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ABSTRACT

THE IMPACT OF SERVICE TECHNOLOGY AND INNOVATION
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by

Bharat Luthra
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Dissertation Chair: Dr. Sasa Petar,
Co-Chair: Dr. Aleksandar Erceg and Dr. Velimir Sri¢a

Abstract

This dissertation examines the impact of service technology and innovation on
customer service, focusing on the integration of chatbots, virtual assistants, and
artificial intelligence (Al) in contemporary business environments. The study aims to
explore how these technologies influence service efficiency, customer satisfaction,
and organizational performance, while identifying the opportunities and challenges
associated with their adoption.

A mixed-methods research approach was employed, combining quantitative and
qualitative analyses to provide a comprehensive understanding of Al-driven service
transformation. Quantitative data were collected from customer service operations
across multiple sectors, assessing metrics such as response time, resolution rate, cost
efficiency, and satisfaction indices. Qualitative data were gathered through structured
interviews and thematic analysis to capture user experiences, perceptions of trust,
empathy, and usability of Al-enabled service tools. The Technology Acceptance
Model (TAM) and the Unified Theory of Acceptance and Use of Technology



(UTAUT) frameworks guided the evaluation of user acceptance and behavioral intent
toward these technologies.

The results indicate that the deployment of chatbots and virtual assistants has
substantially enhanced operational efficiency and service accessibility by automating
repetitive processes and enabling round-the-clock support. Customers reported higher
levels of convenience and responsiveness, contributing to improved satisfaction
scores. However, findings also reveal notable constraints, including limited emotional
intelligence, contextual comprehension gaps, and concerns regarding data privacy and
ethical governance. These limitations underscore the need for balanced
implementation strategies that preserve the human element within service interactions.

The study concludes that the optimal customer service model is a hybrid configuration
integrating Al technologies with human oversight to achieve both efficiency and
empathy. This approach supports sustainable digital transformation while maintaining
service quality and trust. The research contributes to academic and managerial
discourse by providing empirical insights into how Al-driven innovation can be
strategically leveraged to enhance customer experience, inform policy development,
and strengthen organizational competitiveness in the evolving digital economy.
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CHAPTER 1. INTRODUCTION

1.1 Introduction

As customer service has been responsible for transformation using service technologies has
become one of the most gripping elements in contemporary business innovations. Customer
service has always been human-interaction based, but it has developed into a mixed system,
with intelligent systems supporting human agents more and even replacing them. These
platforms are chatbots, virtual assistants, and artificial intelligence (Al)-based platforms that
are redefining efficiency, scalability, and personalization of customer interactions. However,
in a modern digital-first economy, these technologies are not peripheral anymore but form the
basis of the competitive advantage and customer experience strategies (Ngai, E. W. T., Xiu,
L., & Chau, D. C. K, 2009). In this chapter, the author will present the topic, give a historical
background of service technologies in the field of customer service, and outline the key role
of new Al-based technologies like chatbots and virtual assistants.

The history of the development of the customer service might be reduced to a model that
relies heavily on the personal, face-to-face, or telephone-mediated contacts. Before the digital
age, companies invested in huge customer care desks to answer questions, complaints, and
reactions. Nevertheless, this model was progressively incapable of sustaining itself in a
globalized economy due to the shortcomings of scalability, time-zone restriction, and labour
expenditure (Parasuraman, A., Zeithaml, V. A., & Berry, L. L., 1985). The introduction of
call centers, and later email support and live chat capabilities in the 1990s and 2000s was the
first wave of technology-enhanced customer service. The initial innovations enabled firms to
extend the service hours, decrease the response time but they still consumed a lot of human
interaction (Bitner, M.J., Ostrom, A.L. and Meuter, M.L., 2000).

A paradigm shift occurred with the introduction of service automation and Al in the 2010s.
Software programs that are capable of mimicking human speech, called chatbots, started
appearing on websites and social media channels, providing real-time customer service
without the involvement of a human operator (Brandtzaeg & Folsad, 2017). In the meantime,
the introduction of virtual assistants such as Apple Siri, Amazon Alexa, and Google Assistant
offered additional means of interaction between the user and the system using natural
language, further diminishing the boundary between human and machine communication
(Hoy, 2018). Such trends have been accompanied by geometric advances in machine

learning, natural language processing (NLP), and big data analytics, which will allow
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creating more intelligent, reactive, and personalized service experiences (Huang & Rust,
2021).

Nowadays, chatbots and virtual assistants are implemented into multiple areas of customer
services, such as banking, e-commerce, healthcare, education, telecommunications. As an
example, the virtual assistant "Erica" used by the Bank of America works with more than 25
million customers, assisting them in orienting their accounts, conducting transactions, and
getting financial advice (Bank of America, 2023). On the same note, e-commerce leaders
such as Amazon and Alibaba use Al chatbots to accomplish logistics, process queries, and
suggest items, dramatically decreasing the reliance on human operators without adversely
affecting customer satisfaction levels (Davenport, T. H., Guha, A., Grewal, D., & Bressgott,
T., 2020).

The ability of the Al-enabled service technologies to learn, adapt, and behavior in a
human-like way is what makes the difference compared to the previous forms of automation.
Al as it is used today examines large quantities of customer data, purchase history, customer
preferences, behavioral patterns, and utilizes predictive modeling to present personalized
responses. This customization plays a significant role in repeat customers and brands (Lemon
& Verhoef, 2016). Moreover, Al-based technologies may work around the clock, respond to a
vast number of simultaneous requests, and respond to problems faster than their human

colleagues, increasing the efficiency of operations (Wilson & Daugherty, 2018).

Regardless of these benefits, the implementation of Al in customer service has its challenges
as well. The loss of human touch is one of the most burning issues. Although Al is capable of
performing routine duties with high accuracy, it frequently fails at complex or sensitive
interactions due to the lack of emotional intelligence and empathy ( Gnewuch, U., Morana, S.
and Maedche, A., 2017). Automated responses can be impersonal and frustrating to
customers who have peculiar issues, or who require emotional support. Besides, the privacy
of data, bias in algorithms, and loss of jobs are some of the ethical issues that keep the debate
about the long-term consequences of Al use in service relationships burning (Pasquale, 2015;
Mittelstadt, B. D., Allo, P., Taddeo, M., Wachter, S., & Floridi, L., 2016). Regulation such as
the General Data Protection Regulation (GDPR) in Europe highlights the need to protect user
data as companies grow more dependent on Al-based personalization (Voigt & Von dem
Bussche, 2017).
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To incorporate Al and service technologies successfully into the business strategy, it is not
only the technical possibilities that are needed but the preparedness of the organization. That
covers re-skilling its workforce, redesigning service processes, and the culture of innovation
and data literacy (Bughin, J., 2017). Bay businesses such as T-Mobile and Sephora have
implemented a hybrid service model, where chatbots warn prior questions and human agents
intervene in cases of escalated problems. Such a symbiotic relationship between technology
and human labor is a show of a strategic equilibrium between efficiency and empathy
(Accenture, 2019).

The COVID-19 pandemic additionally triggered digitalization and proved the worth of Al in
serving customers. Lockdowns, employee shortages, and a spiking online presence pushed
organizations to depend on chatbots and virtual agents to a greater extent to keep customer
interactions afloat. A survey conducted by IBM (2020) shows that more than 60 percent of
the businesses adopted Al solutions during the pandemic to increase their service capacity
and minimize costs. The crisis also demonstrated the resilience and adaptability of Al during
a disruption, and a lot of companies have proceeded to invest in service innovation to

future-proof operations.

As related to customer perception, studies have shown that Al technologies acceptance is
determined by several other constructs, such as perceived usefulness, ease of use, trust, and
transparency (Venkatesh, V., Morris, M. G., Davis, G. B., & Davis, F. D., 2003). Older groups
are normally more accepting of human interaction, whereas younger generations prioritize the
benefits of speed and convenience that come with Al interaction. Conversely, the aged user
group tends to seek human assistance and can be less trusting of automation (Lu, V. N.,
Wirtz, J., Kunz, W., 2019). Such generational and psychological dynamics require a subtle

roll-out-plan that will suit different varieties of customers.

Besides, Al applications in specific industries can be more or less complex and disruptive.
Virtual assistants in healthcare, such as IBM Watson, can offer patients medical information,
book appointments, and manage prescriptions, but accuracy, liability, and privacy issues are
of the highest concern (Topol, 2019). In hospitality, the Hilton Worldwide has adapted a robot
concierge named Connie to help guests with their queries and navigation, demonstrating how
Al can be used to improve the experiences of guests without eliminating the need to staff
entirely (Osawa, 2016). These instances demonstrate the flexibility and the weakness of Al in

different settings.
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Service technology also has special economic consequences. According to McKinsey,
worldwide productivity potentially created by automation across industries is estimated to
reach up to 1 trillion US dollars yearly, with customer service as one of the major
contributors (Chui, M., Manyika, J., & Miremadi, M., 2016). Nevertheless, employment
effects have to be viewed critically. Although Al has the ability to eradicate mundane jobs, it
opens up the prospect in the field of Al management, chatbot training, and data analyst. This
transition should be done through careful planning of workforce and lifelong learning
opportunities to prevent the marginalization of human workers (Arntz, M., Gregory, T. and
Zierahn, U., 2016).

To sum up, the enhanced customer service with chatbots, virtual assistants, and Al is a
complex change determined by technological opportunities, business strategy, and
considerations related to socio-cultural factors. Their use is associated with unprecedented
advantages when it comes to speed, cost-effectiveness and customization but also evokes
significant concerns related to morals, inclusivity and humanity. As organizations go through
this landscape of transformation, they should endeavor to pursue an approach that seeks to
bring the best of both the human and machine potential. These dimensions will be discussed
in more detail in the following chapters of this dissertation, where empirical evidence, case
studies and theoretical knowledge will be introduced to evaluate the practical significance of

service technology and innovation on customer service performance.
Overview of Service Technology Evolution in Customer Service

Over the last 50 years, customer service has been evolving drastically with technological
advancements being a primary contributor to the changes experienced in the way business
engage with customers. Customer service in its initial days had high elements of face to face
interaction or landline based communication which required physical presence or staff at the
customer help desk or call centers (Bitner, M.J., Ostrom, A.L. and Meuter, M.L., 2000). In
the 1970s and 1980s, one of the most common systems of addressing the customer inquiries
was the telephone support and direct mail systems. These traditional channels however had
several limitations as they were in most cases time consuming, costly and were limited by

geography and time zone (Parasuraman, A., Zeithaml, V. A., & Berry, L. L., 1985).

Service technologies have started to evolve with the spreading of telephony and Interactive
Voice Response (IVR) systems in 1990s. IVR enabled customers to communicate with

computerized systems through voice or keypad inputs, which tremendously minimized the
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requirement of human agents, thereby, minimizing cost of operations (Xu, A., Liu, Z., Guo,
Y., Sinha, V., & AKkkiraju, R., 2008). At the same time, the emergence of email and
web-based communication provided support models that were asynchronous, giving
customers an opportunity to contact business at their convenience. Shortly afterwards was the
Live chat support which provided real time digital communication but with less delays as

compared to email communications (Bitner, M.J., Ostrom, A.L. and Meuter, M.L., 2000).

The trend of Customer Relationship Management (CRM) systems began to flourish in 2000s
decade and organizations began to centralize customer information and customize the
delivery of service (Chen & Popovich, 2003). The CRM systems became a significant
stepping stone on the path of service technologies as they provided the capabilities of
analytics, customer segmentation, and individual marketing approaches depending on the
customer profile and buying behavior. This data centric approach formed the foundation of
more intelligent types of automation and predictive service interventions (Ngai, E. W. T., Xiu,
L., & Chau, D. C. K., 2009).

This transformation gathered even more pace with the introduction of the mobile technology
and social media platforms in the 2010s. Businesses started to add customer care services on
platforms such as Facebook Messenger, Twitter, and WhatsApp, as they realized that they
had to meet customers where they were already spending their time. At the same time, the
smartphone apps enabled customers to request assistance, monitor services or give feedback
anywhere anytime (Van Doorn, J., Lemon, K. N., Mittal, V., 2010).

Integration of artificial intelligence (Al) and machine learning (ML) technologies in the
2010s and 2020s was, however, the most radical change. predictive modeling, sentiment
analysis, and natural language processing (NLP) Al-driven systems are now able to handle a
large percentage of customer interactions in a very personalized and efficient manner at scale
(Huang & Rust, 2021). With businesses competing based on customer experience, the
capability to provide intelligent, timely and seamless service across many touchpoints has

become the most significant.

The technological aspect of services, which was previously considered as an instrument of
cost reduction, is now regarded in the context of the post-pandemic digital economy as a
strategic facilitator of customer acquisition, retention, and brand distinction (Deloitte, 2021).

The essential role of automation, Al, and data analytics in building a customer-centric
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approach has proven that technology is not an addition but a core of the contemporary

customer service development.
Brief Introduction to Chatbots, Virtual Assistants, and Al in Business

Some of the recent innovations in service technology include chatbots, virtual assistants, and
sophisticated Al systems, which have rapidly grown into important business operation
elements. Such technologies are based on machine learning, natural language processing, and
decision trees that enable them to comprehend and answer customer inquiries, mimic natural
conversation, and supply real-time solutions (Gnewuch, U., Morana, S., Adam, M. T. P., &
Maedche, A, 2017).

Chatbots are computer programs that simulate conversations with humans; they are either
rule-based or use Al. Very early chatbots were scripted and responded to simple FAQs.
However, as time went on and they were enhanced with NLP and contextual learning, they
grew into intelligent agents, which were able to interpret the intent of the user and could learn
based on past interactions (Brandtzaeg & Fglstad, 2017). Millions of customer interactions
per day in banking, healthcare, retail, and travel are being managed by Al-powered chatbots
today. As an illustration, the chatbot created by H&M allows customers to search fashion
items, whereas the KLM bot can assist travelers with checking the flight status and booking a
ticket (Accenture, 2019).

A somewhat more ideal application of conversational Al is virtual assistants. Such systems
do not just answer questions, but may also take actions on different platforms, e.g., create
reminders and meetings, and order products. The most famous ones are Alexa by Amazon,
Siri by Apple, Cortana by Microsoft, and Google Assistant. These assistants are based on an
advanced Al model to analyze a complicated sentence, remember the user preferences, and
offer individual and anticipatory service. They are being continually added to smart homes,
automobiles, and business settings, evidencing both their flexibility and their escalating

omnipresence (Hoy, 2018).

The emerging technologies of customer service, which include chatbots, virtual assistants,
and artificial intelligence (Al), have drastically changed customer service terrain. The more
digitalized and connected the world becomes, the more businesses are pushed to find new
solutions that could keep up with the rising customer demands of speed, efficiency,
personalization, and 24/7 availability. The technologies are not only streamlining delivery of
services, but they are transforming the business-customer relationship. The intersection
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between Al and the area of customer service has preconditioned the occurrence of a paradigm

shift in the way businesses function and interact with their customers.

One of the most commonly used service technologies in the contemporary customer service
is chatbots. They are computer programs that are used to replicate human dialogue via
text-based or voice-based communication and are commonly integrated into websites, mobile
applications, and social media. The most common tasks chatbots are applied to are routine
customer requests (order tracking, frequently asked questions, product information and
troubleshooting). The main advantage of chatbots is the fact that they can provide instant
answers 24/7. Huang and Rust (2021) state that such 24/7 accessibility leads to a massive
boost in customer satisfaction, as there is less waiting time, and issues can be solved
immediately, which is especially helpful in international markets where time zones differ

dramatically.

