Cohen, J., & Mou, J. (2022). Human vs. Al: Understanding
the impact of anthropomorphism on consumer response to chatbots from
the perspective of trust and relationship norms. Information Processing &
Management, 59(3), 102940. https://doi.org/10.1016/j.ipm.2022.102940

Chin, W.W. (1998). The Partial Least Squares Approach to Structural Equation
Modeling. 8(2).
https://www.researchgate.net/publication/311766005_The Partial Least S
quares_ Approach _to Structural Equation Modeling

Chiou, J.-S., & Droge, C. (2006). Service Quality, Trust, Specific Asset
Investment, and Expertise: Direct and Indirect Effects in a Satisfaction-
Loyalty Framework. Journal of the Academy of Marketing Science, 34(4),
613-627. https://doi.org/10.1177/0092070306286934

Choi, B., Lee, C., Lee, H., & Subramani, M. (2004, January). Effects of Web Retail

Service Quality and Product Categories on Consumer Behavior: A

Page 73 of 122



Research Model and Empirical Exploration. System Sciences, 2004,
Proceedings of the 37th Annual Hawaii International Conference.

Chung, M., Ko, E., Joung, H., & Kim, S. J. (2020). Chatbot e-service and
Customer Satisfaction regarding Luxury Brands. Journal of Business
Research, 117, 587-595. https://doi.org/10.1016/j.jbusres.2018.10.004

Clark, H. H., & Brennan, S. E. (1991). Grounding in communication. Perspectives
on Socially Shared Cognition., 127-149. https://doi.org/10.1037/10096-
006

Clark, L., Munteanu, C., Wade, V., Cowan, B. R., Pantidi, N., Cooney, O., Doyle,
P., Garaialde, D., Edwards, J., Spillane, B., Gilmartin, E., & Murad, C.
(2019). What Makes a Good Conversation? Proceedings of the 2019 CHI
Conference on Human Factors in Computing Systems - CHI ’19.
https://doi.org/10.1145/3290605.3300705

Cohen, J. (1988). Statistical Power Analysis for the Behavioral Sciences (2nd ed.).
Routledge.

Collier, J. E., & Bienstock, C. C. (2006). Measuring Service Quality in E-
Retailing. Journal of Service Research, 8(3), 260-275.
https://doi.org/10.1177/1094670505278867

Costa, V., & Sarmento, R. (2019). Confirmatory Factor Analysis A Case study.
https://arxiv.org/pdf/1905.05598

Crolic, C., Thomaz, F., Hadi, R., & Stephen, A. T. (2022). Blame the Bot:
Anthropomorphism and Anger in Customer—Chatbot Interactions. Journal
of Marketing, 86(1), 002224292110456.

https://doi.org/10.1177/00222429211045687

Page 74 of 122



Cronin, J. J., & Taylor, S. A. (1992). Measuring Service Quality: A Reexamination
and Extension. Journal of Marketing, 56(3), 55—68.
https://doi.org/10.2307/1252296

Dabholkar, P. A., Shepherd, C. David., & Thorpe, D. I. (2000). A comprehensive
framework for service quality: an investigation of critical conceptual and
measurement issues through a longitudinal study. Journal of
Retailing, 76(2), 139—173. https://doi.org/10.1016/s0022-4359(00)00029-4

Dahiya, M. (2017). A tool of conversation: chatbot. Int. J. Comput. Sci. Eng. 5,
158-161

Dilmaghani, C. (2023). Bias in AI: What it is, Types, Ex amples & 6 Ways to Fix it
in 2024. https://research.aimultiple.com/ai-bias/

Doorn, J., Mende, M., Noble, S. M., Hulland, J., Ostrom, A. L., Grewal, D., &
Petersen, J. A. (2017). Domo Arigato Mr. Roboto: Emergence of
Automated Social Presence in Organizational Frontlines and Customers’
Service Experiences. Journal of Service Research, 20(1), 43-58.
https://doi.org/10.1177/1094670516679272

Dudovskiy, J. (2012). Causal Research (Explanatory research) - Research-
Methodology. Business Research Methodology. https://research-
methodology.net/causal-research/

Duy, V.N.K. (2021). Service Quality And Its Impact On Customer Satisfaction
[Business dissertation, University of Northampton]. ResearchGate.
https://www.researchgate.net/publication/356592279 Service Quality An
d_Its Impact On_Customer Satisfaction

Dwivedi, Y. K., Hughes, L., Ismagilova, E., Aarts, G., Coombs, C., Crick, T.,

Duan, Y., Dwivedi, R., Edwards, J., Eirug, A., Galanos, V., llavarasan, P.

Page 75 of 122



V., Janssen, M., Jones, P., Kar, A. K., Kizgin, H., Kronemann, B., Lal, B.,
Lucini, B., & Medaglia, R. (2019). Artificial Intelligence (Al):
Multidisciplinary Perspectives on Emerging challenges, opportunities, and
Agenda for research, Practice and Policy. International Journal of
Information Management, 57(101994).
https://doi.org/10.1016/j.ijjinfomgt.2019.08.002

Edvardsson, B. (2005). Service quality: beyond cognitive assessment. Managing
Service Quality: An International Journal, 15(2), 127-131.
https://doi.org/10.1108/09604520510585316

Eisingerich, A. B., & Bell, S. J. (2008). Perceived Service Quality and Customer
Trust. Journal of Service Research, 10(3), 256-268.
https://doi.org/10.1177/1094670507310769

Enders, F. (2013). Collinearity | statistics | Britannica. In Encyclopcedia
Britannica. https://www.britannica.com/topic/collinearity-statistics

Eroglu, S. A., Machleit, K. A., & Davis, L. M. (2003). Empirical testing of a
model of online store atmospherics and shopper responses. Psychology
and Marketing, 20(2), 139—150. https://doi.org/10.1002/mar.10064

ET CISO. (2024, October 7). The dark side of technology: Al-driven cyberattacks
call for upgraded security measures.
https://ciso.economictimes.indiatimes.com/news/cybercrime-fraud/the-
dark-side-of-technology-ai-driven-cyberattacks-call-for-upgraded-security-
measures/114001883

Evans, M. (2019, February 20). Build A 5-Star Customer Experience With

Artificial Intelligence. Forbes.