Besides, chatbots are more affordable compared to human-based customer service
departments that have existed in the past. They are able to scale thousands of customer
interactions simultaneously that otherwise would have needed a huge workforce of human
agents. In terms of cost savings, Juniper Research (2020) anticipates that chatbots will save
the business more than 8 billion US dollars per year by 2025. This scalability is particularly
quite appealing to both startups and large enterprises. Nevertheless, the efficiency of chatbots
is limited, in particular, when these systems have to respond to complicated, emotionally
colored, or extremely specific requests. Here, it is also important to note that customers tend
to get dissatisfied when chatbots are not able to understand the context or escalate the issues
to the human agent, as Sarker, S., Chatterjee, S. and Xiao, X. (2022) remark. These
drawbacks indicate the significance of creating chatbots within a hybrid support system, with
routine requests being resolved by bots and more complicated problems being transferred to

human representatives.

Avrtificial Intelligence (in its broader sense) is an umbrella term that describes a set of
technologies enabling machines to emulate the cognitive processes (learning,
problem-solving, decision-making, and so on). Al can do predictive analytics (e.g. churn
prediction), dynamically knowledge base (e.g. natural language understanding), and real time
decision support systems (e.g. natural language understanding) in customer service. As an
example, the Einstein Al brought by Salesforce could recommend next-best actions to service

agents to enhance resolution times and customer satisfaction (Salesforce, 2022). Besides,
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Generative Al, such as ChatGPT created by OpenAl, has already started transforming the
way companies generate content, automate processes, and even mimic human dialogue with a
level of detail and continuity never seen before (Davenport, T. H., Guha, A., Grewal, D., &
Bressgott, T., 2020).

The tools present some strategic benefits to the businesses. Firstly, they offer the 24/7
availability that eliminates time constraints of a human support. Two, they are cost-effective,
since one chatbot can engage thousands of users in conversations in real-time without getting
tired. Third, they increase uniformity and precision, eliminating the possibility of human
error in high-volume service settings (Wilson & Daugherty, 2018). Notably, they are also
capable of producing rich insights of data interactions that could be used in product

development, marketing, and operational enhancements.

These technologies however do not come without their disadvantages. According to critics,
excessively automating experiences might lead to impersonalisation and customer frustration
in situations where empathy, complicated problem-solving, or cultural awareness is necessary
(Gursoy, D., Chi, C. G,, Lu, L., & Nunkoo, R., 2019). Moreover, the issues of data privacy
and ethics about Al decision-making have been put into question. Since these systems are
able to gather and process large quantities of personal information, it is necessary to
introduce transparency, fairness, and adherence to regulations, such as GDPR (Mittelstadt, B.
D., Allo, P., Taddeo, M., Wachter, S., & Floridi, L., 2016; Voigt & Von dem Bussche, 2017).

Still, adoption in the industry is increasing. According to a report by Gartner (2023), through
2027, 25 percent of organizations will employ conversational Al in every customer-facing
channel. What is more, by 2030 Al-based customer service systems will help to cut
operational costs by up to 30 percent in such industries as telecoms, insurance, and financial
services (McKinsey, 2021).

A customer-wise view of user acceptance is determined by numerous aspects, such as the
perception of ease of use, trust, usefulness, and emotion and intent understanding ability of
the system (Venkatesh, V., Morris, M. G., Davis, G. B., & Davis, F. D., 2003; Lu, V. N.,
Wirtz, J., Kunz, W., 2019). The companies also need to be mindful of human-centered design
and must be assured that the Al systems should not disrupt the meaningful customer

relationships but rather complement them.

To sum up, the emergence of chatbots, virtual assistants, and Al is a meeting point of
technological creativity and business imperative. Digital-native consumers are expecting
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services to be faster, smarter, and more intuitive, which means that these tools will be at the
center of defining customer expectations and business performance. Chapters of this
dissertation will further discuss these technologies at work, based on case studies, their
performance measures, and user reactions, discuss the usefulness and drawbacks of the

technologies in contemporary service ecosystems.
Importance of Studying Their Impact on Customer Experience

The addition of chatbots, virtual assistants, and artificial intelligence (Al) to customer service
ecosystems is not only changing how operations are conducted but the very context of
customer experience (CX). With the increased ubiquity of these technologies, it would appear
that knowledge of their effect on customer perceptions, expectations and satisfaction would
become not only relevant, but necessary. Product differentiation is no longer a main factor of
competition among businesses as the quality of customer interaction is (Lemon & Verhoef,
2016). Here, technology is not behind the scenes any more: it is on the stage of customer

experience orchestration.

Customer experience refers to the sum of interactions a customer has with a brand, including
discovery, use, and after sales service. The use of technologies such as chatbots and virtual
assistants powered by Al is becoming a part and parcel of this journey as the initial
engagement mechanism, problem solvers, and even relationship managers in certain
instances. The speed of their responses, 24-hour service, and personalization based on the
data they gather plays a major role in customers forming opinions about the quality of service
(Huang & Rust, 2021). Indicatively, Sephora and Spotify have been able to embrace Al to
personalize experience and go beyond satisfying user needs to generating delight, which is a

crucial loyalty catalyst (Accenture, 2019).

But it is not only efficiency that can define customer experience. It is also important through
emotional involvement, trust, empathy and human-like comprehension. Although Al
technologies are capable of mimicking some of these aspects through sentiment analysis and
natural language processing, they tend to fail to match the level of human empathy and
understanding of the context (Gnewuch, U., Morana, S., & Maedche, A., 2017). Therefore, it
is likely that, even admitting the speed and convenience of automated systems, customers
will still miss human contact in more subtle or emotionally intense situations (Gursoy, D.,
Chi, C. G., Lu, L., & Nunkoo, R., 2019).
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The examination of Al effects on the customer experience is especially required because of
the difference in user expectations based on demographics and cultural backgrounds. Such
demographics as younger consumers, will tend to be more receptive to engaging with digital
agents and appreciate the convenience of self-service. Conversely, less digitally literate
customers (or older customers) might perceive Al as impersonal or even frightening (Lu, V.
N., Wirtz, J., Kunz, W., 2019). It is with this differences in mind that without an in depth
knowledge of these differences businesses face the very real prospect of alienating entire

regions of the customer base or mal-investing resources.

In addition, Al-based service tools amass large quantities of user data to operate successfully.
It puts ethical concerns regarding transparency, consent, and data use in play, which affect
customer trust, a vital contributor to long-term satisfaction and engagement (Mittelstadt, B.
D., Allo, P., Taddeo, M., Wachter, S., & Floridi, L., 2016; Voigt & Von dem Bussche, 2017).
The irony here is that, although personalization translates into satisfaction, the data practices
needed to support it could, at the same time, destabilize trust unless carried out

conscientiously.

In addition to chatbots, virtual assistants (VAs) have also become a new generation of highly
advanced tools capable of more personalized and contextual customer service. Virtual
assistants, contrary to simple chatbots, are powered by sophisticated Al, natural language
processing (NLP) and machine learning to understand intent, remember preferences and offer
personalized responses. Examples are Siri on Apple, Alexa on Amazon, and Google Assistant
that have transformed the way customers engage with digital services. At the customer
service front, several companies have incorporated VAs in their mobile applications or
websites as a way of getting on demand help. VAs really shine when it comes to providing
personalised service suggestions, reminders and preemptive updates. As an example, in the
fintech industry, virtual assistants are employed to notify the client of an irregular account
usage, an upcoming bill payment or spending pattern, thus creating a more interactive and
trust-focused relationship (Kumar, A., Dixit, A., Javalgi, R. G., & Dass, M, 2019).

Moreover, virtual assistants can be very important in facilitating omnichannel customer
service. Virtual assistants ensure continuity and consistency as customers engage with brands
on many different platforms: websites, apps, and call centers as well as smart devices like
phones and speakers. They are able to access the history and preferences of a customer

irrespective of the platform he/she was using and make the service encounter smooth.
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McLean and Osei-Frimpong (2021) underline that this kind of integration is essential to
improve customer loyalty in particular in industries such as retail and hospitality where

customers expect a high level of convenience and personalization.

The overall involvement of artificial intelligence into the customer service is not confined to
chatbots and virtual assistants. Al is currently integrated into analytics platforms,
decision-support systems, and customer relationship management tools to create efficiency
and increased insight. Predictive analytics can be deemed as one of the most influential Al
uses as it implies analyzing past customer data to make predictions about the future. As
another example, Al can recognize trends that a customer will churn and be able to
preemptively start retention efforts. Paschen, J., Pitt, C., & Kietzmann, J. (2020) consider that
predictive analytics enables companies to transition to proactive, as opposed to reactive,

customer service and this has a remarkable impact on customer satisfaction and retention.

One more knowledge management and information retrieval is another field where Al can
make a significant contribution. Al can also keep customer service reps informed, surfacing
the most useful documents or resolution to a live interaction, thereby cutting response time
and jacking up first-contact resolution rates. This type of cognitive support is able to make
customer service a strategic robot instead of a reactive role. Nevertheless, ethical issues
associated with Al integration are also linked with transparency, data privacy, and bias in
algorithms. Floridi, L. (2018) emphasise the need to have ethical governance frameworks in
place, which provide transparency, security and accountability of the Al systems, especially

when processing sensitive customer information.

These technologies have also led to organization and cultural adjustments within parties
providing customer services. Instead of destroying work, Al and automation are being
applied more and more to enhance human performance. Repetitive tasks and rules-based
tasks are handled by the machines, and human agents take on the emotionally complex or
high-stakes or judgment-requiring problems. Such division of labor ensures not only the
increase of efficiency but also promotes job satisfaction among the human agents who do not
have to cope with routine work anymore (Davenport & Ronanki, 2018). As a result, service
design processes are being re-imagined to develop collaborative work-flows in which Al and

human beings are synergetic.

Thus, the investigation of the role of service technology on customer experience is a complex
activity. It does not settle with the measures of performance like response time or resolution
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rate but needs the psychological aspects like perceived control, emotional satisfaction and
trust. Moreover, due to the high rate of technological development and the introduction of
generative Al tools, it is necessary to conduct ongoing research to monitor the changes in
customer expectations and experience over time. This is not an academic understanding only,

it is a strategic necessity to businesses that want to stand out in a crowded market.

1.2 Research Problem
Current Gaps in Understanding How Al-Driven Tools Affect Customer Satisfaction

As the list of technological capacities of Al in customer service grows in literature, the actual
knowledge of its practical application in customer satisfaction leaves much to be desired. A
lot of the available literature is devoted to efficiency improvement or cost saving through the
prism of business (Davenport, T. H., Guha, A., Grewal, D., & Bressgott, T., 2020). There is
less focus on the subjective experience of the customer, such as whether they feel listened to,

understood, and respected in Al-mediated interactions.

Customer satisfaction is multi-dimensional and depends on a combination of utilitarian and
affective issues. An Al chatbot can give a good answer fast, but it might not necessarily know
the difference between the emotional components of a complaint or the urgency of a request.
This loss of touch may cause dissatisfaction even in a situation when the problem is solved
technically (Gnewuch, U., Morana, S., & Maedche, A., 2017). In addition, satisfaction is
commonly quantified with regard to short-term responses, including post-interaction surveys,

which potentially fail to reflect long-term interest and brand allegiance.

Lack of comparative studies across service contexts is also another gap that is critical. The
success and acceptability of Al applications can be night and day in different industries in
healthcare, banking, retail, and hospitality. To give a few examples, a virtual assistant in the
banking sector can be valued in terms of efficiency and security, whereas in healthcare, the
same technology can trigger empathy, accuracy, and trustworthiness concerns (Topol, 2019).
The lack of sector-specific knowledge will make organizations implement Al strategies that

do not align with the expectations of customers and service requirements.

Also, the potential of Al to create personalization is widely proclaimed, but the empirical
evidence on the effect of personalization on a large scale satisfaction is scant. Does an Al tool
need to preventing says and purchase history of a customer, or should it also identify a tone,
urgency, and favored communication style? These are questions that have received
insufficient attention in the academic and industry studies.
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Challenges in Implementation (e.g., Human-Al Interaction, Privacy Concerns)

The use of Al tools to serve customers is an implementation that does not come without big
challenges specifically concerning the human interaction with Al, privacy, and ethics. A lack
of transparency in the operation of Al systems is one of the most urgent issues. Most
customers do not know that they are talking to a bot or a human being, and it may be
confusing or make them feel deceived (Lu, V. N., Wirtz, J., Kunz, W., 2018).

In instances where customers are aware, the quality of the interaction is in most cases poor
because of the drawback in the conversation abilities of Al. Such failures as incorrectly
understanding the user request, the inability to realize sarcasm or emotion, or provide the
wrong answer can dramatically break the customer relationship (Brandtzaeg & Flevstad,

2017). When this happens, dissatisfaction pays the price of promised efficiency.

The other issue is the integration of Al and human assistance. Automation of routine jobs and
human beings to handle complex cases is frequently seen as the most efficient customer
service models. But an express handoff of a conversation between a chatbot and a human
agent without losing context or repeating information is currently a technological challenge
(Accenture, 2019). Ineffective handoffs introduce friction into the customer experience and

eliminate the value of automation.

Another essential issue is data privacy. In order to work properly, Al instruments have to
access extensive datasets, which may gather sensitive personal data. Providing data security,
ethical use of data, and regulating data processing in accordance with such regulation as
GDPR is not only a technical but also an organizational task (Voigt & Von dem Bussche,
2017). Data breaches or misuse might critically damage customer trust and put companies at
risk of legal and reputational consequences.

These technologies have brought revolution in the real world as depicted in several examples.
H&M is a multinational fashion company that implemented Al-driven chatbots to offer
individual fashion advice through the browsing and shopping history of a customer. Not only
does this improve the customer experience, but it also leads to increased conversion rates and
average order values. The additional strong example is the virtual assistant of the Bank of
America named Erica, which offers various banking functionalities such as budget
monitoring, account balances, and fraud notifications within a conversational user interface.
The success of Al-driven customer engagement is evident since Erica has acquired more than
15 million users since its launch (Bank of America, 2022).
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Moving forward, it can be anticipated that further developments in the Al will result in even
more dynamic and emotionally intelligent customer service solutions. Digital interactions
will be humanized further through emotion-recognition technology; adaptive learning
algorithms; multimodal interaction interfaces (that integrate voice, text and visual cues). It is
important however that organizations exercise caution so as not to over-automate their
processes as this may lead to impersonal or frustrating customer experiences. Indeed, to
establish meaningful customer relationships, as Gnewuch, U., Morana, S., Adam, M. T. P., &
Maedche, A. (2022) note, a balanced solution that incorporates the rapidity and scale of Al

with the empathy and intuition of human agents is needed.

To sum up, the current territory of customer service in business is being transformed by
service technology and innovation, such as chatbots, virtual assistants, and Al. Such tools
have unmatched advantages of speed, cost-effectiveness, customization, and scale. However,
the key to their success will be careful introduction, ethical control, and the desire to keep the
human element when interacting with customers. A combination of technology capacity and
human understanding will help organizations provide efficient customer service that is

emotionally evocative and technology savvy of the future.

Moreover, institutional imperfections to the use of Al can frustrate implementation. Workers
can be afraid of losing their positions, and leaders can be neither skilled nor ambitious
enough to employ Al in a meaningful way. The potential of the Al cannot be fully achieved

without proper training and change management (Bughin, J.., 2017).