Page 76 of 122



https://www.forbes.com/sites/allbusiness/2019/02/17/customer-experience-
artificial-intelligence/

Feine, J., Gnewuch, U., Morana, S., & Maedche, A. (2020). Gender Bias in
Chatbot Design. Chatbot Research and Design, 79-93.
https://doi.org/10.1007/978-3-030-39540-7_6

Ferrario, A., Loi, M., & Vigano, E. (2019). In Al We Trust Incrementally: a Multi-
layer Model of Trust to Analyze Human-Artificial Intelligence
Interactions. Philosophy & Technology, 33(3), 523—-539.
https://doi.org/10.1007/s13347-019-00378-3

Fiore, A. M., & Kim, J. (2007). An integrative framework capturing experiential
and utilitarian shopping experience. International Journal of Retail &
Distribution Management, 35(6), 421-442.
https://doi.org/10.1108/09590550710750313

Fiske, D. W. (1949). Consistency of the factorial structures of personality ratings
from different sources. The Journal of Abnormal and Social Psychology,
44(3), 329-344. https://doi.org/10.1037/h0057198

Folstad, A., Nordheim, C. B., & Bjorkli, C. A. (2018). What Makes Users Trust a
Chatbot for Customer Service? An Exploratory Interview Study. In Lecture
notes in computer science (pp. 194-208). https://doi.org/10.1007/978-3-
030-01437-7_16

Forster, J. J. (2001). Sample Surveys: Nonprobability Sampling. International
Encyclopedia of the Social & Behavioral Sciences, 13467-13470.

https://doi.org/10.1016/b0-08-043076-7/00499-x

Page 77 of 122


https://psycnet.apa.org/doi/10.1037/h0057198

Forthofer, R. N., Lee, E. S., & Hernandez, M. (2007). Study
Designs. Biostatistics, 135—167. https://doi.org/10.1016/b978-0-12-
369492-8.50011-x

Garbarino, E., & Johnson, M. S. (1999). The Different Roles of Satisfaction,
Trust, and Commitment in Customer Relationships. Journal of
Marketing, 63(2), 70-87.

Garson, G.D. (2016). Partial Least Squares: Regression & Structural Equation
Models. (2016 edition). Statistical Associates Publishing.
https://www.scirp.org/reference/referencespapers?referenceid=2895188

Gartner. (2016). Gartner Predicts A Virtual World Of Exponential Change.
https://www.gartner.com/smarterwithgartner/gartner-predicts-a-virtual-
world-of-exponential-change

Gefen, D., Karahanna, E., & Straub, D. W. (2003). Trust and TAM in online
shopping: An integrated model. MIS Quarterly, 27(1), 51-90.
https://doi.org/10.2307/30036519

Ghazizadeh, M., Lee, J. D., & Boyle, L. N. (2011). Extending the Technology
Acceptance Model to assess automation. Cognition, Technology &
Work, 14(1), 39-49. https://doi.org/10.1007/s10111-011-0194-3

Ghorbani, A., Danaei, A., Zargar, S. M., & Hematian, H. (2019). Designing of
smart tourism organization (STO) for tourism management: A case study
of tourism organizations of South Khorasan province, Iran. Heliyon, 5(6),
e01850. https://doi.org/10.1016/j.heliyon.2019.e01850

Gumusel, E., Zhou, K. Z., & Sanfilippo, M. R. (2024). User Privacy Harms and
Risks in Conversational Al: a proposed framework. ArXiv (Cornell

University). https://doi.org/10.48550/arxiv.2402.09716

Page 78 of 122


https://doi.org/10.1016/j.heliyon.2019.e01850

Giizeldere, G., Franchi, S. (1995). Dialogues with colorful personalities of early
ai, Constructions of the Mind. Stanford Humanities Review, SEHR,
Stanford University 4 (2). https://web.stanford.edu/group/SHR/4-
2/text/dialogues.html

Haenlein, M., & Kaplan, A. (2019). A brief history of artificial intelligence: On
the past, present, and future of artificial intelligence. California
Management Review, 61(4), 5-14.
https://doi.org/10.1177/0008125619864925

Hair, J. F., Hult, G. T. M., Ringle, C. M., Sarstedt, M., Danks, N. P., & Ray, S.
(2021). Partial Least Squares Structural Equation Modeling (PLS-SEM)
Using R. In Classroom Companion: Business. Springer International
Publishing. https://doi.org/10.1007/978-3-030-80519-7

Hair, J. F., Hult, G.T.M., Ringle, C.M., Sarstedt, M. (2014). 4 primer on partial
least squares structural equations modeling (PLS-SEM). Sage.

Haji-Othman, Y., & Yusuff, M. S. S. (2022). Assessing Reliability and Validity of
Attitude Construct Using Partial Least Squares Structural Equation
Modeling (PLS-SEM). International Journal of Academic Research in
Business and Social Sciences, 12(5). https://doi.org/10.6007/ijarbss/v12-
15/13289

Hasal, M., Nowakova, J., Saghair, K. A., Abdulla, H., Snasel, V., & Ogiela, L.
(2021). Chatbots: Security, privacy, data protection, and social
aspects. Concurrency and Computation: Practice and Experience, 33(19).
Wiley. https://doi.org/10.1002/cpe.6426

Hassan, Z. A., Schattner, P., & Mazza, D. (2006). Doing A Pilot Study: Why Is It

Essential? Malaysian Family Physician: The Official Journal of the

Page 79 of 122



Academy  of  Family  Physicians  of  Malaysia, 1(2-3), 70.
https://pmc.ncbi.nlm.nih.gov/articles/PMC4453116/#R01

Hengstler, M., Enkel, E., & Duelli, S. (2016). Applied artificial intelligence and
trust—The case of autonomous vehicles and medical assistance
devices. Technological Forecasting and Social Change, 105, 105—120.
https://doi.org/10.1016/j.techfore.2015.12.014

Henseler, J., Ringle, C. M., & Sarstedt, M. (2015). A new criterion for assessing
discriminant validity in variance-based structural equation
modeling. Journal of the Academy of Marketing Science, 43(1), 115-135.
https://doi.org/10.1007/s11747-014-0403-8

Heo, M., Lee, K.J. (2018). Chatbot as a new business communication tool: the
case of Naver TalkTalk. Business Communication Research and Practice 1
(1), 41-45 https://doi.org/10.22682/bcrp.2018.1.1.41

Hildreth, P.M., Kimble, C., Wright, P. (1998). Computer Mediated
communications and Communities of Practice. 98, 275-286.

Ho, S. P. S., & Chow, M. Y. C. (2023). The role of artificial intelligence in
consumers’ brand preference for retail banks in Hong Kong. Journal of
Financial Services Marketing. https://doi.org/10.1057/s41264-022-00207-
3

Hock, M., & Ringle, C. M. (2010). Local strategic networks in the software
industry: an empirical analysis of the value continuum. International
Journal of Knowledge Management Studies, 4(2), 132.
https://doi.org/10.1504/ijkms.2010.030789

Hoff, K. A., & Bashir, M. (2015). Trust in Automation: Integrating Empirical

Evidence on Factors That Influence Trust. Human Factors: The Journal of

Page 80 of 122



the Human Factors and Ergonomics Society, 57(3), 407-434.
https://doi.org/10.1177/0018720814547570

Hsu, C.-L., & Lin, J. C.-C. (2023). Understanding the user satisfaction and loyalty
of customer service chatbots. Journal of Retailing and Consumer
Services, 71(71), 103211. https://doi.org/10.1016/j.jretconser.2022.103211

Hwang, H., Malhotra, N., Kim, Y., Tomiuk, M.A. (2010). A Comparative Study on
Parameter Recovery of Three Approaches to Structural Equation
Modeling. Journal of Marketing Research, 47, 699-712.
http://dx.doi.org/10.2307/20751534

Ittefaq, H., Akhtar, N., Siddiqi, U. L., Islam, T., & Kuzior, A. (2024). The betrayal
puzzle: Unraveling the connection between inauthenticity, corporate
wrongdoing and brand betrayal with avoidance and reparation. Journal of
Retailing and Consumer Services, 76, 103597.
https://doi.org/10.1016/j.jretconser.2023.103597