1.3 Purpose of Research

With the invention and continuous development of technology, it has become a major pillar
with the aid of which organisations are reinventing their customer engagement process. With
the spread of digital transformation in the service industry, such instruments as chatbots,
virtual assistants, and the wider implementation of artificial intelligence (Al) have become
seen as a way to improve customer experience and manifest better service delivery rates and
new patterns of engagement. In this context, this study aims at investigating the triad of
chatbot technology, virtual assistants, and Al to determine their growing role in customer
service, their performance and drawbacks, and the way customers view these novelties. The
value of the study is also reflected not only in the contribution to the current academic debate
but also in its practical implication to the business and policymakers involved in digital

transformation processes.
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The primary aim of the study is three-fold. First, it is expected to critically examine the role
that chatbots, virtual assistants, and Al-driven technologies have in contemporary customer
service settings. These tools are not simply an additional support channel but are being put
more and more to the fore as customer relationship management agents. One such area is
chatbots that are no longer limited to simple rule-based programs but have evolved into
advanced natural language processing (NLP)-driven agents that can handle complex requests
and maintain context-aware dialogues (Xu, A., Liu, Z., Guo, Y., Sinha, V., & Akkiraju, R..,
2017). Even consumer devices like Amazon Alexa or business service interfaces like Apple
Siri have become virtual assistants that further erase the boundary between human and
machine support. The paper researches how these tools are integrated in their operation and
how widely they are employed in such fields as e-commerce, banking, healthcare, and

telecommunication.

Second, the study determines the efficiency and effectiveness of such technologies in
managing customer service tasks. The key performance indicators can be the metrics that
measure response time, information accuracy, the rate at which queries are resolved, and
customer satisfaction. Although most organisations claim that Al-based solutions have helped
them to reduce costs and speed of the service provided (Chatterjee, S., Rana, N. P.,
Tamilmani, K., & Sharma, A, 2020), the qualitative side of interactions, including empathy,
ability to understand a context, and flexibility, are questionable. The study explores these
dichotomies and presents the quantitative data of the previous researches along with the

qualitative information based on the experience of customers and employees.

The third and essential part of the research purpose is to evaluate the perceptions and feelings
of customers regarding such technologies. The most technically advanced systems can fail to
work in case they are not matched with user expectations. Research has depicted that
acceptance of Al-based tools is strongly determined by customer trust and perceived
usefulness (Gursoy, D., Chi, C. G., Lu, L., & Nunkoo, R., 2019). There are users who value
the instantaneity and around-the-clock accessibility of chatbots, and there are those who are
annoyed by their restrictions, especially in situations that are complex or emotionally
involving. This research will attempt to give a broad description of user acceptance and
resistance factors by gathering and analysing customer feedback on the subject either through
secondary means of examination of existing data or through primary methods of surveying

and interviewing.
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Collectively, the goals lead to a point where they provide practical recommendations to
organisations considering or already implementing Al-based customer service applications.
As we move to a competitive market in which customer experience is a primary point of
differentiation, it is crucial to realize the subtle performance and reception of service
technologies. The knowledge gained or generated during this research is likely to be used in
technology selection criteria, implementation plans, employee training plans and customer

education.

1.4 Significance of the Study

The value of the study may be evaluated in terms of three major aspects: academic
contribution, practical relevance, and policy implications. From scholarly point of view, the
study fits into the ever-expanding literature about the connection among service innovation,
human-computer interaction, and artificial intelligence. On the one hand, there is an ample
amount of theoretical research on Al and customer service respectively; on the other hand,
there is a lack of integration research that would study chatbots, virtual assistants, and general
Al in the same analytical framework. If these strands are brought together, the study
contributes conceptual clarity and empirical richness to the way service technologies
co-evolve with organisational requirements and customer demands. The presence of
behavioural theories, including Technology Acceptance Model (TAM) and Unified Theory of
Acceptance and Use of Technology (UTAUT) also provides the analysis with the foundation

of the well-established theoretical constructs to make the academic discourse more nuanced.

Besides, the research has practical significance to business practitioners. With the emerging
digital service channels everywhere, firms are mounting pressure to integrate technologies
that can help them to be more responsive and cut operation cost, and scale customer response
without sacrificing quality. Nevertheless, the fast development of Al solutions also caused
confusion and variation in the implementation success. This research can offer a guideline to
businesses looking to embark on the rocky path of Al implementation in customer service by
systematically identifying best practices, performance benchmarks, and user feedback trends.
As an illustration, companies will be able to discover how to customise the chatbot interface
to the tone and intricacy of their service area, or even how to combine human and machine

interactions in a manner that would maximise customer satisfaction.

The other important practical implication concerns the staff roles and organisational design.

With the routine queries and transactions handled by Al systems, human customer service
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representatives are frequently reassigned to the high-complexity or high-emotion interactions.
This two-fold division of roles requires shifting the training, performance measurement, and
job satisfaction models (Huang & Rust, 2018). The information obtained in this research
could guide managers to make a more effective transition planning, pinpointing the areas that

Al is clearly superior and those where the human element cannot be substituted.

The policy implications are of equal importance as well, particularly in a time where the
deployment of ethical Al and data governance are at the forefront of the popular imagination.
As Al tools process large amounts of personal and transactional data, the issue of privacy,
transparency and accountability have become central. Ethical considerations and regulatory
frameworks like the General Data Protection Regulation (GDPR) in the European Union and
the developing Al governance systems in nations, including the U.S., Canada, and India,
indicate the necessity of ethical standards and enforcement systems. This study will seek to
inform this policy discussion by highlighting regulatory gaps, standards that define
transparency in Al communications (clear disclosures when humans are communicating with

bots), and procedures that can establish protection of sensitive data.

The other urgent issue is the bias in algorithms when Al models learn on biased data they
provide discriminatory or inconsistent output. To take a few examples, when a virtual
assistant incorrectly understands the requests of non-native speakers disproportionately or
underrepresents some dialects, it violates not only equity but also usability (Crawford, 2021).
This paper illustrates these dangers and proposes inclusive data training practices, frequent
audits, and user feedback loops as some of the ethical Al implementation measures. The
policy suggestions would be applicable especially to the services in the public sector and such

regulated fields as healthcare and finance.

In addition to ethics, the study also proposes governments and industry organizations to assist
small and medium-sized enterprises (SMEs) in digital transition processes. Large
corporations may easily experiment with and optimise Al tools whereas small firms are
constrained by resources as well as the problem of technological inertia. The research hence
points at the necessity of enabling ecosystems, such as subsidised training, vendor

certifications, and open-source toolkits that would democratise access to service innovation.

More than that, due to the pandemic-driven rush in digital transformation, the focus of the
study has become more topical and impactful. The switch to online customer service

infrastructures became more critical as the physical branches and in-person communication
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became less dominant during COVID-19. Virtual assistants and chatbots were extremely
helpful in terms of handling customer anxiety, spreading real-time updates, and maintaining
service continuity in fields like travel, health, and banking (Baudier, P., Ammi, C. and
Deboeuf-Rouchon, M.., 2021). Some technologies were resilient and scaleable, but others hit
a wall or did not meet the expectations of users, demonstrating the essential considerations to
make to be resilient and design systems. These post-pandemic considerations constitute a
valuable stratum of the study value, in particular, the ready-ness of businesses to new
disruptions.

Overall, the given research has a complex goal: on the one hand, it aims at unpacking the
changing roles of chatbots, virtual assistants, and Al in the modern customer service setting,
evaluating their advantages and disadvantages and learning more about the way users
perceive and communicate with them. Its importance cuts across academic enrichment,
business strategy making and public policy making. The combination of theoretical
frameworks, empirical evidence, and stakeholder views allows the study to become,
hopefully, a valuable and versatile tool used by all of the actors that have to deal with the

digital customer service environment.

1.5 Tentative Research Purpose and Questions
The research is guided by three core questions.

RQ1: How do chatbots improve response efficiency in customer service? This question
investigates the operational benefits of chatbots in terms of speed, cost-reduction, and

scalability.

RQ2: What are the key advantages and limitations of virtual assistants? This explores
the functionalities of voice and text-based virtual assistants, focusing on their role in

personalization, contextual engagement, and service continuity.

RQ3: How does Al-driven personalization impact customer loyalty? This addresses how
machine learning and predictive analytics influence repeat patronage and emotional
connection with brands. Together, these questions aim to provide a comprehensive
understanding of the evolving digital service ecosystem and contribute insights into strategic

adoption and optimization of Al-enabled tools in customer-facing roles.
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Chapter Il: REVIEW OF LITERATURE
In the previous chapter of the study, the evolution of service technology, an understanding on
Chatbots, Virtual Assistants, and Al in business, its significance on customer experience have
been discussed in a detailed manner. In this chapter of the study, the relevant findings of the
existing studies in context to associated theoretical framework, customer service and
innovation and applicable case studies as identified in the existing studies will be elaborated

in this section of the study.

2.1 Theoretical Framework
e Technology Acceptance Model (TAM) and Diffusion of Innovations Theory

According to the review conducted Schorr (2023), the researcher has focused on analyzing
the technology acceptance model [TAM] and its significance in digitalization research. It has
been opined by the researcher in this regard that TAM plays a pivotal role in studies focusing
on acceptance of digital technologies. Referring to the work of Davis (2015), the researcher
stated that initially studies focusing on technology acceptance were having high failure rate
of information technology applications and number of software companies were making
major financial losses resulting from systems that were rejected. It has been stated that Davis
was the first person to address the topic of user reactions to digital technologies. The aim was
to identify the ways in which system design characteristics impacts user motivation. The
TAM model was formulated with the intention to provide the theoretical basis for practical
user acceptance. The original theory on technology acceptance was simple in terms of the
structure. It was identified that there are two major reasons for the rejection of a new system,
which includes perceived ease of use and perceived usefulness of the technology that acted as
the guiding factor for further research in this arena. The mentioned two beliefs forms the
basis for the attitude, that is, attitude toward using the technology, which is followed by a
behavioural reaction, which is the actual use of the technology, the ways in which, users are
motivated to use the system. In this review, referring to the work of Davis, the researcher
further discussed on the extensions of TAM. The study has been effective in providing a

detailed understanding of the theoretical basis of TAM which can be regarded as strength of
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this study. However, majority of the observations presented have been based on existing

literatures, exposing the mentioned findings to the risk of publication bias.

In this alignment, in order to get further clarity on the components of TAM model, the review
by Marikyan and Papagiannidis (2024), is also required to be analyzed here. In this review,
the researchers focused on analyzing the elements of TAM model in a detailed manner. In the
opinion of the researchers, in according to the TAM model, the process of technology
acceptance is a three-stage process in which, external factors for instance, system design
features result in triggering cognitive responses perceived usefulness and perceived ease of
use that in turn formulates an affective response, that is, attitude toward using technology or
intention, which results in impacting the use behavior among the users towards the
acceptance of the technology. According to the researcher, TAM represents the behavior as
the result predicted by perceived usefulness, perceived ease of use and behavioral intention.
Perceived usefulness and perceived ease of use captures the belief that behaviour will not be
labour-consuming and the expectations of positive behavioural outcomes. Referring to the
follow up study, the researcher also stated in the review that the attitude toward behavior can
substitute behavioural intention, which is an affective evaluation of the potential
consequences of the behavior. The higher the affective response would indicate higher
likelihood of the behavior to take place. The impact of perceived usefulness on actual use can
be direct, which according to the researchers highlights on the significance of the variable in
predicting behavior. Referring to the work of Davis (1993), the reviewers further stated that
though perceived ease of use has no direct impact on use behavior, yet it underpins the impact
of perceived usefulness. It has been implied in the model that if an application or technology
is expected to be easy to use, it has higher chances to be considered useful for the user along
with higher likelihood to stimulate the acceptance of the technology. Along with reviewing
TAM in a detailed manner, in this review, the researchers have also focused on evaluating the

limitations associated with the model.

According to the Schorr (2023), for the purpose of testing the model structure of TAM and
compare the prediction accuracy of TAM and Theory of Reasoned Action (TRA), Venkatesh,
V., Morris, M. G., Davis, G. B., & Davis, F. D. (1989) conducted a study in which, the
elements of both the models were analyzed for their applicability in predicting technology
acceptance. It has been revealed in the study that there was a significant association between
TRA variable user behaviour and behavioural intention. Based on the findings, it has been

further determined that the major variable perceived ease of use had a direct effect on the
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behavioural intention to use. On the basis of the mentioned observation it was determined
that the variable; behavioural intention to use was included in the model. Thus, in TAM2
model, the variables that were considered for assessing the acceptance of a technology are
perceived usefulness, perceived ease of use, attitude toward using, behavioural intention to
use and actual system use. According to the researcher, in the current studies on digital
technology as well, survey-based, subjective information on user behaviour is considered.

Particular emphasis is usually given on the assessment of behavioural intention to use.

The researcher further assessed the evolution of TAM model. In TAM 3, the variable attitude
toward using was decided to be omitted was in the previous model was one of the core
elements of the TAM model. Furthermore, for the purpose of enhancing the predictability of
the TAM model, according to the researcher, Venkatesh, V., Morris, M. G., Davis, G. B., &
Davis, F. D. (2003) extended the model wherein, in the TAM2 model some of the new
variables were incorporated which included, job relevance, image, subjective norm, result
demonstrability and output quality. The findings of these variables demonstrated that
subjective norm had impact on key beliefs. According to the researcher in TAM3 model the
concept of self-efficacy can also be noticed. The TAM 3 model was presented by Venkatesh
and Bala (2008) was formulated for the purpose of determining the new influence variables
on the main variable of perceived ease of use. In this regard, on further analyzing the work of
Venkatesh and Bala (2008), it has been noted that in this work, the antecedents of perceived
ease of use and perceived usefulness were combines in a single model. In the study, the
researchers have considered analyzing the association between antecedents and perception
variables. The emphasis was on excluding cross-over effects. The findings of the study
postulated that actual behavior associated with accepting of technology is predicted by
behavioural intention, and behavioural intention is strengthened by perceived ease of use and
perceived usefulness which has a set of antecedents, as already mentioned above. In this
study, the researchers specified the direct predictors of perceived ease of use that includes
perception of external control, computer self-efficacy, computer playfulness, computer
anxiety, objective usability, and perceived enjoyment. According to the researchers, the
rationale for incorporating these antecedents has its basis on human decision making. The
findings of the study revealed that TAM3 is robust in explaining the use of intention and use
of information system. In context to TAM 3, Marikyan and Papagiannidis (2024), have
further mentioned that the model introduces 3 new moderation effects of experience on the

relationships between “perceived ease of use and perceived usefulness”, “computer anxiety

31



and perceived ease of use” and “perceived ease of use and intention to use”. In the opinion of
the researchers, the primary strength of the extension is the development of the “behavioural
model of antecedents of both the perception factors (perceived ease of use and perceived
usefulness)”. It results in providing a detailed set of conditions under which the acceptance of
technology is most likely to take place. By presenting the relationships between antecedents,
perceived usefulness, and perceived ease of use TAM3 provides an indepth details on the
interventions which have direct impact for decision making about IT management and

implementation.

In regard to the applicability of the model, referring to the works of the previous researchers,
Marikyan and Papagiannidis (2024), stated that TAM and its extensions have varied range of
applications in different contexts, disciplines and geographical locations. It acts as a
significant theoretical tool for predicting user behaviour. Referring to the previous researches,
the reviewers stated that in addition to application in the information systems management
domain, TAM also finds application in other disciplines for instance advertising and
marketing. Taking into account that information systems are widely used in the marketing of
services and products, the researchers opined that TAM becomes an effective tool for
evaluating the attitude of consumers towards technologies like e-commerce platforms,
chatbots and online shopping tools. In this alignment the study conducted by Ashkanani
(2017), is also worth mentioning, in which the researcher focused on analyzing the
implementation of TAM in the evaluation of perspectives of instructors on e-learning in
context to Kuwait University. In this research, TAM has been implemented with the aim to
support the model with refined external factors that have been drawn from the environment of
Kuwait University along with exploring the impact of these factors on core constructs of
TAM which includes perceived ease of use and perceived usefulness. The study has also
considered exploring the “implication on the outcome instructors’ Attitude (ATT) toward the
use of e-learning at Kuwait University [KU]”. Technical Support (TS), Computer
Self-Efficacy (CSE) and University Strategic Focus (USF) are the external factors which
have included in the study. The researcher had implemented pragmatic methodology with
mixed research approach including qualitative and quantitative approaches, in a triangulated
formation of data collection. Semi-structured and unstructured questionnaires have been used
as the data collection tools, using which interviews and focused group discussions have been
conducted in the research. The findings from the study revealed that TAM is an applicable

and valid acceptance model in case of e-learning system of the university. The outcomes of
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the study has also been noted to be in alignment with the previously conducted studies on
TAM in which perceived usefulness of e-learning instructors have been reported to directly
impact their ATT toward the use of the system. In addition to that, the findings of the study
also revealed that the perceived ease of use among the instructors found through perceived
usefulness result in indirectly affecting their ATT. It has also been reported by the researchers
that perceived usefulness among instructors are significantly affected by CSE, which has
comparatively less impact on their perceived ease of use and indirectly so, on ATT. The
findings from the study has also demonstrated that TS has a significant impact on perceive
usefulness along with on perceived ease of use, though the impact on the later is in a less
magnitude. It has also been stated to have indirect impact on ATT. On the basis of the
qualitative findings from the study, it has been argued that USF is one of the major factors
resulting in the most adverse attitude toward the use of e-learning by the instructors in the
university. The underlying reason for the mentioned observation in the study is lack of
motivation measures, poor policy setting and ineffective training. Based on the review of this
study, it can be noticed that in this study, the findings are based on practical applications and
analysis of TAM, which can be considered as a major strength of this study. However, when
focusing on Kuwait University, which also has a number of non-Kuwaiti citizens with
specific social and cultural differences have not been considered that may contribute to the
cultural value, which can be regarded as a limitation of this study. In addition, the emphasis
on Kuwait University particularly raises question in the generalizability of the findings of the

study, which is another limitation of this study.

Another mentionable theory when considering acceptance of technology among users is
Diffusion of Innovations Theory. In the study conducted by Avilés (2020), the researcher has
considered introducing the theory of the Diffusion of Innovation [DOI], some of its research
applications along with its main criticisms. According to the researcher, DOI research is
based upon rational theories of organizational life adopted from management, sociology, and
communication theory. It develops predictive accounts of the diffusion phenomenon which
has been hypothesized to aid implementers of technology to advance the dissemination of
selected technologies. The researcher opined that overall, the DOI tradition has focused on
explaining individual intensions to adopt or adoption decisions, which concern the
comparatively homogenous populations and concern the well-defined innovations. Referring

to the work of Rogers (2003), the researcher stated that diffusion is “the process by which an
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innovation is communicated through certain channels over time among the members of a

social system”. Thus, diffusion is considered as a particular type of communication where the
participants formulate and share information with each other for the purpose of reaching
mutual understanding. In the opinion of the researcher, the mentioned freshness of the idea in
the message provides diffusion to its specific character, as “some level of uncertainty is thus
involved”. Further referring to the work of Rogers (2003), the researcher provided clarity on
the definition of uncertainty, which has been defined as “the degree to which several
alternatives are perceived with respect to the occurrence of an event and the relative
probabilities of these alternatives”. DOI, in his work, has been defined as “an uncertainty
reduction process”. In the work of Rogers, according to the researcher, he has proposed
characteristics of innovations that are beneficial in minimizing uncertainty by obtaining more
information. The researcher in his entry has further elaborated on the focus of DOI theory.
Taking into account the work of Rogers, the researcher stated that the main focus of the
theory is on the perceived features of technologies and the organization’s innovativeness in
the adoption of the technology. In the work of Rogers 5 major attributes of an innovation that

impacts its adoption has been mentioned, which includes, compatibility with the organization

workflows and knowledge, comparative advantage to existing technologies. trialability,

complexity to implement, and observability of the development of the innovation both in the
competitors and inside the organization. The perception of individuals on these mentioned 5
attributes predicts the adoption rate of the innovation. According to the researcher, an
innovation-decision process model has been proposed by Rogers in order to study the stages
of adoption, which is primarily an information processing and information seeking activity,
where the individual is encouraged to minimize the uncertainty associated with the
advantages and disadvantages of a particular innovation. With the help of the
“innovation-decision process”, any decision-making unit or an individual passes from first
knowledge of an innovation to, developing an attitude toward it, to a decision to adopt or
reject, to implementation of the new idea, and to confirmation of this decision”. Referring to
the work of Rogers, the researcher further stated that there are five steps in this process which

includes knowledge, persuasion, decision, implementation, and confirmation.
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During the knowledge stage, a person makes an effort to understand the nature of the
innovation and its operation. An individual looks for innovation-evaluation data during the
persuasion and decision-making phases to minimize doubt regarding the anticipated
outcomes of an innovation. Adoption, complete utilization of an innovation as the best
available course of action, or rejection is the outcomes of the persuasion stage. On the basis
of work of Rogers, the researchers have further stated that, reinvention is the extent to which
a user alters or modifies an innovation that can be noted during adoption and application
phase. The majority of people assess innovations based on the subjective opinions of peers
who have embraced them rather than on scientific studies conducted by specialists. They act
as social role models whose innovative behavior is often followed by others in their system.
Referring to the work of Rogers (2003), the researcher further opined that in the work of
Rogers it has been stated that interpersonal channels are more effective in developing and
altering attitudes toward the new idea and, which in turn result in influencing the decision to
accept or reject it, mass media channels are more effective in generating knowledge of

innovations.

Rate of adoption can be defined as relative speed at which members of a social system
embrace an invention. A system's communication and social structure can either aid or act as
a barrier in the discussion of innovations within the system. Three primary categories of
innovative decisions are distinguished by him: Optional innovation refers to decisions made
by an individual regarding the adoption or rejection of an innovation that are not influenced
by the decisions of other members of the system; collective innovation refers to decisions
made by consensus among system members regarding the adoption or rejection of an
innovation; and authority innovation refers to decisions made by a comparatively small
number of individuals within a system who have technical expertise, power, or status.
According to Rogers, two or more of these innovation-decision kinds can be sequentially
combined to form a fourth category: Only after a previous innovation-determination a
decision can be made regarding whether to accept or reject it. A social system can also be
used as a component in discussions about repercussions, or the changes brought about by an
innovation's acceptance or rejection. "Opinion leaders” are important players in the process,
according to Rogers (2003), because their opinions will have a bigger impact on those of
others. According to Rogers' empirical data, in the case of costly, prominent, and radical
inventions, an "innovation champion” is required to advance the technology's discussion.

According to the hypothesis, the features of the innovation and the social structure around it
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explain the rates of discussion. The topics of discussion are not specifically addressed by DOI

models, and they rarely analyzed as to whether the technology under study has an impact.

The analysis of the work of Rogers have further revealed that in the work, members of a
social system has been classified on the basis of degree to which an individual is
comparatively earlier in adopting new ideas as compared to other members in a system. The
range of innovativeness has been categorized into 5 categories; innovators who are the ones
who introduces the innovation, early adopters, who are the one’s who first implement the
innovation, early majority, who are the ones who among the large group to adopt the
innovation and late adopters, who adopt the innovation late. In regard to DOI, in the work of
Auvilés (2020), the researcher also mentioned the criticisms associated with the theory. One of
the major criticisms associated with the theory according to the researcher is it is more
agrarian in nature and would be of much relevance to the innovations in technological
sectors. Referring to the previous studies, it has also been stated that the static nature of the
adopters is another aspect of the theory, which has been questioned by business community.
The underlying reason for the criticism was that, anyone can be an innovator, if the
innovation is in alignment with the target for adoption of organizations. It has also been
argued that the process of decision making in an organizational management is more complex
in nature, than at the individual level, as elaborated in the theory, which are some of the major
criticisms of the theory as stated in the review. The review of the literature reveals that the
researcher has effectively provided with detailed analysis of the theory based on the
researches of the previous researchers, resulting in providing a detailed understanding of the
various elements of the theory. The researcher has also considered expanding on the
criticisms of theory and the scope for future works in this arena. The mentioned aspects are
the major strengths of this study. However it is mentionable here that considering the nature
of the study, which is a review on DOI, the study has been based on the findings and
observations of the previous researchers, no first hand primary information and data has been

incorporated in the study, which can be considered as a limitation of this study.
Al adoption frameworks in service industries

In alignment to the focus of the present study, the frameworks for adoption of Al in service
industry is also needed to be discussed in this context. Herein, in the study conducted by
Yang, J., Blount, Y. and Amrollahi, A., (2024), the researchers have focused on analyzing the

adoption of Al in professional service industry. The researchers have considered
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implementation of multiple case study method, which have contributed in gaining a
comprehensive understanding on the adoption of Al. For the purpose of gaining an
understanding on the adoption of Al in professional service firms, case study approach has
been used for exploring the association between the adoption of Al and its environmental

context.

Based on the findings from the study, it has been opined by the researchers that the
motivation for adoption of Al in context to professional service industry is impacted by
various factors that are dependent on the size of the firm. For the small firms, the researchers
have noted that Al affordance is superficial which result in low usage and adoption. When it
comes to large firms, they are resourceful which enables them to eliminate the challenges
associated with Al implementation, which in turn contributes to the adoption of Al in the
firm. These organizations are structured and established for the adoption of Al. On the other
hand, the researchers noted that small firms are motivated by the competition, while for large
firms, stringent regulations act as a constrain. The study has its basis on
Technological-Organizational-Environmental (TOE) framework. According to the
researchers the framework provides a holistic perspective for gaining an understanding on the
factors impacting adoption of Al. The adapted framework provides a detailed understanding
into technology adoption, associating functional capabilities of the technology to the strategic
visions of the firms considering its adoption. Referring to the previously conducted studies,
the researchers opined that TOE provides a theoretical basis for expanding on the technology
adoption at the firm level, which provides a flexible and holistic perspective on adoption of
technology in firms. Referring to the previously conducted studies the researchers stated that
comparative advantages of Al, compatibility and complexity are commonly highlighted
under the dimension of technology. It emphasizes on the generic benefits and challenges to
adopt Al along with the need for aligning with the existing systems. Continuous learning
processes, interoperable datasets and data quality requirements have been reported to be some
of the technology factors that are specific to the adoption of Al. In the opinion of the
researchers the mentioned factors reveals the specific technological characteristics of Al and
it is associated with the argument for reconsidering the conventional theorizations of
technology readiness and adoption within the Al context. The factors considered in the TOE
framework for the adoption of Al also include the organizational factors. In context to the
organizational factor, it has been opined that it emphasizes on the significant role of

leadership, specifically top management support and highlighting on the interplay between
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strategic alignment and operational capacities in facilitating adoption of Al. However, it has
been noted that the size of the firm in this context is a matter of debate. The researchers also
opined that in some of the studies, it has been suggested that though environmental factors
are not dominant in regard to adoption of Al, yet the impact of factor in a Al adoption can be
noticed. It has been reported in this regard that elements like competitive intensity,
government support, and environmental dynamics are integral. Taking into account the
framework, when analyzing the factors impacting the adoption of Al, the findings of the
study revealed that, there are primarily six factors that influence the adoption of Al in the
three firms considered in the study which includes technology affordance, technology
constraints, innovation management, Al readiness, regulatory environment and competitive
environment. To elaborate the findings further, it has reported that from the perspective of
technological domain the constraints and affordances of Al have been observed to emerge as
pivotal. The innovative management of the firms underscored organizational dynamics along
with their readiness to adopt Al. In the environmental front, the researchers reported that
regulatory and competitive landscapes to be major determinants. In the opinion of the
researchers, one of the interesting observations of the study was that, though the mentioned
six factors that impact the adoption of Al have been observed consistently in the three firms
chosen in the study, there was marked variations in the ways in which these factors
manifested in each case. As an instance, regulatory environment as a factor impacting the
adoption of Al was reported to be one of the strongest concerns over compliance with
standards in the BIG firm, while in the MID firm it has been noted to be a moderate concern
and for SML firm, it has been noted to be a little concern. In all the three firms considered in
the study, affordances of technology have been evidently noted in all the three firms as
competitive advantages provided by Al adoption. The findings of the study have
demonstrated that larger firms that are planning for an in-depth and extensive Al adoption
may perceive the regulatory environment as a restrictive factor. The findings of the study also
revealed that there are certain constraints imposed by Al which includes lack of transparency
associated with Al, data-led bias and lack of compatibility with the existing systems. Thus,
based on the detailed review of the study, it can be noted that the TOE framework has been
reviewed in a detailed manner in this study with significant practical contributions. The
research has been contextualized within auditing making the practical implications and
findings transferable to a broader array of professional service industries for instance medical
and legal practices, which can be considered as a major strength of this study. The findings of
this study has provided with actionable insights with regard to Al adoption readiness and
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prospects, which adds up to the contributions of the study. However, the insights provided in
the study are related to the adoption of Al in professional service industries, specifically in
regard to auditing, resulting in questioning the generalizability of the observations, which can
be considered as a limitation of this study.

In the study conducted by Alsheibani, S., Cheung, Y. and Messom, C. (2018), the researchers
have considered assessing the adoption of Al, where emphasis has been given on
Al-readiness at firm-level. In this regard, the researchers have aimed at proposing a
framework for the adoptions of Al at the firm level, for which TOE and DOI has been
considered. The arguments of the researchers associated with TOE can be noted to be in
alignment with the study conducted by Yang, J., Blount, Y. and Amrollahi, A., (2024), where,
referring to the work of Tornatzky, L. G., & Fleischer, M.. (1990) it has been stated that
decision associated with the adoption of an innovation at the firm level is not just based on
technological factors but it is also impacted by environmental and organizational contexts.
Based on the mentioned observation from the study, the researchers opined that the TOE
framework analyses a firm from 3 different dimensions which includes organization,
technology and environment. Based on the identified dimensions, the researchers proposed a
framework for Al adoption at the firm level, wherein under technological readiness relative
advantage and compatibility have been considered as the factors, under organizational
readiness, top management, organizational size and resources have been regarded as the
impacting variables and under environmental readiness, competitive pressure and government
regulatory issues have been considered as the considerable factors which may result in
impacting Al adoption. As the study is a research-in-progress, the findings associated with
the mentioned variables considered for the study have not been presented. Based on the
review of the study, it has been noted that mixed methods research approach has been
considered by the researchers for validating and testing the framework. The paper has
presented with detailed interpretation of the theories considered for the study which can be
considered as a major strength of the study. However, proposed methodology can be noted to
lack detailed discussion on the methods and approaches using which the proposed framework

will be assessed, which can be considered as a limitation of the research-in-progress.