Jaakkola, E., Helkkula, A., & Aarikka-Stenroos, L. (2015). Understanding and
advancing service experience co-creation. Journal of Service
Management, 26(2). https://doi.org/10.1108/josm-02-2015-0045

Jacoby, J. (2002). Stimulus-Organism-Response Reconsidered: An Evolutionary
Step in Modeling (Consumer) Behavior. Journal of Consumer
Psychology, 12(1), 51-57. https://doi.org/10.1207/s15327663jcp1201_05

Jeon, J.-E. (2024). The Effect of Al Agent Gender on Trust and
Grounding. Journal of Theoretical and Applied Electronic Commerce

Research, 19(1), 692—704. https://doi.org/10.3390/jtaer19010037

Page 81 of 122



Jiang, J. J., Klein, G., & Carr, C. L. (2002). Measuring Information System
Service Quality: SERVQUAL from the Other Side. MIS Quarterly, 26(2),
145. https://doi.org/10.2307/4132324

Johnson, E.C. & Karlay, J.S. (2018). Impact of Service Quality on customer
Satisfaction. Cae study: Liberia Revenue Authority [Doctor dissertation,
University of Gavle]. DiVA. http://hig.diva-
portal.org/smash/record.jsf?pid=diva2%3A1246475&dswid=110

Kamboj, S., Sarmah, B., Gupta, S., & Dwivedi, Y. (2018). Examining branding
co-creation in brand communities on social media: Applying the paradigm
of Stimulus-Organism-Response. International Journal of Information
Management, 39(0268-4012), 169-185.
https://doi.org/10.1016/j.ijjinfomgt.2017.12.001

Kim, M. J,, Lee, C.-K., & Jung, T. (2020). Exploring Consumer Behavior in
Virtual Reality Tourism Using an Extended Stimulus-Organism-Response
Model. Journal of Travel Research, 59(1), 69-89.
https://doi.org/10.1177/0047287518818915

Knidiri, H. (2021). How Artificial Intelligence impacts the customer experience.
Matheo.uliege.be. http://hdl.handle.net/2268.2/13565

Kock, N. (2015). Common method bias in PLS-SEM: A full collinearity
assessment approach. International Journal of E-Collaboration, 11(4), 1-
10. https://doi.org/10.4018/ijec.2015100101

Kontogiorgos, D., Pereira, A., & Gustafson, J. (2021). Grounding behaviours with
conversational interfaces: effects of embodiment and failures. Journal on

Multimodal User Interfaces. https://doi.org/10.1007/s12193-021-00366-y

Page 82 of 122



Korfiatis, N., Stamolampros, P., Kourouthanassis, P., & Sagiadinos, V. (2019).
Measuring service quality from unstructured data: A topic modeling
application on airline passengers’ online reviews. Expert Systems with
Applications, 116, 472—486. https://doi.org/10.1016/j.eswa.2018.09.037

Kothari, C.R., (2004). Quantitative Techniques (3rd Edition). Vikas Publishing
House Pvt. Ltd., p.64, 1978.

Kronemann, B. (2022). The Impact of Al on Online Customer Experience and
Consumer Behaviour. An Empirical Investigation of the Impact of
Artificial Intelligence on Online Customer Experience and Consumer
Behaviour in a Digital Marketing and Online Retail Context [Doctor
dissertation, University of Bradford]. Bradford Scholar.
https://bradscholars.brad.ac.uk/handle/10454/19777

Kunz, W. H., Heinonen, K., & Lemmink, J. G. A. M. (2019). Future service
technologies: is service research on track with business reality? Journal of
Services Marketing, 33(4), 479—-487. https://doi.org/10.1108/jsm-01-2019-
0039

Lavrakas, P. J. (2008). Encyclopedia of survey research methods. Sage
Publications.

Lemon, K. N., & Verhoef, P. C. (2016). Understanding Customer Experience
Throughout the Customer Journey. Journal of Marketing, 80(6), 69—96.
https://doi.org/10.1509/jm.15.0420

Leo, G.D., & Sardanelli, F. (2020). Statistical significance: p value, 0.05
threshold, and applications to radiomics—reasons for a conservative
approach. European Radiology Experimental, 4(1).

https://doi.org/10.1186/s41747-020-0145-y

Page 83 of 122



Li, C.-Y.,, Fang, Y.-H., & Chiang, Y.-H. (2023). Can Al chatbots help retain
customers? An integrative perspective using affordance theory and service-
domain logic. Technological Forecasting and Social Change, 197, 122921.
https://doi.org/10.1016/j.techfore.2023.122921

Li, J. (2015). A privacy preservation model for Health-Related Social Networking
sites. JMIR. Journal of Medical Internet Research/Journal of Medical
Internet Research, 17(7), €168. https://doi.org/10.2196/jmir.3973

Li, J. (2023). Security Implications of Al Chatbots in Health Care. Journal of
Medical Internet Research, 25(1), e47551. https://doi.org/10.2196/47551

Ling, K. C., Chai, L. T., & Piew, T. H. (2010). The Effects of Shopping
Orientations, Online Trust and Prior Online Purchase Experience toward
Customers’ Online Purchase Intention. International Business
Research, 3(3), 63-76.

Loeb, S., Dynarski, S., McFarland, D., Morris, P., Reardon, S., Reber, S. (2017).
Descriptive analysis in education: A guide for researchers.
https://eric.ed.gov/?1d=ED573325

Lukyanenko, R., Maass, W., & Storey, V. C. (2022). Trust in artificial intelligence:
From a Foundational Trust Framework to emerging research
opportunities. Electronic Markets, 32. https://doi.org/10.1007/s12525-022-
00605-4

Madhavan, P., & Wiegmann, D. A. (2007). Similarities and differences between
human—human and human—automation trust: an integrative
review. Theoretical Issues in Ergonomics Science, 8(4), 277-301.

https://doi.org/10.1080/14639220500337708

Page 84 of 122



Malhotra, N. K. (2004). Marketing research: an applied orientation. Pearson-
Prentice Hall.

Marjerison, R. K., Zhang, Y., & Zheng, H. (2022). Al in E-Commerce:
Application of the Use and Gratification Model to the Acceptance of
Chatbots. Sustainability, 14(21), 14270.
https://doi.org/10.3390/su142114270

Martin, J., Mortimer, G., & Andrews, L. (2015). Re-examining Online Customer
Experience to Include Purchase Frequency and Perceived Risk. Journal of
Retailing and Consumer Services, 25, 81-95.
https://doi.org/10.1016/j.jretconser.2015.03.008

McLean, G., & Osei-Frimpong, K. (2019). Hey Alexa ... examine the variables
influencing the use of artificial intelligent in-home voice
assistants. Computers in Human Behavior, 99, 28-37.
https://doi.org/10.1016/j.chb.2019.05.009

McLean, G., Al-Nabhani, K., & Wilson, A. (2018). Developing a Mobile
Applications Customer Experience Model (MACE)- Implications for
Retailers. Journal of Business Research, 85, 325-336.
https://doi.org/10.1016/j.jbusres.2018.01.018

Mesly, O. (2015). Creating models in psychological research. Etats-Unis:
Springer press.