2.2 Technology Adoption Theories
Consumer behaviour toward Al-based customer service
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In alignment with the discussion on theoretical framework on Al adoption, the technology
adoption theories in regard to consumer behavior is also worth discussing here. In this
alignment, in the study conducted by Sohn and Kwon (2020) the researchers have focused on
technology acceptance theories along with the factors impacting Al-based intelligent
products. In the study, the researchers have compared technology acceptance theories in
terms of Al-based intelligent products. It has been noted that Value-based Adoption Model
(VAM) had the optimum performance in modeling for understanding the acceptance of
Al-based intelligent products. While analyzing the model, it has been stated that TAM forms
the basis of this model, where the focus in on perceived value that is derived from a
technology considering its benefits and the adjustments that are needed to be made. In this
model it has been proposed that the perceived benefits of a technology are weighed by users
against the perceived scarifies that includes risks, efforts and costs prior forming their
intention to adopt the technology. The researchers further opined that this model was
proposed as an alternative model due to the failure of existing models like TAM which was
not effective in considering the impacts of exogenous variables in explaining intention to use
new ICT [information communication technology] along with mobile internet. According to
the researchers, from the perspective of cost-benefit VAM retained the technical
characteristics that included technicality and usefulness of the existing technology acceptance
theories, incorporating perceived fee. Referring to the previously conducted studies, the
researchers stated that VAM includes perceived values, which is not included in other
models. Perceived values have been considered as mediating factor in the model in making of
individual decisions, which is calculated on the basis of trade-off technology. In this study,
the model has been used for elaborating on the acceptance of IPTV, mobile payments and 10T

services.

Theory of Planned Behavior (TPB) is another mentionable theory, which has been considered
by the researchers for explaining intention to act. In the opinion of the researchers, this theory
is an extension of Theory of Reasoned Action (TRA). In TPB, the same constructs have been
used when introducing the constructs of attitude and perceived behavioral control and
subjective norms for explaining the intention to act. Referring to the previously conducted
studies the researchers stated that subjective norms relate to the significance of social
influences on acceptance that impact individual behavior. In addition, perceived behavior
control that impacts individual behavior, demonstrates ease of use, contrary to perceived ease

of use in TAM. The theory finds application in research on acceptance of innovative products
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examining exogenous factors for instance social influence. In alignment to this, intelligent
products also have various exogenous factors associated with it, which have been focused in

the research.

UTAUT is another mentionable theory which has been considered in the study. According to
the researcher, the theory was formulated by redefining representative technology acceptance
theories, for instance TAM, TRA and TPB. Referring to the previously conducted studies, the
researchers opined that the main factors which are included in the theory are effort

expectancy, performance expectancy, facilitation conditions and social influence. In a similar
vein, intelligent products also have several exogenous factors that have been examined in

scholarly work.

The researchers have provided models and their factors based on TAM, TPB, UTAUT, and
VAM in order to evaluate the usefulness of technology acceptance theories and identify the
most effective model for predicting behavioral intention to use Al-based intelligent products.
On the basis of the findings on adjusted R2 value, the comparison has determined that the
VAM has the best predictor in the context of Al-based intelligent products. The UTAUT,
TPB, and TAM have been noted to follow VAM. The relative importance of the components
in each model caused differences in the prediction power of the models; enjoyment has been
noted to be specifically crucial in determining which VAM was superior to the others. The
UTAUT has been observed outperformed the TPB because attitude had a smaller impact,
despite the fact that a number of the subjective norms category's elements were comparable.
The analysis's findings supported a significantly high proportion for enjoyment, which was
followed by subjective norms, PV, and usability. These findings might be explained by the
fact that the spread of Al-based intelligent goods is progressing from the innovation stage to
the early adoption stage, which is defined by the public's desire to learn about new
technologies. It has been demonstrated that learning about a new technology is correlated
with enjoyment. The next-largest percentage was attributed to subjective norms, suggesting
that while Al technology is a highly intriguing concept from a social perspective, it still lacks
real-world application experience, meaning that before adopting Al-based intelligent
products, potential users are still influenced by the opinions of others. Based on the
mentioned observation, it has been opined that even if Al technology is developing
drastically along with a wide range of products, it is still in the early phases of societal

acceptance, thus other people's opinions continue to be crucial in fostering trust in these
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products. Indicating high user expectations for the performance and worth of Al-based
intelligent devices, PV also had a significant percentage. Expectancy-value theory (Wigfield
and Eccles, 2000), which describes the psychological drive for believing in and anticipating a
high performance as a vital aspect for adoption, is comparable to this setting. The ratio of
ease of use to PV was comparable. Although the significance of PEoU has been understated
in previous technology adoption studies, a relative improvement in ease of use has been seen

in the features of intelligent goods, which have developed quickly and in a variety of forms.

Based on the review of the study, it can be observed that the findings of the study have major
theoretical and practical implications. The study has provided with significant information for
supporting model selection for explaining the phenomenon of technology acceptance. It has
also contributed to improving the cognitive structure of people Al-based intelligent products.
In terms of the practical implications of the findings the study provided with major
revelations for instance, enjoyment being a major factor impacting Pl [purchase intention] in
regard to Al-based intelligent products. The role of product designers in leveraging the
influence of subjective norms has also been noted. The mentioned theoretical and practical
implications of the findings of the study are some of the mentionable strengths of this study.
However, much like the other studies, this research is not free from its weaknesses and
limitations. For instance, the focus of the study has been on collecting data from South
Korean context, which limits the generalization of the findings that can be considered as a

limitation of the study.

The study conducted by Jain, V., Wadhwani, K. and Eastman, J.K., (2023) focused on
analyzing the customer behavior dimensions in regard to Al interaction. Herein, the focus has
been on major theories, antecedents, decisions and outcomes in Al and consumer behavior
has been analyzed by the researchers. In the opinion of the researchers TPB, behavioral
reasoning theory [BRT], stimulus organism response [SOR], theory of mind and
self-expansion theory are the commonly used psychological theories in prevailing literatures.
Referring to the previously conducted studies for instance, Sung (2021), the researchers
opined that SOR framework is implemented for studying the impact of Al-powered
immersive technologies on consumer behavioral intentions and engagement. BRT is applied
in various studies to analyze consumer attitudes toward Al and for explaining the propensity
of consumers for Al adoption. Based on the review of the existing literatures, the researchers
provided themes related to Al interaction with consumers behavior dimensions which

includes consumer acceptance and trust, consumer engagement and interaction, personality
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and attitude, decision- making and adoption. Based on the review of existing studies, it has
been revealed that interaction with Al resulted in impacting consumer behavior, where,
previous studies focused on adoption and acceptance of Al-enabled technologies. With
increased interaction, it has been reported to gain increased significance in the lives of
consumers over time. The impact on their behavior can be positive or negative. Consumer
decision making, , allowing them to make decisions in areas like shopping in a much less
vulnerable state has also been reported. Consumer values, reasoning process related to the
adoption, psychological traits for instance risk aversion, have been noted to impact consumer
adoption of Al technologies. Consumer acceptance and trust in Al in the consumption
process has also been addressed as one of the cluster. Referring to the existing studies, the
researchers stated that using technologies like voice recognition, natural language processing,
deep learning, image recognition, applications like music biometrics, Al service agents
interact with consumers. Consumers have been reported to have mixed response towards
these applications ranging from enthusiasm, apprehension, mistrust. It has also been noted
that perceptions of consumers are integral in forming their behavioral intention and attitudes,
which has been identified as another cluster in this study. The researchers have also
considered analyzing antecedents which impacts the association that includes variables like
convenience, personalization among others. The study has major practical and theoretical
contributions associated with it, for instance, it provides a holistic understanding on the major
theories related to Al and consumer behavior. In terms of practical contributions, it provides
advises for practitioners to formulate consumer centric Al solutions, which acts as major
strengths of this study. However, considering the nature of the study, the findings presented in
the study has been based on observations of the previously conducted studies which exposes
this study to the risk of publication bias and limits generalizability of the analysis, which can

be considered as a limitation of this study.
Barriers to adoption (trust, usability, cost)

Taking into account, the discussion on theories related to technology adoption at the
consumer level, the barriers associated with the adoption are also needed to be discussed. In
this regard, in the study conducted by Hassan, M., Kushniruk, A. and Borycki, E. (2024), the
researchers have focused on analyzing the barriers and facilitators to the adoption of Al in
context to healthcare. There are primarily 18 categories of barriers and facilitators that have
been identified by the researchers. The same theme has been recognized as a barrier as well

as facilitators, the “same theme was tabulated as a facilitator to capture what the articles
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recommended for overcoming challenges with explainability to increase adoption”. The
categories identified in this regard includes, transparency explainability, algorithm bias equity
and fairness, functionality-accuracy usefulness, risk of harm, trust, human-Al teaming,
aligning strategic components, use case-drive problem-driven Al, engagement co-design user
centered approaches, workflow integration, awareness training, resources infrastructure,
evaluation validation, data security data ownership data quality data availability, ethics
privacy, governance, regulatory legal, funding and cost. The major findings from the study
revealed that there are various factors which impact the Al adoption systems. According to
the researchers, for each identified barriers there are corresponding facilitators. Based on the
observations it has been opined that bias, ethics, transparency or explainability are the core
considerations in developing adoption-centric and trustworthy Al systems. According to the
observations of the study, trust emerged as one of the major elements of Al adoption. Based
on the review, it has been revealed that trust may either impacted or facilitated by majority of
the themes identified in the scoping review. It has been specifically noted that explainability,
fairness, and ethics have been noted to be centerfold of barriers to Al adoption. On the basis
of the review of the literatures it has been concluded by the researchers that trust among
consumers are impacted by the mentioned elements that have been recognized as barriers and
trust act as the major catalyst of adoption. It is further mentionable here that in regard to
transparency and explainability, based on the reviewed studies the researchers opined that
because of opacity of an algorithm, it may act as a barrier for clinicians from relying on ML
outputs in clinical settings. It results in creating ambiguity among users on reliability among
ML output and whether it can be trusted or not. In context to bias, in terms of equity and
fairness, the findings of the study has revealed that algorithm bias is an integral factor in not
only gaining trust but also have meaningful outputs that can be implemented to various
patients. Referring to the previously conducted studies the researchers stated that bias in Al
can be introduced because of algorithms being trained on the biased data, due to biased data,
small training size, limitations in the model itself, lack of user participation, and other factors
that are unseen. In regard to ethics, referring to the work of Gerke, S., Minssen, T. and
Cohen, G. (2020), the researchers argued that there are four primary ethical challenges which
are required to be addressed to realize the optimum potential of Al in healthcare that includes
safety and transparency, informed consent to use, data privacy and algorithmic biases and
fairness. The review of the study presented with detailed understanding on the barriers and
facilitators associated with adoption of Al where the role of trust as a significant catalyst of
adoption has been expanded in a detailed manner which can be regarded as strengths of this

44



study. However, due to the availability of limited number of studies which focused on Al
adoption in healthcare section, there was small number of studies, which were reviewed in

this scoping review, which can be regarded as a limitation of this study.

In the study conducted by Radhakrishnan and Chattopadhyay (2020), as well, the researchers
focused on identifying the determinants and barriers of Al adoption by reviewing the existing
literatures. The findings of the study revealed that at the individual level, factors like security,
trust, intrinsic motivation, purchase price, utilitarian benefit and social influence are some of
the factors that influence adoption of Al at the individual level. To elaborate the findings
further, in context to autonomous vehicle adoption the barriers that have been identified are
changes to established routines, perceived concerns, perceived risk, lack of trust, lack of
accountability, privacy concerns, system failure, over reliance on AV, deprivation from the
joy of driving, perceived dread and loss of driving skill. In context to cognitive engagement,
it has been observed that interaction with other technologies, adaptation challenges and use
for elderly people, lower communication richness and expressiveness and more complexity
and ambiguity acted as a barrier for its adoption among the users. In the arena of medicine,
factors like need for regulators approve the computational methods, potential risks on lives,
error rates, variations between experimental and clinical data have been identified as barriers.
Based on the mentioned observations, it has been opined by the researchers that at the
individual level, social influence, cost, trust, performance expectancy, hedonic motivation,
safety, utilitarian benefits, intrinsic motivation, prior experience with Al tools acts as
determinants and barriers of Al adoption. On the basis of the review of the study, it can be
noted that the findings of the study provides with detailed understanding on the various
factors that promotes as well as hinders adoption of Al at individual as well as organization
level. It would contribute to studying Al adoption at the level of individual consumers by
understanding the interactions of the users with the Al systems. The information can be
beneficial for implementing Al in organizations by knowing consumers needs and
apprehensions which are major advantages of the study. The findings presented in the study
have been based upon the observations of reputed journals which forms major advantages of
the study. However, taking into account the very nature of the study, the observations have
been based on secondary data, based on the observations of the previous researchers, which
exposes it to the risk of publication bias, which can be considered as a limitation of the study.

2.3 Customer Service and Innovation

Case studies of successful Al implementations (e.g., Amazon, Zappos)
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In alignment with the discussion on the various factors that impacts adoption of Al at an
organizational and individual level, case studies associated with its implementation are also
worth discussing. In this regard, in the study conducted by Alasa, D.K., Hossain, D., Jiyane,
G., Sarwer, M.H. and Saha, T.R.. (2025), the researchers focused on analyzing Al-driven
personalization in e-commerce in regard to which case of Amazon and Shopify have been
considered. In regard to Al-driven efficiency in e-commerce, the researchers opined that
majority of the online shopping platforms for instance; Amazon and Shopify deploy Al in
their system for enhancing their efficiency in their operations and minimizing cost. The
implementation of Al driven inventory management according to the researchers have
resulted in changing e-commerce sites which also includes Amazon and Shopify through
automating restocking, improved demand forecasting and simplification of supply chain
operations. Referring to the work of Dushnitsky and Stroube (2021), the researchers further
stated that vast datasets are studies by machine learning which includes seasonal demand
changes, past sales trends and external events for instance weather conditions and economic
conditions with high accuracy to make estimations on inventory needs. Using Al, Amazon is
able to dynamically distribute goods, for instance reduce logistical costs, delivery times and
minimize overstocking or stockouts. In a similar manner, referring to the work of Shaikh,
(2023), the researchers further remarked that to simplify restocking strategies, Shopify stores
leverage Al-powered supply chain solutions that result in simplifying restocking strategies
thereby reducing inventory keeping expenses by up to 25%. Al has also been beneficial for
these companies in increasing conversion rates with the help of real-time price changes based
on competitor pricing, dynamic pricing strategies, market trends and consumer demand. With
the help of Al-powered fraud detection systems, these companies have also been able to
recognize anomalies in order patterns and refund requests by 30% on e-commerce platforms,
which in turn resulted in reducing their fraud-related expenditures. With help of incorporation
of Al to pricing and inventory, e-commerce companies have been able to optimize stock
levels, improve customer satisfaction and promote profitability through effective order
fulfillment.