Meyer-Waarden, L., Pavone, G., Poocharoentou, T., Prayatsup, P., Ratinaud, M.,
Tison, A., & Torné, S. (2020). How Service Quality Influences Customer
Acceptance and Usage of Chatbots? Journal of Service Management

Research, 4(1), 35-51. https://doi.org/10.15358/2511-8676-2020-1-35

Page 85 of 122



Mishra, P., Pandey, C., Singh, U., & Gupta, A. (2018). Scales of measurement and
presentation of statistical data. Annals of Cardiac Anaesthesia, 21(4), 419—
422. ncbi. https://doi.org/10.4103/aca.aca_131 18

Misischia, C. V., Poecze, F., & Strauss, C. (2022). Chatbots in customer service:
Their relevance and impact on service quality. Procedia Computer
Science, 201(201), 421-428. Sciencedirect.
https://doi.org/10.1016/j.procs.2022.03.055

Mollen, A., & Wilson, H. (2010). Engagement, telepresence and interactivity in
online consumer experience: Reconciling scholastic and managerial
perspectives. Journal of Business Research, 63(9-10), 919-925.
https://doi.org/10.1016/j.jbusres.2009.05.014

Moriuchi, E. (2019). Okay, Google!: An empirical study on voice assistants on
consumer engagement and loyalty. Psychology & Marketing, 36(5), 489—
501. https://doi.org/10.1002/mar.21192

Nguyen, T., Quach, S., & Thaichon, P. (2021). The effect of Al quality on
customer experience and brand relationship. Journal of Consumer
Behaviour, 21(3). https://doi.org/10.1002/cb.1974

Nienaber, A.-M., & Schewe, G. (2014). Enhancing Trust Or Reducing Perceived
Risk, What Matters More When Launching a New Product? International
Journal of Innovation Management, 18(01), 1450005.
https://doi.org/10.1142/s1363919614500054

O’Neill, M., Wright, C., & Fitz, F. (2001). Quality evaluation in on-line service
environments: an application of the importance-performance measurement
technique. Managing Service Quality: An International Journal, 11(6),

402-417. https://doi.org/10.1108/eum0000000006519

Page 86 of 122



Paliszkiewicz, J., & Jerzy Gotuchowski. (2024). Trust in artificial intelligence —
future directions. Routledge EBooks, 3-9.
https://doi.org/10.4324/9781032627236-2

Parasuraman, A., Zeithaml, V. A., & Berry, L. L. (1985). A Conceptual Model of
Service Quality and Its Implications for Future Research. Journal of
Marketing, 49(4), 41-50. https://doi.org/10.2307/1251430

Parasuraman, A., Zeithaml, V., & Berry, L. (1988). SERVQUAL: A multiple-item
scale for measuring consumer perceptions of service quality. Journal of
Retailing, 61(1), 12-40

Paschen, J., Kietzmann, J., & Kietzmann, T. C. (2019). Artificial Intelligence (Al)
and Its Implications for Market Knowledge in B2B Marketing. Journal of
Business & Industrial Marketing, 34(7). https://doi.org/10.1108/jbim-10-
2018-0295

Pizzi, G., Scarpi, D., & Pantano, E. (2020). Artificial intelligence and the new
forms of interaction: Who has the control when interacting with a
chatbot? Journal of Business Research, 129.
https://doi.org/10.1016/j.jbusres.2020.11.006

Prentice, C., & Kadan, M. (2019). The role of airport service quality in airport and
destination choice. Journal of Retailing and Consumer Services, 47, 40—
48. https://doi.org/10.1016/j.jretconser.2018.10.006

Prentice, C., & Nguyen, M. (2020). Engaging and Retaining Customers with Al
and Employee Service. Journal of Retailing and Consumer
Services, 56(56), 102186. https://doi.org/10.1016/j.jretconser.2020.102186

Prentice, C., Lopes, S. D., & Wang, X. (2020). The Impact of Artificial

Intelligence and Employee Service Quality on Customer Satisfaction and

Page 87 of 122



Loyalty. Journal of Hospitality Marketing & Management, 29(7), 1-18.
https://www.tandfonline.com/doi/abs/10.1080/19368623.2020.1722304

Przegalinska, A., Ciechanowski, L., Stroz, A., Gloor, P., & Mazurek, G. (2019). In
bot we trust: A new methodology of chatbot performance
measures. Business Horizons, 62(6), 785-797.
https://doi.org/10.1016/j.bushor.2019.08.005

Raab, C. D. (1998). The Distribution of Privacy Risks: Who Needs
Protection? The Information Society, 14(4), 263-274.
https://doi.org/10.1080/019722498128719

Ramadan, M.M., Khalil, A.T, & Enaba, H.M.L (2024).Customer experience
antecedents in the context of Al chatbot services. Lobdl lw/ nll Lualel/ sl
Ly 15(1), 590-618. https://doi.org/10.21608/jces.2024.354132

Reis, H. T., Lemay, E. P., & Finkenauer, C. (2017). Toward understanding
understanding: The importance of feeling understood in
relationships. Social and Personality Psychology Compass, 11(3), e12308.
https://doi.org/10.1111/spc3.12308

Richardson, D. C., & Dale, R. (2005). Looking To Understand: The Coupling
Between Speakers’ and Listeners’ Eye Movements and Its Relationship to
Discourse Comprehension. Cognitive Science, 29(6), 1045—-1060.
https://doi.org/10.1207/s15516709cog0000_29

Riedl, M. O. (2019). Human-centered artificial intelligence and machine
learning. Human Behavior and Emerging Technologies, 1(1), 33-36.
https://doi.org/10.1002/hbe2.117

Rizomyliotis, 1., Kastanakis, M. N., Giovanis, A., Konstantoulaki, K., &

Kostopoulos, I. (2022). “How mAy I help you today?”” The use of Al

Page 88 of 122



chatbots in small family businesses and the moderating role of customer
affective commitment. Journal of Business Research, 153, 329-340.
https://doi.org/10.1016/j.jbusres.2022.08.035

Roscoe, J. T. (1975). Fundamental Research Statistics for the Behavioral
Sciences. New York: Holt, Rinehart and Winston.

Rose, S., Clark, M., Samouel, P., & Hair, N. (2012). Online Customer Experience
in e-Retailing: an Empirical Model of Antecedents and Outcomes. Journal
of Retailing, 8§8(2), 308-322. https://doi.org/10.1016/j.jretai.2012.03.001

Ruan, Y., & Mezei, J. (2022). When do Al chatbots lead to higher customer
satisfaction than human frontline employees in online shopping assistance?
Considering product attribute type. Journal of Retailing and Consumer
Services, 68, 103059. Sciencedirect.
https://doi.org/10.1016/j.jretconser.2022.103059

Sannon, S., Stoll, B., DiFranzo, D., Jung, M. F., & Bazarova, N. N. (2020). “I just
shared your responses.” Proceedings of the ACM on Human-Computer
Interaction, 4(GROUP), 1-18. https://doi.org/10.1145/3375188

Sarmento, R., & Costa, V. (2017). Descriptive Analysis. Comparative Approaches
to Using R and Python for Statistical Data Analysis, 83—113.
https://doi.org/10.4018/978-1-68318-016-6.ch004

Saunders, M., Lewis, P., & Thornhill, A. (2019). Research Methods for Business
Students (8th ed.). Pearson.

Scheidt, S., & Chung, Q. B. (2019). Making a case for speech analytics to
improve customer service quality: Vision, implementation, and
evaluation. International Journal of Information Management, 45, 223—

232. https://doi.org/10.1016/j.ijinfomgt.2018.01.002

Page 89 of 122



Schwager, A., & Meyer, C. (2007, February). Understanding customer experience.
Harvard Business Review. https://hbr.org/2007/02/understanding-
customer-experience

Sekaran, U. (2003). Research Methods for Business: A Skill-building
Approach (4th ed.). Wiley.

Shahzad, M. F., Xu, S., An, X., & Javed, 1. (2024). Assessing the impact of Al-
chatbot service quality on user e-brand loyalty through chatbot user trust,
experience and electronic word of mouth. Journal of Retailing and
Consumer Services, 79, 103867.
https://doi.org/10.1016/j.jretconser.2024.103867

Shahzad, M. F., Xu, S., An, X., & Javed, 1. (2024). Assessing the impact of Al-
chatbot service quality on user e-brand loyalty through chatbot user trust,
experience and electronic word of mouth. Journal of Retailing and
Consumer Services, 79, 103867.
https://doi.org/10.1016/j.jretconser.2024.103867

Shankar, V. (2018). How Artificial Intelligence (Al) is Reshaping
Retailing. Journal of Retailing, 94(4), vi—xi. https://doi.org/10.1016/s0022-
4359(18)30076-9

Sheehan, B., Jin, H. S., & Gottlieb, U. (2020). Customer service chatbots:
Anthropomorphism and adoption. Journal of Business Research, 115(7),
14-24. https://doi.org/10.1016/j.jbusres.2020.04.030

Siau, K. & Wang, W. (2018). Building Trust in Artificial Intelligence, Machine

Learning, and Robotics. Cutter Business Technology Journal 31, 47-53.

Page 90 of 122



SmartPLS. (n.d.). ASSESSING PLS-SEM RESULTS PART.
https://www.smartpls.com/primer-book-case-
studies/primer_3e_chap4_case_new.pdf

Stratton, S. J. (2023). Population Sampling: Probability and Non-Probability
Techniques. Prehospital and Disaster Medicine, 38(2), 147—-148.
https://doi.org/10.1017/s1049023x23000304

Structural Equation Modeling Method. Mathematics, 10(13), 2190.
https://doi.org/10.3390/math10132190

Suhartanto, D., Helmi Ali, M., Tan, K. H., Sjahroeddin, F., & Kusdibyo, L. (2019).
Loyalty toward online food delivery service: the role of e-service quality
and food quality. Journal of Foodservice Business Research, 22(1), 81-97.
https://doi.org/10.1080/15378020.2018.1546076

Sundram, S., & Romli, N. (2023). A Pilot Study to Test the Reliability and Validity
of The Research Instrument. Malaysian Journal of Social Sciences and
Humanities (MJSSH), 8(3), €002149—-e002149.
https://doi.org/10.47405/mjssh.v813.2149

Tan, S. H., & Tan, S. B. (2010). The Correct Interpretation of Confidence
Intervals. Proceedings of  Singapore  Healthcare, 19(3), 276-278.
https://doi.org/10.1177/201010581001900316

Thanh, N.D., Anh, P.Q., Chang, P.T.H. & Nguyet, H.T.M (2023). Cross-Cultural
Adaption and Validation of SERVPERF Tool for Measuring Healthcare
Quality in an Oncology Public Hospital, Vietnam. The Journal of Health
Care Organization, Provision, and Financing, 60, 1-6.

https://doi.org/10.1177/00469580221146826

Page 91 of 122



Van den Broeck, E., Zarouali, B., & Poels, K. (2019). Chatbot advertising
effectiveness: When does the message get through? Computers in Human
Behavior, 98, 150-157. https://doi.org/10.1016/j.chb.2019.04.009

Venger, A. L., & Dozortsev, V. M. (2023). Trust in Artificial Intelligence:
Modeling the Decision Making of Human Operators in Highly Dangerous
Situations. Mathematics, 11(24), 4956.
https://doi.org/10.3390/math11244956

Venkatesh, V., Thong, J. Y. L., Chan, F. K. Y., Hu, P. J.-H., & Brown, S. A. (2011).
Extending the two-stage information systems continuance model:
incorporating UTAUT predictors and the role of context. Information
Systems Journal, 21(6), 527-555. https://doi.org/10.1111/.1365-
2575.2011.00373.x

Verhoef, P. C., Lemon, K. N., Parasuraman, A., Roggeveen, A., Tsiros, M., &
Schlesinger, L. A. (2009). Customer Experience Creation: Determinants,
Dynamics and Management Strategies. Journal of Retailing, 85(1), 31-41.
https://doi.org/10.1016/j.jretai.2008.11.001

Vinzi, V. E., Trinchera, L., & Amato, S. (2010). PLS Path Modeling: From
Foundations to Recent Developments and Open Issues for Model
Assessment and Improvement. Handbook of Partial Least Squares, 47-82.
https://doi.org/10.1007/978-3-540-32827-8 3

Wang, Q., & Goel, A. K. (2022). Mutual Theory of Mind for Human-Al
Communication. ArXiv (Cornell University).
https://doi.org/10.48550/arxiv.2210.03842

Wang, W.-T., Wang, Y.-S., & Liu, E.-R. (2016). The stickiness intention of group-

buying websites: The integration of the commitment—trust theory and e-

Page 92 of 122



commerce success model. Information & Management, 53(5), 625—642.
https://doi.org/10.1016/5.im.2016.01.006

Wang, X., Tajvidi, M., Lin, X., & Hajli, N. (2019). Towards an Ethical and
Trustworthy Social Commerce Community for Brand Value Co-creation: A
trust-Commitment Perspective. Journal of Business Ethics, 167(1).
https://doi.org/10.1007/s10551-019-04182-z

Weger, H., Castle Bell, G., Minei, E. M., & Robinson, M. C. (2014). The relative
effectiveness of active listening in initial interactions. International
Journal of Listening, 28(1), 13-31.
https://doi.org/10.1080/10904018.2013.813234

Weurlander, A. (2023). Chatbots and online customer experience — Finnish
consumers’perceptions towards chatbots in e commerce retail [Master’s
thesis, Aalto University]. Aalto.
https://aaltodoc.aalto.fi/server/api/core/bitstreams/ab06ca68-9db0-48af-
a49c-8adb5a5ad826/contentRafiq, F., Dogra, N., Adil, M., & Wu, J.-Z.
(2022). Examining Consumer’s Intention to Adopt AI-Chatbots in Tourism
Using Partial Least Squares