The researchers further highlighted on the impact of Al personalization on customer
engagement level. One of the areas of implementation of Al for engagement with customers
is with the help of automated chatbot. The implementation of Al can help in quickly help
consumers identify product with the help of chatbot by engaging with the client and creating

an effective shopping experience for them. With the help of enhancing the user experience

46



and optimizing sales conversions, Al-driven personalization, according to the researchers
have resulted in fundamentally altering consumer engagement in e-commerce. Based on the
comparative study of Shopify and Amazon, it has been noted by the researchers the ways in
which Al driven customization significantly influences important measures of customer
engagement. In order to establish the mentioned observation, the researchers referred to the
case of Amazon, where it has been noted that recommendation engine of Amazon has helped
35% of its overall income thereby demonstrating the ways in which Al enhances customer
retention and drives sales. Shopify merchants have also been reported to use Al-powered
personalizing tools which have contributed them in making claim of an average gain of 20%
in quarterly sales. It has been further argued by the researchers that Al-powered chatbots and
virtual assistants is also beneficial in ascertaining lower cart abandonment rates and 24/7
personalized support, which in turn contributes to an increase in consumer interaction rates of
40%. The mentioned data, according to the researchers demonstrate the ways in which in
competitive e-commerce systems, the implementation of Al-driven personalization not only
helps these companies to enhance product discovery but also increases engagement and

long-term customer loyalty.

It has been further stated by the researchers that one company that has used Al to run their
online enterprises is Amazon. Both product listings and advertisements can be made with
them. Amazon has transformed how vendors and customers purchase on the platform by
implementing generative artificial intelligence (Gen Al). Customers can find a variety of
products more easily, while platform vendors can run their storefronts more efficiently. Al
can level the playing field for small and medium-sized enterprises to compete with larger
companies, which is one of the main worries about the technology. According to Mary Beth
Westmoreland, vice president of worldwide selling partners, Amazon's use of Gen Al has
allowed them to streamline most of the processes, freeing up sellers' time so they can
concentrate on creating even more amazing products that satisfy their fans. One of Amazon's
Gen Al initiatives is Project Amelia, which aims to give Amazon sellers the assistance they
need. Sellers can monitor sales numbers, obtain business insights, and receive personalized
recommendations using this tool, which is still in beta testing but has amazing potential
(Aldea, A., Kusumaningrum, M.C., lacob, M.E. and Daneva, M, 2018). As the Al has been
developed with each seller's particular business context in mind, it can offer pertinent
guidance and insights. A brief description can assist the Al in creating a thorough listing for

the company. This cuts down on the amount of time needed to list a product. Also,
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e-commerce platforms have created artificial intelligence (Al) to assist sellers in producing
interesting material for their products (MacKenzie, 1., Meyer, C. and Noble, S., 2019). The Al
facilitates the production of narrative content. These technologies can also be used by small
firms that might not have the funds to create distinctive, high-quality content. A video
product can also be launched from a single product image by an Al technology that generates
videos. Sellers who might lack the resources to produce such content can benefit from such
services on Shopify and Amazon. Amazon and Shopify have developed Gen Al that offers
personalized product recommendations and descriptions based on user buying habits. Rather
than making general recommendations, the Al might offer particular product lines (Shaikh,
2023). Let's say someone is accustomed to looking for gluten-free goods. To help the
consumer find a suitable item quickly, the phrase "gluten-free™ might be included to the
relevant product description. Customers with small displays, like mobile shoppers, benefit
from these features as well because they make it easier for them to access products. Since
other businesses, like Shopify, incorporate Al into their platforms to draw in more customers,

Amazon has worked to become more competitive.

With the help of providing cloud computing to the users through Amazon Web Services
(AWS), companies like Amazon has remained competitive in the opinion of the researchers.
It 1s the foundation model for Amazon’s generative Al It is with the help of available data
and use of Al that has enabled businesses to cater to the preferences of customers. In addition
to personalized searches, the implementation of the businesses has also enabled the
businesses to provide with effective and timely consumer searches. Over the years, customer
interactions have evolved with increasing requirement of more real-time and personalized
interactions, which companies like Amazon and Shopify are able to cater through relevant
data collected from consumer. Based on the detailed review of the study, it can be noted that
the researchers have been able to provide with an in-depth analysis on the impact of
implementation of Al on mentioned companies that is, Amazon and Shopify, which provides
a practical understanding on the impact of implementation at the organizational level. It can
be regarded as one of the major strengths of the study. However, taking into account the
nature of the study, the provided findings of the study have been based on the observations of

the previous researchers, exposing the study to publication bias.

In this alignment in the study conducted by Gupta and Parween (2025), the researcher
focused on studying the consumer behavioral pattern because of using analytics Al at

e-commerce companies. For this purpose, the researchers have considered case studies of
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Zappos, Amazon and Sephora in order to gain an understanding about the ways in which the
mentioned organizations implement Analytics Al for improving customer experience. Based
on the observations from the case studies, the researchers stated that customer service
excellence supported by Al technologies has been emphasized in Zappos. The Al-driven
recommendations have helped Zappos in tailoring product suggestions on the basis of
customer preferences and past behaviors. Al-powered chatbots helps in enhancing response
time, manage routine customer queries and allowing human agents to use their productive
hours for complex cases. In addition, predictive analytics have been reported to help with
optimization of delivery processes and inventory management, ensuring timely fulfillment
and high customer satisfaction. In the opinion of the researchers, the approach of Zappos
highlights the ways in which, Analytics Al can be used for building operational efficiency
and strong customer relationships in the highly competitive apparel and footwear
e-commerce space. In alignment to observations of Alasa, D.K., Hossain, D., Jiyane, G.,
Sarwer, M.H. and Saha, T.R. (2025), in context to Amazon, Gupta and Parween (2025) stated
that Amazon has been a pioneer for using machine learning and Al-powered recommendation
systems, where Al algorithms of Amazon have helped in providing highly personalized
product suggestions. In regard to Sephora, it has been stated that the use of Al helps in
creating highly personalized shopping experiences The use of augmented reality powered
virtual try-on tools allow customers to test makeup products virtually. These case studies
according to the researchers demonstrate that effective analytics Al implementation requires
not only advanced technology but also customer-centric mindset and operational alignment.
The review of descriptive, exploratory study reveals that the study has provided substantive
first-hand data and information, which is one of the major strengths of the study. However,
the study has been subjected to sample size constraints, where the study has been based on
only 43 responses and sampling bias, as the participants were mainly within the age group of

18-24 years, which can be regarded as major limitation of the study.
Comparative analysis of chatbots vs. human agents

In alignment to the discussion on the observations associated with case studies of Al
implementation in companies like Amazon, Sephora among the other companies, a
comparative analysis of human agents as compared to chatbots in context to customer
services is also worth discussing. In the study conducted by Mangipudi and Grainger (2025),
the researchers have focused on conducting a compatible study on Al powered chatbots as

compared to human agent, in the context of customer satisfaction. In the study it has been
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observed that human agents are outperformed by Al chatbots in response time. However, in
rates of resolution the later has been noted to be markedly lower along with having higher
rate of escalation frequency. The findings of the study has revealed that when it comes to Al
chatbots and customer satisfaction, though Al chatbots are highly efficient and faster, there
still remains the need for human agents. The presence of human agents have been noted to be
particularly relevant for complex and emotionally charged interactions. Based on the
observation it has been opined that with human dealings and resolving issues with customers
using emotional intelligence, customer satisfaction is always likely to be on the higher side.
The researchers have further analyzed hybrid situations where human agents and Al chatbots
work together using CTl-enabled escalation to provide optimum customer experience. The
findings of the study have revealed in this regard that CTI integration result in making it easy
to switch between human agents and Al with minimal conflict from customer’s point of view.
Based on the observations it has been concluded by the researchers that optimum results can
be derived from hybrid models where human agents are supported by Al chatbots, that helps
in striking a balance between personalized service and efficiency. The study provide with a
holistic understanding on the benefits of chatbots, human agents as well as a hybrid model,
which provided with a detailed understanding on different probable scenarios. It can be
considered as a major strength of the study. However, Al chatbot performance varies,
according to industry, which impacts the generalizability of the study. Moreover, the
mentioned observations are based on customer survey answers, which exposed the findings
of the study to the risk of self-reporting bias, which are some of the mentionable limitations

of the study.

2.4 Summary
Synthesis of key findings from literature

Based on the review of the existing literatures it has been noted that TAM is one of the
commonly used theoretical framework in studies focusing on technology adaptation. In
regard to Al adoption framework, TOE has been noted to be one of the commonly used
frameworks. It has been observed in the pretext of the framework that role of leadership, top
management support, regulatory and competitive landscapes are some of the factors that
impacts adoption of Al. At the individual user level, it has been revealed that perspective of
cost-benefit, technicality, usefulness of the existing technology, perceived transparency of the
technology, and trust of the users have been noted to be some of the mentionable factors that

impact the adoption of Al and associated technologies. When compared between chatbots
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and human agents, it has been reported that, though in terms of speed and efficiency chatbots
are more effective, human agents are necessary for customer service to address their complex

emotions and effective resolve conflicts.
Identification of research gaps

There are prevalent number of existing studies that have considered analyzing impact of
service technology and innovation on customer service. However, studies analyzing and
focusing on best practices of service technology and innovation remains limited which, will

be revealed with the help of findings of this study.

Chapter I11: METHODOLOGY

3.1 Overview of the Research Problem

Considering the present-day digital economy, organisations are now more likely than before
to resort to emerging technologies including chatbots, virtual assistants, and artificial
intelligence (Al) in the development of customer service delivery. This electronic revolution
is redefining the relationships with customers, performance of the service providers, and the
model of the businesses in various fields. Although they promise to make the jobs of all
relevant parties much more efficient and provide the customers with a better experience, the
actual consequences and outcomes of their implementation are somewhat complicated and

dependent on the context(Aslam, 2023). In this way, the study aims to investigate the
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connections between service technologies and innovation on the results of customer service,
with the participation of such constructs as efficiency, customer satisfaction, and usability of

Al as a major one.

The nature of this research problem is quite complex, which is why a mixed methods
approach would best fit this research problem (Shad and Potter, 2024). An exclusive
quantitative or qualitative methodology might not be sufficient to capture the richness and
width of information required to comprehend the quantifiable effects as well as the individual

personalized experiences of the customers and business through the use of these technologies.
Rationale to consider a Mixed-Methods Approach

Mixed-methods approach allows to combine the power of quantitative and qualitative
research approaches to the research problem, which is more effective. To enhance customer
service performance, the quantitative data in this experiment will be used to give measurable
data where performance in customer response, percentage of issues resolved, and customer
rating will be updated after the adoption of Al-driven tools (Buhalis and Moldavska, 2022).
This will enable the statistical confirmation of the hypothesis about service technology and

innovation impacts on measures of customer service.

Alternatively, the qualitative data will play a significant role in terms of capturing
perceptions, experience, and attitudes of the customers and employees towards these
technologies. Thematic analysis and interviews will provide the research with rich and
contextual insight into the way users connect with and comprehend the usefulness, trust and
usability of chatbots and virtual assistants(Kyrylenko, 2024). The qualitative results will
provide a depth, shade, and a human-level of analysis to supplement the more generalisable
quantitative findings.

The convergent parallel mixed-methods design will be used whereby qualitative and
quantitative data will be obtained simultaneously although analysed separately(Inavolu,
2024). The research findings will thereafter be combined to give a complete picture of the
research problem. This design guarantees that statistical patterns are not lost and the words of

the participants are not lost in the analysis of the results.

Relevance to the Objectives
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The grand objective of the dissertation is to find out to what degree the effects of service
technology and innovation are reflected in the customer service delivery. In order to meet this

objective, the research questions are the following:

¢ What is the impact of chatbots, virtual assistants and Al tools on customer service
efficiency?

o How do these technologies affect customer satisfaction and interaction?

o Are these technologies conveniently usable and acceptable in the eyes of the

end-users?

All these questions require the investigation of observable (quantitative) as well as
interpretive (qualitative) data (Misischia, C.V., Poecze, F. and Strauss, C., 2022). As an
illustration, the description of the services is measured to respond to the first question of
service speed and error reduction, whereas the second and third questions presuppose the
knowledge of customer sentiments and behavioural performance, which is why such

synthetic approach is appropriate.

In addition, this methodology does not contradict the pragmatist philosophy, according to
which one should make use of what works to solve intricate research issues. In pragmatism,
methods can be freely chosen towards the best service of the purpose of research as it focuses
more on the result, the context, and the implications of the studies(Krishnan, C., 2022). This
philosophical position justifies the combination of the qualitative narratives and quantitative
data to develop the comprehensive picture of the impact of Al-based technologies on the

performance of customer services.

3.2 Operationalization of Theoretical Constructs

In an attempt to examine how service technology and innovation influence customer service,
this study will operationalize three fundamental constructs of the theoretical framework
comprising of efficiency, customer satisfaction, and Al usability. These constructs are
anchored on service innovation theoretical frameworks, technology acceptance model (TAM)
and customer service performance literature (Wahbi, A., Khaddouj, K. and Lahlimi, N.,
2023). The operationalization of these constructs makes them measurable, observable and
analytically manageable in the quantitative and qualitative part of the study.

Efficiency
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Definition:

In terms of service technology, efficiency means how far Al tools, including chatbots and
virtual assistants, make the delivery of services faster, accurate and cost-efficient(Liu and
Duffy, 2023). It includes calculable efficiency gains in the work processes in an enterprise

and decreasing human labor.
Quantitative Measures:

Average Response Time (ART): The duration of time that the Al system takes to address the

queries of customers.

Resolution Rate Percentage of queries that have achieved a first interaction resolution

(first-contact resolution).
Cost Saving Operational: Cost savings in overheard through automation of service functions.

Time to Resolution (TTR): It is the aggregate time spent between the actual initiation of the

query and a good result.

Qualitative Indicators:

Managerial and workers attitudes to alterations in service processes.
Testimony of automation of tasks and redistribution of work.

Efficiency will be measured by the data available on the system (e.g. CRM dashboards) along
with interviews performed on the customer service personnel(Wang, X., Lin, X. and Shao, B.,
2022). The combination of these data will allow to get an understanding of the technical

efficiency and practical consequences of the application of Al tools to service delivery.
Customer Satisfaction
Definition:

Customer satisfaction can be defined as the levels of a feeling amongst the consumers feeling
satisfied with their needs, wants, and expectations in the contact with Al-based service
tools(Park, S. and Kim, E. 2024). It is one of the key performance measures of services

marketing and customer relationship management.

Quantitative Measures:
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Customer Satisfaction Score (CSAT): It is a Likert scale, which is assigned as a

post-interaction score (i.e., 1 to 5).
Net Promoter Score (NPS): Probability to recommendation of the service.

Customer Retention Rate: Number of repeated customers based on the interaction with the Al
tools.

Quialitative Indicators:
Thoughts heard during interviews with customers and open-ended questions on survey.

Examples, include the theme of trust, helpfulness, frustrations or effortlessnessness in

experience of interaction.

The satisfaction rate with the services of chatbots or virtual assistants will be analyzed with
the help of a distribution of some organised surveys to the individuals that have already used
chatbots or virtual assistants and a closely performed interview with a sample of
people(Chen, J. S., Le, T. T. Y., & Florence, D., 2021). The survey will comprise standardised

questions that will be based on the tested and validated customer experience scales.
Al Usability
Definition:

Al usability is defined as the ease with which customers and other employees relate with Al
tools as well as the intuitive, flexible and accessible nature of the tools(Cao, L., Sarkar, S.,
Ramesh, B., Mohan, K. and Park, E.H., 2024). It discusses also the capability of the system to
comprehend the inputs of the human and responds accordingly.

Quantitative Measures:

System Usability Scale (SUS): A standardised 10 item questionnaire that measures usability

in a scale of 100.
Error Rate: How often Al can answer incorrectly or misunderstand the answers.

Task Completion Rate: the percentage of users who are able to accomplish tasks without it

being human-assisted.
Quialitative Indicators:
The response given by users on difficulties encountered in interaction.
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Beliefs with regards to natural language processing efficiency and contextual awareness.
Trust and safety to share information with Al systems.

The SUS and the interviews with the users will be used as the main data that will be used to
assess Al usability in this study (Noonia, A., Beg, R., Patidar, A., Bawaskar, B., Sharma, S.,
& Rawat, H., 2024). The ease-of-use of chatbots and virtual assistants will be rated by the
participants and they will be asked to include particular situations when the use of technology

helped them, or when they found it counterproductive to their service experience.
Constructs Triangulation

Data triangulation is possible by using these three constructs operationalized, and this
enhances reliability and validity of the results. An example would be when a high
effectiveness mark based on the metrics in the system would be reviewed and compared to
any qualitative stories to prove that the savings of time do a transfer into the real
improvements of customer experience. Equally irregularities between satisfaction raters and

usability evaluations can reflect more complex usability issues or expectations dissimilarity.

3.3 Research Purpose and Questions

The major aim of carrying out this research is to explore the role of customer service through
the use of service technology and service innovation, especially chatbots, virtual assistants,
and artificial intelligence. The faster the digital transformation of the service industries, the
more organisations adopt the use of such tools to act towards boosting operational efficiency,
streamlining communication and overall customer experience (Priya and Sharma, 2023).
Nevertheless, the universal use notwithstanding, there is imperative to assess critically the
impacts of such technologies in critical areas of services that include efficiency, customer
satisfaction, and usability. This paper will address this gap by investigating the enthusiasm
related to service technologies not only into quantifiable results but also subjective
experiences and perceptions towards the service technologies by customers and employees
who come into contact with such systems (Frenette, 2021). The intriguing idea consists of its
holistic strategy which takes into consideration the quantitative and qualitative aspects of the

integration of Al-driven tools into customer service frameworks.

The article is united with this purpose and therefore answers three main research questions.
The initial research question is connected to how chatbots, virtual assistants, and Al systems

influence the efficiency of the customer service activities. These involve examining the
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response times, issue solution rates and the diminishing human intervention among
others(Astuti, E., Harsono, I., Uhai, S., Muthmainah, H.N. and Vandika, A.Y., 2024). The
second query looks into the impact of these technologies on client satisfaction and interest. It
questions about the idea of customers being more supported, understood, and valued working
with Al-enabled systems than with the conventional system of service delivery (Pfoertsch and
Sulaj, 2023). The third and last research question is about the usability of Al, it entails the
way these tools are used by the users: how they navigate the technology, the communicative
clarity, the intelligence and dependability of the technology as they perceive it to be.

To enable it to provide more depth in its analysis process, the study also among other things
formulates a number of hypotheses to be tested empirically. These hypotheses arise out of
pre-existing models including Technology Acceptance Model (TAM), that theorizes that two
variables relating to perception of ease of use and perceived usefulness are important
predictors of technology acceptance and satisfaction (Rane, N., Choudhary, S. and Rane, J.,
2024). H1: (Improvement of the work in the field of customer service through the application
of Al tools) H1 states that with the application of Al tools to customer service, its efficiency
of work is increased in an important way. The second hypothesis (H2) postulates that the
application of chatbots and virtual assistants has a positive connection with the level of
customer satisfaction (Madasamy and Aquilanz, 2023). In the third hypothesis (H3), the
author asserts that the level of Al usability correlates positively with customer satisfaction as
well as service quality perception. There is also a fourth hypothesis (H4), which concerns
whether customers in contact with Al-based tools have the same, and/or elevated levels of
satisfaction as customers served by human agents, especially when time and accuracy are
critical (Le, 2023). The hypotheses are also meant to give quantification to relationships so as

to justify the conclusions which are to be drawn out of the quantitative numbers.

In addition to the inquiry that implements the hypothesis-driven research, the qualitative part
of the study also involves sub-questions that aim at revealing the deeper insights that are
closer to people. The questions explore the understanding of the user regarding the
intelligence, empathy, and responsiveness of the Al tools and these relate to how the Al tools
can be trusted and engaged (Nguyen, 2024). Having implemented the combination of the
laid-back search and thorough investigation, the research aims at ensuring the balanced

picture of developing the relationships between technology and customer service.
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3.4 Research Design

To achieve the objectives of this study and adequately answer the research questions and test
the hypotheses, the study shall have the following research design; a descriptive and an
explorative research design. This mixed approach will support an encompassing study of
phenomena that will not only encompass measurable impacts of Al-based technologies but
the multifaceted and multidimensional experiences of users who interact with them(Wang,
X., Lin, X. and Shao, B., 2023). The descriptive aspect of the design seeks to gather and
analyse objective information about Al performance when dealing with customers in a
systematic manner. It is applicable to numerical data, including response time, satisfaction
levels and ease of use rating, which provides insights on trends, patterns and correlations,
within a sample size (El Bakkouri.,A., 2022). This part of the study helps find a response to
what and how much questions, that is, how often a chatbot can answer customer questions
without the intervention of a real specialist, how average customer satisfaction scores change

across service channels, or how comfortable customers can find working with virtual agents.

Meanwhile, its exploratory aspect of design will allow further probing into the hows and
whys of these quantitative trends. This section of study deals with learning about contextual
circumstances, emotional reactions, and subjective assessments that sway the user interest
with Al tools (George and George, 2023). Themes studied in the study regarding
self-reported empathy, trustworthiness of technology, communication barriers, and
expectations are examined through techniques, including semi-structured interview,
open-ended questions within a survey, and Interpretation of user feedback. The method is
especially effective to reveal difficulties and tensions that cannot be identified by quantitative
measures only(Ghosh, S., 2024). To elaborate on this, the usage of chatbots can increase the
efficiency rates but it can also make the people using them dissatisfied with the service
offered because they feel that it was not personal or emotional enough, and such

understanding becomes visible only when performing qualitative research.

A blend of descriptive and exploratory approaches makes the study adhere to the principles of
pragmatism, a philosophical paradigm, which preaches practical application of methods and
combination of various methodologies to address existing practical problems in the real world
(Stili¢, A., Nici¢, M. and Puska, A., 2023). Pragmatism does not insist on any single way of
scientific research as it adequately explains complex phenomenon like human interaction
with emerging technologies. Thus, a convergent mixed-methods approach is considered in the

present study in which quantitative and qualitative data are gathered simultaneously,
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examined independently and combined in the interpretation process (Nirala, K.K., Singh,
N.K. and Purani, V.S.,2022). Such an integration makes sure that not only measurable results

but also contextual definitions are taken into account when it comes to making conclusions.

There will be two key populations of participants in the research, that is, customers who have
used Al-enabled customer service solutions and customer service employees using or
operating these solutions in their day-to-day tasks. Participants of the quantitative component
will be selected based on a stratified sampling approach to provide a diverse sample beyond
dimension of age, familiarity to technology, industry and nature of interaction (e.g. technical
support compared to product inquiry) (Monica and Soju, 2024). Purposive sampling will be
adopted to identify the instruments of the qualitative part where the participants will present
more detailed and vivid data about their Al-related experience. It can be other customers with
the experience of various challenges of using virtual assistants, customers who have
encountered the importance of Al tools, or workers who have noticed the consequences of the
introduction of Al technologies in the form of workload variations or interaction with

customers.

The structured surveys in the form of forms or cards will be used to gather data according to
the descriptive part of the light board contributing website visitors to fill out scales and
subscales with validated measurement tools like the Customer Satisfaction Score (CSAT), the
Net Promoter Score (NPS), and the System Usability Scale (SUS) (Tran, A.D., Pallant, J.I.
and Johnson, L.W., 2021). More secondary data which will support more numeric evidence
will include response logs and customer service platform efficiency rates. Data collection
methods that will be used to collect the data in the exploratory section are the interviews and
focus groups, which will be conducted either physically or online (Ahmadi, 2023). The
audio-taped transcriptions of these discussions will be taken with the consent of the
participants and finally analysed by thematic analysis to find out the common trends, themes
that arise and the differences under perspectives.

Ethical consideration will be strictly adhered to in this study in order to preserve integrity of
the research process. The participants will be properly informed of the aim and extent of the
research and asked to give an informed consent prior to their participation. Data will all
remain anonymised to preserve the identity of the participants and hard copies of digital
records will be stored in an encrypted device(Basheer,A.., 2024). It will also be compliant

with institutional frameworks and even laws and regulations like the general data protection

59



regulation (GDPR) especially as states their requirements to handle personal and sensitive

information that may be gathered in the digital environment.

The mixed approach used in the research design where the descriptive and exploratory
research designs are combined enables the multi-dimensional overview to be made of the role
being played by service technology innovation in the delivery of service to customers. It does
not only measure the efficiency and satisfaction effects of these technologies but it also goes
deeper to understand the perceptions, expectations and uncomfortable or confusing areas of
these users (Vashishth, T.K., Sharma, V., Sharma, K.K., Kumar, B., Kumar, A. and Panwar,
R, 2024). This two-lens attribute augments the strength and validity of the research so that
one can generate inferences that are not only statistically lucrative but also useful in real life
situations. After all, the suggested methodological choice sets the study in a good position to
benefit both the scholarly landscape related to service innovation, human-computer
interaction, and customer experience management and the practitioner community that can
rely on the study to offer workable suggestions towards efficient utilisation of Al in service

provision.

3.5 Population and Sample

The applicability and effectiveness of any empirical research lies greatly on well-defined
population and a pertinent sample which represents the phenomenon being researched in.
Within the scope of the current study, that investigates the effects of service technology and
service innovation on the results of customer service, it is necessary to distinguish the two
following groups of the target population: business organisations that already implemented
the technologies based on artificial intelligence in the sphere of customer service (including
chatbots, voice and video assistants, etc.), as well as customers who have already encountered
the use of these technologies (Senyapar, 2024). These groups of people will be chosen in our
case as these two are the main figures in the human-technological interface under

examination the service providers through the Al instruments and the user on the other end.

To make industry selection diverse and relevant, the industries in which customer service
tools based on Al have become very popular and have been installed widely are selected.
This investigation has three broad areas of focus, e-commerce, banking and financial
services, and healthcare (Fianto and Dutahatmaja, 2023). The industries are selected out of
many because they experience high customer interactions, they depend heavily on online

platforms, and have invested a lot in Al tools to coordinate their interactions with customers.
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Online retailers and other service aggregators operating in the e-commerce environment are
often owners of Al tools in the form of managing customer requests, tracking orders, product
suggestion, and solving complaints (Auer,S., 2024). The analysis of this industry will offer
learning experience on the importance of automation that can support customer engagement

and their satisfaction in high-volume and fast-moving service arena.

The financial services sector and the banking industry is a more vulnerable and a trust based
industry. Institutions in the space do not only use Al in supporting customers with simple
requests (balance checks, transaction histories), but also in servicing more complex
transactions (loan applications, investment advice, and fraud detection) (Rahman, E.Z., Aziz,
S., Shah, S.B.A. and Asrifan, A., 2024). The insights on how customers view the usability
and satisfaction of Al in a field where such features as accuracy, security, and trust matter a

lot can be used as contributions to practice and theory.

Al is also being adopted in the healthcare sector where they are being implemented in
appointment scheduling, symptom checks, and treatment follow-up recommendation.
Although these functions do not constitute a replacement of clinical care, they also have a
great influence on patient experience and access to care (Singh, 2025). Examining this
industry reveals how difficult and promising the process of Al adoption proves to be in the

environment where empathy and personalised care are highly valued.

These being the sectors of choice, the determination of sample size is the following step. In
the quantitative part, the researcher would seek to obtain answers to the questionnaire of
about 300 customers within the three industries, i.e., 100 in each field. This figure has been
estimated according to generally acceptable ratios on survey-based studies, where, at a 95%
confidence rate, a sample of up to 100 subjects in each group works well in providing
information that will enable the detection of medium effect sizes at a margin of error of
approximately +57 percent (Alagarsamy and Mehrolia, 2023). The involvement of 300
participants can provide effective comparative analysis of the situation according to the

sectors and be not too big in data collection, processing, and analysis.

On the qualitative part, a purposive sample size of 20-30 participants will be chosen. This
will incorporate customers and the employees who will be able to present detailed
information about how they have been experiencing Al-powered customer service tools.
These respondents will be selected based on any of the industries, and they will be picked

carefully to have a balanced representation in terms of gender, age, residents of digital
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literacy, and how they interact with Al every now and then (Dogan and Niyet, 2024). The
justification of restricting qualitative sample is rested on the concept of data saturation, idea
at which point new data on subsequent interviews provide no new information (Leocadio, D.,
Guedes, L., Oliveira, J., Reis, J. and Meldo, N., 2024). It is usually observed, based on
previous research within the user experience and service research streams, that saturation to
the theme will be accomplished usually within 20 to 30 intensive interviews, wherein there is
a healthy variety of distinct experiences among the chosen participants that will need to be

interviewed.

To conclude, the population of the study is based on high-tech, service-intensive industries
serving as rich ground of application of Al to customer service. The entire planned sample of
respondents consists of approximately 300 respondents which will participate in the survey
form of the quantitative phase, and 20-30 interviewees who will take part in the qualitative
phase (Whig, P., Bhatia, A.B. and Yathiraju, N., 2024). This relatively moderate design
guarantees its breadth and depth in the empirical study according to the research goals and
the mixed-methods approach of the study.

3.6 Participant Selection

The process of participant selection is a very important part of research design, especially
when a mixed-methods approach is used and both quantitative generalisability and qualitative
richness are necessary (Chen, T., Gasco-Hernandez, M. and Esteve, M, 2024). Participant
selection in this study involves two dimensions: finding the suitable business organisations
that apply Al tools to providing customer service, and the selection of the suitable individual
that will be involved in the research study both customers and employees can provide the

data needed to give the answers to the research questions.

A purposive approach is reflected in the selection of the businesses to include in this study as
purposive in this case combines the idea of selecting a small sample and the idea of targeted
selection by selecting the companies which have undergone active implementation of
Al-powered technologies in its service sector customer support processes. Business selection
criteria are using chatbots, virtual assistants, Al enhanced customer relationship management
(CRM) systems and interact directly with customers. Moreover, the enterprises had to be
deployed using these technologies within the last six months so that they would have had
enough background information to estimate their significance(Kalla, R., 2023). Al tools are a

relatively new investment, and so businesses that still use them will not have had enough
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experience with customer response or outcomes in their operation, and may not provide much

information.

The other criterion is accessibility and general interest of the business to participate in
research. Organisations need to agree to have the customers and the employees contacted in
order to be involved in surveys or interviews. This should be considered as a factor of
ensuring ethical practices and accountability (Yadav, P., Gupta, P., Rai, P., Naik, N. and
Kasip, K., 2023). Companies that already have customer feedback systems or online
dashboards are especially useful, as they could also provide anonymised data on the services

which could be used to strengthen the quantitative analysis.

The stratified random sampling process will be applied to select the participants in the form
of customers in the guantitative phase. The population will be stratified by the sector of the
industry (e-commerce, banking, healthcare), and in each stratum, customers will be randomly
chosen using lists of customers given by participating companies or online consumer
panels(Das, I.R., Talukder, M.B. and Kumar, S., 2024). The customer participants will be
included based on three inclusion criteria which are: any person who has made at least one
experience with an Al inclined service channel during the last six months, persons older than
18 and who are able and capable to read and provide response to the survey questions in
English (AlZu'bi, S., Mughaid, A., Quiam, F. and Hendawi, S., 2024). The novelty of
interaction is noteworthy since it is crucial that their reactions are as based on present or

immediate experiences and not as a part of vague memories.