Wong, K. K. (2011). Review of the book Handbook of Partial Least Squares:
Concepts, Methods and Applications, by V. Esposito Vinzi, W.W. Chin, J.
Henseler & H. Wang (Eds). International Journal of Business Science &
Applied Management, 6 (2), 52-54.
https://www.researchgate.net/publication/268449448 Review of the boo
k Handbook of Partial Least Squares Concepts Methods and Applicat

ions by V Esposito Vinzi WW_Chin_J Henseler H Wang Eds

Page 93 of 122



Wong, K.K.-K. (2010). Handling small survey sample size and skewed dataset
with partial least square path modelling. Vue: The Magazine of the
Marketing Research and Intelligence Association, 20-23
https://www.researchgate.net/publication/268449451 Handling small sur
vey sample size and skewed dataset with partial least square path m
odelling

Wong, K.K.-K. (2013). Partial Least Squares Structural Equation Modeling (PLS-
SEM) Techniques Using SmartPLS. 24(1), 1-32.
https://www.researchgate.net/publication/268449353 Partial least square
_structural equation_modeling PLS-SEM techniques using SmartPLS

Wy, Y.-L., & Li, E. Y. (2018). Marketing mix, customer value, and customer
loyalty in social commerce. Internet Research, 28(1), 74-104.
https://doi.org/10.1108/intr-08-2016-0250

Yang, J., Chen, Y.-L., Lip Yee Por, & Chin Soon Ku. (2023). A Systematic
Literature Review of Information Security in Chatbots. Applied
Sciences, 13(11), 6355-6355. https://doi.org/10.3390/app13116355

Yang, Y., Liu, Y., Lv, X., A, J., & L1, Y. (2021). Anthropomorphism and
customers’ willingness to use artificial intelligence service agents. Journal
of Hospitality Marketing & Management, 31(1), 1-23.
https://doi.org/10.1080/19368623.2021.1926037

Zamora, J. (2017). I’'m Sorry, Dave, I’'m Afraid I Can’t Do That. Proceedings of
the 5th International Conference on Human Agent Interaction.
https://doi.org/10.1145/3125739.3125766

Zikmund, W.G. (2003). Business Research Methods (7th ed.). South-Western

Publishing.

Page 94 of 122



APPENDIX

Appendix 3.1: Questionnaire

A Study on the Relationship Marketing Affecting the
Customer Experience in Using AI-Chatbot

Dear respondent,

I am a second-year undergraduate student of International Business, from
University Tunku Abdul Rahman (UTAR). The purpose of this survey is to study
the relationship marketing affecting the customer experience in using AI-Chatbot.
An artificial intelligence (Al) tool called a chatbot is created to mimic human
communication. The artificial intelligence (Al) chatbot is emerging as a significant
corporate customer-facing application, potentially increasing customer service
efficiency while reducing costs.

Thank you for your participation.

Instruction:

1. There are SIX (6) pages in this questionnaire. Please answer ALL questions
which are needed in ALL pages.

2. Completion of this questionnaire will take you approximately 5 to 10
minutes.

3. The content of this questionnaire will be kept strictly confidential and will
be used only for academic research purpose.
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Section A: Demographic Profile

In this section, we are interested in your background in general. Kindly mark your
response, which will be treated with the utmost confidentiality.

1. Gender

Male
Female

2. Age Below 18 years old
18 - 25 years old
26 - 35 years old
36 - 45 years old
46 — 55 years old
Above 55 years old

3. Ethnicity Chinese
Malay
India
Others

4. Level of Study UEC /STPM /A-Level /Foundation
: Diploma

Bachelor’s Degree

Master’s Degree

Doctorate Degree

5. Monthly Income Below RM500
RMS500 - RM1000
RM1001 - RM2000
RM2001 - RM3000
RM3001 - RM4000
Above RM4000
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4. Do you currently use any AI-Chatbot related products?

Yes
No

5. Which AI-Chatbot have you used before? (Can choose more than one)

ChatGPT

Google Gemini

Microsoft Copilot

Perplexity .ai

Others

6. Why do you often use AI-Chatbot? (Can choose more than one)

Fast response and 24/7 customer service
Provide personalized response
Provide easy-to-use self-service choices
Support for multiple languages
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Section B: Evaluate the Factors Affecting Customer Experience in Using Al-

Chatbot

Note: Scale 1 indicates that you strongly disagree with the statement and 5

indicates you strongly agree with the statement

[Strongly disagree = 1, Disagree = 2, Neutral = 3, Agree = 4, Strongly agree = 5]

Subsection 1: Service Quality

Reliability Strongly | Disagree | Neutral Agree | Strongly
disagree agree

1. Al-Chatbot is 1 2 3 4 5

useful.

2. Al-Chatbot is 1 2 3 4 5

reliable.

3. AI-Chatbot gives 1 2 3 4 5

useful information.

4. Al-Chatbot gives 1 2 3 4 5

real information.

Responsiveness Strongly | Disagree | Neutral Agree | Strongly

disagree agree

1. AI-Chatbot 1 2 3 4 5

responds quickly.

2. Al-Chatbot 1 2 3 4 5

responds

immediately.

Empathy Strongly | Disagree | Neutral Agree Strongly
disagree agree

1. AI-Chatbot is 1 2 3 4 5

sympathetic.

2. Al-Chatbot is 1 2 3 4 5

honest.

3. AI-Chatbot is 1 2 3 4 5

attentive.

Credibility Strongly | Disagree | Neutral Agree Strongly
disagree agree

1. AI-Chatbot is 1 2 3 4 5

credible.

2. Al-Chatbot is 1 2 3 4 5

impartial.
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3. AI-Chatbot is 1 2 3 4 5
well-informed.
4. Al-Chatbot is 1 2 3 4 5
qualified.
5. Al-Chatbot is an 1 2 3 4 5
expert.
Tangibles Strongly | Disagree | Neutral Agree Strongly
disagree agree
1. AI-Chatbot has 1 2 3 4 5
attractive
Messenger colours.
2. Al-Chatbot has 1 2 3 4 5
attractive website
colours.
3. Al-Chatbot has 1 2 3 4 5
an attractive
appearance.
Subsection 2: Security
Strongly | Disagree | Neutral Agree | Strongly
disagree agree
1. | feel safe in my 1 2 3 4 5
interaction when
using Al-Chatbot.
2. | feel my privacy 1 2 3 4 5
is protected by Al-
Chatbot.
3. I trust that Al- 1 2 3 4 5
Chatbot will not
misuse my personal
information.
4. | feel | can trust 1 2 3 4 5
Al-Chatbot.
5. Al-Chatbot 1 2 3 4 5

instills confidence
in me.
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Section C: Evaluate the Effect of Service Quality and Security of AI-Chatbot

on Consumer

Note: Scale 1 indicates that you strongly disagree with the statement and 5
indicates you strongly agree with the statement

[Strongly disagree = 1, Disagree = 2, Neutral = 3, Agree = 4, Strongly agree = 5]

Subsection 1: Trust

Strongly | Disagree | Neutral Agree Strongly
disagree agree
1. AI-Chatbot 1 2 3 4 5
engages me.
2. Al-Chatbot puts 1 2 3 4 5
my interests first.
3. Al-Chatbot 1 2 3 4 5
keeps its promises.
4. Al-Chatbot gives 1 2 3 4 5
perfect service
quality.
Subsection 2: Grounding
Strongly | Disagree | Neutral Agree | Strongly
disagree agree
1. Al-Chatbot 1 2 3 4 5
provided feedback
on having accepted
my input.
2. | felt that Al- 1 2 3 4 5
Chatbot understood
what | had to say.
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Section D: Evaluate the Customer Experience in Using AI-Chatbot

Note: Scale 1 indicates that you strongly disagree with the statement and 5
indicates you strongly agree with the statement

[Strongly disagree = 1, Disagree = 2, Neutral = 3, Agree = 4, Strongly agree = 5]

Strongly | Disagree | Neutral Agree | Strongly
disagree agree
1. I am satisfied with 1 2 3 4 5
the AI-Chatbot.
2. I am content with 1 2 3 4 5
the AI-Chatbot.
3. The AI-Chatbot 1 2 3 4 5
did a good job.
4. The Al-Chatbot 1 2 3 4 5
did what I expected.
5. I am happy with 1 2 3 4 5
the AI-Chatbot.
6. I was satisfied 1 2 3 4 5
with the experience
of communicating
with the AI-Chatbot.
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Appendix 3.2: Letter of Ethical Clearance

UNIVERSITI TUNKU ABDUL RAHMAN

Re: U/SERC/78-352/2024
9 September 2024

Dr Fitriya Binti Abdul Rahim

Head, Department of International Business
Faculty of Accountancy and Management

Universiti Tunku Abdul Rahman
Jalan Sungai Long

Bandar Sungai Long

43000 Kajang, Selangor

Dear Dr Fitriya,

Ethical Approval For Research Project/Protocol

UNIVERSITI TUNKU ABDUL RAHMAN  ouor2s

Wholly owned by UTAR Education Foundation

Co. No. 578227-M

We refer to your application for ethical approval for your students’ research project from Bachelor of
International Business (Honours) programme enrolled in course UKMZ3016. We are pleased to inform

you that the application has been approved under Expedited Review.

The details of the research projects are as follows:

No. Research Title Student’s Name Supervisor’s Name | Approval Validity
1. | Strategic Approaches‘ to Enhance‘ Consurper ‘ Pn Ezatul Emilia
Engagement and Traction Through Livestreaming Adeline Kong Binti Muhammad
Content: A Comparative Analysis of Effective Qing Qing .
. . Arif
Tactics and Best Practices
2. | Factors Influencing Customers Acceptance of .
Malaysian Traditional Bank’s Digital Channels Chan Huey Teng Dr Tee Peck Ling
3. | Relationship Marketing Affecting the Customer . .
Experience in Using AI-Chatbot Chan Pei Yee Dr Yeong Wai Mun
4. | Factors that Influence Employee Performance in Chen Kar Him Dr Komathi a/p
the Workplace Munusamy
5. | Social Media }A\dvm:tlsmg Fgrmat that Affect Cheong Yi Qian Dr Fok Kuk Fai
Consumer Behaviour in Malaysia
6. | Consumer Intentions to Switch Accommodations . . .
from Traditional Hotels to Airbnb Chia Rong Wei DrLaw Kian Aun
7. . i . Pn Ezatul Emilia 9 September 2024 —
Engulfed by Recommendation Systems: Walking Chin Kai Ning Binti Muhammad 8 September 2025
Away Empty-handed Becomes a Challenge Arif
8. | The Interrelations Between Artificial Intelligence . . .
(AI) Usage and Academic Performance Chin Wie Jane Dr Low Mei Peng
% Factor Affecting University Students' Behavioural . Pn‘ Fi‘mda Bhanu
- ; Chock Yee Fai Binti Mohamed
Intention to Use ChatGPT for Academic Purpose
Yousoof
10. | The Impact of ESG In111at1ve§ on Green Product Choi Yoon Qi Dr Foo Meow Yee
and Consumer Purchase Intentions
11. | Factors Influencing Gender Entrepreneurial Dr Kalaivani a/
Intention Among Malaysian Undergraduate | Chong Chean You P
Jayaraman
Students
12. | The Influence of Technological Infrastructure on Dr Komathi a/
the Success of Digital Reading Platforms Globally Chong Li Xian p
Munusamy
Among Students
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Tel: (603) 9086 0288 Fax: (603) 9019 8868
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No. Research Title Student’s Name Supervisor’s Name Approval Validity
13. | The Impact of Social Sustainability Awareness on . Dr Komathi a/p
. . Fang Yu Mei
Consumer Buying Behavior Munusamy
14. | TheEffect of Social Media Influencer Marketing on
the Purchase Intention of Young Consumers in the Foh Zhi Hui Ms Goh Poh Jin
Skincare Product Industry
15 University Student’s Intention to Adopt Mobile Foo Yong Yi P];l F?r;gahBhan;
Payments in Malaysia 00 Yong ¥1 mnt1 Mohame
Yousoof
16. | Modemisation and Transformation in SMEs: A
Case Study Exploring Owner Perspectives on . s
Process Transformation and Technological Grace Lim Wei Qi | Mr Lee Yoon Heng
Adaptation
17. | Understanding the Influence of Greenwashing on
Green Brand Equity and Green Purchase Intention . . .
Among Electric Vehicle Consumers in Klang Heng Xian Wei Dr Tan Pei Meng
Valley
18. | Adoption of Digital Marketing on SME Service Jordan Wue Bin Ms Puvaneswari a/p
Sector in Klang Valley Hassan Wue Veloo
19. | Exploring Determinants of Malaysian Purchase 7 Yap Jie Ni Dr Malathi Nair a/p G
Intention for Electric Vehicles oyce Yap e Narayana Nair
20. | Sustainable Shopper: Linking ESG with the | Julia Look Hui Dr Abdullah
Shopping Carts Sian Sallchimddin Em
Abdullah Salim
21. | Investigating Influential Factors on Female
Consumers” Purchase Behavior or Organic Kang Karen Dr Ooi Bee Chen
Perfumes in Malaysia
22. | Factors Influencing Consumer Purchase Intention s ;
Towards Green Household Products Kok ZiLi Dr Ooi Bee Chen
23. | Winning in Cross-border E-commerce: Factors Pn Ezatul Emilia
That Influence Strategic Platform-based Product Lai Kah Shen Binti Muhammad
Selection Among Sellers Arif
24. Emp}oyee Retention’s Impact Factors Within the Lee Yee Hong Dr Foo Meow Yee
25 ?:::cl)lrinldl:‘f;ugncing the Employee Turnover Rate Dr Kalaivani a/p 9 September 2024 —
. u yee Tumov v
Among Fresh Graduate Employees Leong Weng Kent Jayaraman 8 September 2025
26. | The Factors Influencing the Purchase Intention of C
Electric Vehicles Among Malaysian Young Adults Lew Hui Ching Dr Foo Meow Yee
27. | Exploring Factors Influencing Customer Loyalty in Lew Zhi Qin, Dr Malathi Nair a/p G
Malaysia's Traditional Coffee Shop (Kopitiam) ° s Narayana Nair
28. Green' Purcha:se Intenplon Towards Reusable Lim Khang Xian Ms Tai Lit Cheng
Shopping Bag in Malaysia
2. What Type of E-commerce Advertising Method . - Pn Ezaml Emilia
Lim Qi Yi Binti Muhammad
Impact Customer Purchase Arif
30. | Unlocking Cross-Border Growth:  Exploring Pn Ezatul Emilia
Digital Free Trade Zones” Impact on International Lim Ying Ze Binti Muhammad
Trade Arif
31. | Consumer Behavior Trends and Preferences in the
Malaysia Car Spare Parts Market: A Case Study of Loh Eng Kang Dr Fok Kuk Fai
Perodua Bezza
32. Impgct of Su‘stall'{able Pacl‘qagmg on Consumer Loh Yan Min Dr Fok Kuk Fai
Buying Behaviour in Malaysia
33. | Explicating the Influence of Artificial Intelligence - .
(AI) Literacy on Employee Performance Loke Li Ying Dr Low Mei Peng
34. LeveragmgA Artlﬁcm} ) Intelligence (AD) Loke Xin Yu Dr Low Mei Peng
Competencies for Organisational Performance
35. | The Influence of Culture on Consumer’s Intention - . .
to Purchase Personalized Products Loo Ci Ting Dr Choo Siew Ming
36. | Exploring The Financial Benefits and Risks of
Allocating Additional Income Towards Investment Loo Su Yu Dr Choo Siew Ming
Opportunities
37. | Factors Influencing Consumer’s Purchase
Behaviour Towards Organic Food Among | Low Chan Guan Dr Ooi Bee Chen
Malaysian University Students in Klang Valley
38. Adoptlon Al in Logistics Industry: Improved Mr Khairul Anuar
Efficiency and Fault Tolerance Low Sam Yee Bin Rusli
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No. Research Title Student’s Name Supervisor’s Name Approval Validity
39. Impact of Digital Marketing Strategy on Purchase Lum Jia Mei Dr Komathi a/p
Intention Munusamy
40. | Unveiling the Elements of Employee Motivation | Michelle Tan Hui Dr Kalaivani a/p
for Thriving Workplaces in Malaysia Shan Jayaraman
41. | Women’s Entrepreneurship Success in the s v v .
Technological In dI:Jstry P Ooi Xin Yi Dr Law Kian Aun
42, | Social Media Strategies for Business Success Pn Ezatul Emilia
Maximizing Impact through Navigating Channels Poon She Kei Binti Muhammad
and Engaging Audiences Arif
43, %«Ieasuring the Imgact of Organizational Factors on Rachel Ong Pei Ms Puvaneswari a/p
urnover Intention of Fast-Food Industry
Employees in Malaysia Lyn Veloo
mploy ys
44. impact of Transformational and Authentic Robin Wong Ms Puvaneswari a/p
eadership on Innovation in Higher Education in Woon Ping Veloo
Malaysia: The Contingent Role of Trust in Leader
45. | Social Media Influencers on Consumer Purchase . .
Intention: The Sportswear Products Sam Yu Xiang Dr Sia Bee Chuan
46. | The Influence of Customer Relationship D .
Mana; t on Customer Loyalty in Insurance | Seah Chee Keon, r Komathi a/p
gement o yalty g M
unusamy
Sector
47. | Impact of Social Media Influencers (SMIs) on .
Pufchase Intention of Young Adults in Malaysia Seow Gin See Dr Foo Meow Yee
48. | Understanding University Student's Behavioral . .
Intention in ufing 'Smart Efyechnology' Sin Chee Leong Ms Goh Poh Jin
49. | The Challenge of Consumer Adoption of Batte . . .
Electric Vehile (BEV) in Malaysiz V| siow Huang Ming e
30. Customer Motivation in Choosing Preferred Syamini S E;Wﬂm Dr Komathi a/p
Courier Service Dew. Munusamy
Muraleidaran
51 Digital Platform: Do Datft Privacy Concems and Tai Buo Ting ]1;31 ?ﬁﬁﬂ;ﬁ;ﬁ
Transparency Affect User’s Trust and Loyalty? Arif
52. | A Study of the Impact of Flexible Work 9 September 2024 —
Arrangement on Employees’ Turnover Intention Teh Jia Chuen Dr Lee Siew Peng 8 September 2025
Among Generation Z in Klang Valley
53. | The Role of E-training, E-compensation and E- Dr Omar Hamdan
recruitment in Enhancing Employee Productivity in Teo Wen Ping Mohammad
International Companies in Malaysia Alkharabsheh
54. | Factors Influencing the Sustainable Tourism . . -
Intentions Among Generation Z in Malaysia Tey Xin Tong Dr Tiong Kui Ming
55. | Motivation Factors Impact the Employee . .
Performance in the Retail Industry in Malaysia Thiang Zhen Wu Dr Law Kian Aun
56. Factmfs Mot}vatmg Malaysian  Consumers Pn Faridah Hanum
Intention Using QR Code Payment when | Wang Kean Seng Binti Amran
Purchasing Movie Tickets
57. | Entrepreneurial Orientation Relationship with Firm
Performance Among F&B Industry: Perspective of | Wong Chean Huai Mr l\ﬁlhgllidm Kumar
- elliah
Malaysian SME
58. | Resilience of Global Challenges: A Study of
Manufacturing  Resilience in  Malaysian Wong Jin Mun Dr Law Kian Aun
Manufacturing Industry
59. | Impact of Customer Service Automation on the
Performance ~ of  Customer  Relationship Yap Pui Man Dr Law Kian Aun
Management in the Retail Sector
60. | The Influence of Social Media Marketing on
Purchase Intention of Sportswear Among Yap Seng Fui Ms Cheah Lee Fong
Malaysian Youth
61. | Impact of Social Media Marketing on Consumer
Purchase Intention in Food and Beverage Industry Yee Kar Hung Dr Sia Bee Chuan
in Malaysia
62. | Exploring the Relationship Between Organizational
Culture and Customer Retention in E-commerce: A Yeoh Chin Hui Dr Choo Siew Ming
Study of Online Shoppers
63. | Factors Affecting Patient Satisfaction on Service
Quality: An Investigation of Government Hospital | Yoong Pooi Lim Dr Tey Sheik Kyin
in Klang Valley
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64. | The Connection Between  Gig-Economy

Employees and Personal Well-Being Yu Kay Ciek Dr Law Kian Aun 9 September 2024 —
65. | Role of Brand Communities in Building Brand Yuvarani a/p Dr Komathi a/p 8 September 2025
Loyalty Suresh Munusamy

The conduct of this research is subject to the following:

(1) The participants’ informed consent be obtained prior to the commencement of the research;

(2) Confidentiality of participants’ personal data must be maintained; and

(3) Compliance with procedures set out in related policies of UTAR such as the UTAR Research Ethics
and Code of Conduct, Code of Practice for Research Involving Humans and other related

policies/guidelines.

(4) Written consent be obtained from the institution(s)/company(ies) in which the physical or/and
online survey will be carried out, prior to the commencement of the research.

Should the students collect personal data of participants in their studies, please have the participants sign
the attached Personal Data Protection Statement for records.

Thank you.

Yours sincerely,

Professor Ts Dr Faidz bin Abd Rahman
Chairman
UTAR Scientific and Ethical Review Committee
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