Besides industry representation, the selection would also target on achieving demographic
diversity in relation to age, gender and technological skills. The diversity of the types of
participants in terms of comfort and familiarity with the digital interface can enable the study
to evaluate the role of demographic and psychographic features in mediating between the
experience and performance of Al-powered customer service(Agarwal, S., Agarwal, B. and
Gupta, R., 2022). As an example, weaker customers or those of elderly age may have a
different opinion of usability and satisfaction compared to young and technologically

advanced purchasers.

In qualitative phase, | will adopt the use of purposive sampling approach in collegiate
selection procedure of study participants that will be in a position to give elaborate and
contextual information. Here, we will refer to every customer who has had a very good or bad

experience, and those who had been introduced to Al systems when they asked disparate
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questions (e.g., product queries, complaints, booking, accounts) (Peruchini, M., da Silva,
G.M. and Teixeira, J.M., 2024). This variety makes the interviews covered with different kind
of interactions and range of emotional reactions. The chosen customers will be proposed to
take semi-structured interviews during which the participants can expand their ideas of the
reliability of Al, natural language understanding, empathy, trustworthiness, and general

satisfaction.

In the same manner, the employees that control or deal with the Al customer service systems
will be also proposed to be interviewed as well. Employee participants are to be included
through at least six months of work experience in the role within which Al tools become a
part of the workflow related to customer interactions. They include frontline customers
service and care, Al implementation managers, IT support team, and business analysts
(Kenchakkanavar, 2023). These interviewees are supposed to offer information on the
impacts of Al tools on workflow efficiency, team behavior and the trend of customer

feedbacks as viewed by the service provider.

The extrapolation of the customers (as well as employees in the fields unclosely related to the
customary use of Q-Tools) to various industries and areas of application, alongside their
different roles and positions, provides the authors with the multi-voiced nature of the study,
which helps to ameliorate the meaning of the numerical and qualitative results (Ridho, 2023).
Such stratified selection strategy is also reflective of ethical considerations of inclusiveness

and relevance as this will make the research stronger and deepen its credibility.

Concerning practical measures, the participants will be reached out to via emails, online
forums, or direct contacting through partnering organisations. They will be provided with the
information sheet on the purpose of the study, the rights as the participants, and due
confidentiality of the data (Khneyzer, C., Boustany, Z. and Dagher, J., 2024). Before data are
collected, it will be a requirement to provide an informed consent. The engagement will be

done without any compulsion, and can be revoked any time.

To sum up, participant selection process will be designed in a purposeful way to reflect the
aims of the research and specificity of the mixed-method framework. Through the targeting
of customers and employees in the industries where Al tools have been actively implemented,
and by relying on methodological and demographic diversity of the sampling, the study will
be able to produce the findings that not only will be statistically sound but demonstrate

situational resonance (Singh, 2024). This will preserve the complete experience and impacts
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caused as a result of implementation of service technologies in the investigation and therefore

provide effective information to academic research as well as practical usage.

3.7 Instrumentation

The effectiveness of an empirical study especially when designed in the mixed-methods
format relies heavily on the consistency of developed instruments, which has the capacity to
consistently measure data associated with the research inquiry and the hypothesis(Margaret,
D.S., Elangovan, N., Balaji, V. and Sriram, M., 2023). Surveys and semi-structured
interviews are chosen as the major source of data collection in this study because they can
provide not only quantitative data with a general character but also qualitative descriptions

and stories.

As the central tool to collect the quantitative data regarding the customers that have used
customer service tools powered by Al in any of the chosen fields, e-commerce, banking, and
healthcare, surveys will take place. A formal questionnaire will be prepared that will contain
both close-ended and scaled-response questions, with most of the question based on proved
instruments (Panda and Chakravarty, 2022). Satisfaction will be measured by means of the
Customer Satisfaction Score (CSAT), on a Likert-style scale (e.g., 1 = Very dissatisfied to 5 =
Very satisfied). The Net Promoter Score (NPS) will be used to determine how likely the
customers will be to recommend the Al-enabled service to others. A standardised 10-item
questionnaire was originally developed as System Usability Scale (SUS), which will be used
to help judge the usability of Al systems with regards to ease and effectiveness of interaction

as done by the users.

These surveys shall be conducted on the internet through services like Google forms or
Qualtrics (Chen, 1.J. and Popovich, K.., 2003). There are twofold reasons explaining this
form of administration: it is easy to spread and available to the respondents as well as the

process of organising data automatically makes it available to statistical processing.

In addition to the survey data, semi-structured interview will be administered on a purposive
sample of customers and employees. These interviews seek to discuss such not-quantifiable
user perceptions, emotional responses, expectations, and concerns that are essential in ways
that are not quantifiable and whose implications should be considered in the general use of Al
in the context of service provision(Ruiz, M.J.S., Calderén, C.E.J., Venecia, A.R.O.,
Santodomingo, A.A. and Forero, M.P., 2025). Interview questions will be prepared on the

basis of literatures and preliminary survey questions themes, which will include topics in
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confidence, perceived empathy, responsiveness of system and capability of answering
difficult queries (Pillai, R., Ghanghorkar, Y., Sivathanu, B., Algharabat, R. and Rana, N.P..,
2024). The ability to vary questioning provides the interviewer either to journey in greater
depth when he/she encounters an interesting or fascinating answer or, when he/she discovers
something unexpected and to ensure there is a consistency around central thematic concerns

being addressed.

Individual interviews will take between 30 to 45 minutes and will be audio-taped and
transcribed in the least (where participants will be encouraged to agree to participate in audio
recording of the interviews) (Raghav, Y.Y., Tipu, R.K., Bhakhar, R., Gupta, T. and Sharma, K
., 2024). The surveys and the interviews taken together are complementary- they tell what is

going on whereas shedding light into why/how such phenomena are taking place.

3.8 Data Collection Procedures

The other research study shall be guided by a systematic procedure of data collection, which
will offer a standard scientific and ethical gathering of desirable primary data in this study. It
starts with the institution review board (IRB) approval, where the study is carried out in a
cyber ethical manner and according to the academic research procedures, especially those

related to the informed consent, confidentiality, and data safety.

After securing the ethical clearance, the researcher will make the first contact with the
participating organisations in the e-commerce, banking and the healthcare industries. Such
businesses should already be using the Al-driven customer service solutions, e.g., chatbots or
virtual assistants (De Andrade and Tumelero, 2022). The preliminary contact will be by the
sending of official invitations and the information sheets and consent forms to both

organisational representatives and potential participants.

In the case of the survey phase, the companies will help in the dissemination of the online
survey to the customers who have used their artificial intelligence platforms within the last
six months. The time frame makes sure that the experiences made by customers are fresh and
the recall bias is reduced (Manduva, 2022). The respondents will respond to the survey
anonymously and a short preface will direct them about the purpose of the study and will

guarantee their confidential participation and assure them of its voluntary character.

The survey shall stay open within a time span of three weeks during which the participants
shall receive periodic reminders aimed at enhancing responses(Babatunde, 2024). At the
same time during the survey, there will be a question in the survey asking interested parties to
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play and volunteer to participate in the qualitative interview since the questions are going to
be anonymous but beyond the main survey, it will be avenued separately where one can give

their contact information without linkage with the main survey information.

It will be followed by the interview stage targeted at participants that positively answer the
given criteria, as set in Section 3.6 (e.g., familiarity with Al, diversity in the demographics
and types of interactions taking place). The researcher will arrange the interviews at the easy
time of the discussion participants, and hopefully, through video conferencing technologies,
like Zoom or Microsoft Teams (Aslam, 2023). This online scheme is more flexible, has more
outreach, and causes few disturbances on a routine life of participants. Consent will be taken

to record the interview and the transcribed and anonymised interview will be analysed.

During data collection, extreme observance of data security provisions shall be applied. The
results of the survey will be saved on an encrypted cloud database which the researcher will
have access to (Shad and Potter, 2024). The interview tapes and transcripts will be kept in
password-protected computers and pseudonymous to ensure the identity of the participants is

not revealed.

Such a multi-stage, ethically sound, authorised digital-enabled data collection design will
provide the study with an opportunity to tap into the rich and genuine information of a

diverse sample of people and assure integrity and the observance of the standards of research.

3.9 Data Analysis
The data received will be analyzed in two parallel flows, qualitative and quantitative, each in
line with both the instrument and methodological aspect. The synthesis of the results will take

place in the fifth stage of interpretation that will provide extensive judgments.

Available statistical package software: Statistical Package for the Social Sciences (SPSS), v.
27, will be used to analyse the quantitative data that will be collected using the online surveys
(Buhalis and Moldavska, 2022). Data shall be cleaned before analysis, namely invalid or
incomplete answers should be eliminated. The scores of customer satisfaction, usability and
efficiency will be summarised by way of descriptive statistical scores (means, standard

deviations, etc., and frequency distribution).

The study will test the hypotheses of the study using inferential statistical tests. The analysis
of correlations will examine the nature of relationships between such major variables as Al

usability and customer satisfaction. It will include multiple regression analysis to study the
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relationship between customer satisfaction and NPS scores and the following independent
variables: efficiency, demographic factors, and perceived responsiveness, among others
(Kyrylenko, 2024). When reasonably necessary, ANOVA tests will be utilized to compare
means of various industries (e.g., e-commerce as compared to healthcare), or demographic
groups (e.g., different age groups or frequency of Al usage). The criterion of significance will

be made at p < 0.05.

Under the qualitative stream, thematic analysis will be performed on the transcripts of
interviews as they seem to be popular in social science studies with regard to the ability to
detect trends in data and provide the patterns in the data, thus describing, analysing, and
reporting patterns in the data (Inavolu, 2024). The researcher will first initiate an initial
coding phase whereby meaningful sections of text shall be labeled with codes. The codes will
subsequently be fused in larger themes with the same differences or similarities passing in the

participant experiences.

Quantitative and qualitative findings will be incorporated into one another in the form of
triangulation since those that are overlapping in their suggestions will reinforce and the
differing findings will allow drawing more information to be interpreted(Krishnan, C., Gupta,
A., Gupta, A. and Singh, G., 2022). Such a blending approach will make the study provide

statistical as well as emotionally deep results.

3.10 Research Design Limitations
Though the proposed mixed-methods research design has numerous advantages, there are
numerous limitations that should be considered to place the findings into perspective and

practice academic integrity.

Among the possible limitations it is possible to note the possibility of response bias in
surveys and interviews. Those customers willing to respond to such studies might be holding
rather extreme positive or negative view of the Al that might bias the results(Wahbi, A.,
Khaddouj, K. and Lahlimi, N., 2023). To counter this, recruitment messages would be
highlighted on the impartiality of the research and the worth of every opinion.

Notwithstanding, the study has a rigid enough design and painstakingly structured in such a
way that it can provide credible and useful information, especially when viewed on the
methods within the limits of the study design.
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3.11 Conclusion

In this chapter, a detailed account of the research methodology that was used in the study has
been outlined in an effort to learn how service technology and innovation (chatbots, virtual
assistants, and Al) affect customer service performance(Liu and Duffy, 2023). The research
takes the hybrid- methods design, which employs the combination of the quantitative and

qualitative approach to ensure the breadth and depth of the research.

The main data collection tools will be surveys and semi-structured interviews, as customers
and the employees of three strategically selected industries e-commerce, banking, and
healthcare, will be the target sample (Wang, X., Lin, X. and Shao, B., 2022). An organized
data collection system, which includes ethical approval, electronic management and
confidentiality agreements, guarantees the authenticity and trustworthiness of empirical data

collected.

Quantitative data will be developed statistically reliable with SPSS, whereas thematic
analysis will be also applied in terms of qualitative data having a layered look on efficiency,
satisfaction and usability (Park, S. and Kim, E., 2024). The research also notes that some
limitations surrounds sample bias, the limitations of generalisability and bias in the response

of the respondents which is handled by exercising a good design and interpretation care.

Overall, the methodological plan described in this chapter assists in carrying out the ultimate
purpose of the study, i.e., to provide a detailed and evidence-based analysis of the impact of
Al service technologies on customer experiences(Cao, L., Sarkar, S., Ramesh, B., Mohan, K.
and Park, E.H., 2024). The presentation of quantitative and qualitative data in user stories,
allows the research to contribute not only to academic literature, but also practical tips to be
considered by a business wishing to implement or enhance the use of Al in customer services

operations.
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Chapter IV: RESULTS

The chapter introduces the outcomes of the quantitative research carried out to discuss the
role of Artificial Intelligence (Al) technologies, in particular chatbots and virtual assistants
and Al-based service tools, in customer service experience. The descriptive statistics (mean
and standard deviation) were applied to determine central tendencies, Cronbach's Alpha to
measure internal consistency of constructs and ordinal logistic regression to test predictive
relationships between Al tool usage and service outcomes. The findings are discussed using

themes as given below in relation to the research objectives.

4.1 Impact of Chatbots on Customer Service

In this section, the results of the quantitative analysis aimed at evaluating the effects of
chatbots on customer service and especially the response time, resolution rates, and user
satisfaction will be presented. The data applicable to this analysis has been gathered with 100
respondents in three industries such as banking and finance, e-commerce, and healthcare. The
research was done to design a five-point Likert scale (1 = Strongly Disagree to 5 = Strongly
Agree) that represented the views by the customers concerning the efficiency and satisfaction

outcomes of the chatbots.

4.1.1 Demographic Profile of Respondents

The age of respondents gives a background on which to interpret the findings (table 1). The
demographic analysis gives a summary of the sample characteristics that establishes the
setting of the interpretation of the findings. Of the 100 respondents the 41-50 years was the
most represented of the ages with 32 representatives (32%), then 31-40 years with 31
representatives (31%), and over 51 with 23 representatives (23%). The group that had the
fewest percentage was the 1830 years group with 14 (14%). This is in a way to show that
most of the participants fall in the age range of the middle-age working population, which is
more apt to encounter increased digital activities and exposure to Al-driven service tools. By
industry representation, the most represented were healthcare (43 respondents or 43%),

banking and finance (32%) and e-commerce (25%). This indicates that chatbots powered by
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Al are very ingrained within healthcare service systems, and in most cases, the user has been
dependent on rapid automated answers to questions and appointments. In terms of gender, the
population was slightly male dominated with 59 respondents (59%) male and 41 respondents
(41%) being female. On the whole, the demographic sample is a balanced representation in
terms of industries and age groups, which guarantees an equal selection of views on the

effectiveness of chatbots.

Table 1: Demographic Profile of Respondents

Demographic Variable | Category Frequency | Percentage (%)
Age Group 18-30 years 14 14.0
31-40 years 31 31.0
41-50 years 32 32.0
More than 51 years | 23 23.0
Gender Male 59 59.0
Female 41 41.0
Industry Banking and Finance | 32 32.0
E-Commerce 25 25.0
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Healthcare

43

43.0

Total Respondents

100

100.0

4.1.2 Chatbot Experience

The table 2 includes the following descriptive statistics that summarize the customer

responses to the question about their experience using chatbots.

Table 2: Chatbot Experience

Statement N [Mi | Ma | Mea | Std.
n X n Deviation

The chatbot was able to answer my queries 10 |1 5 3.61 |[1.370
effectively. 0
| found the chatbot easy to use and navigate. 10 |1 5 3.62 | 1.347

0
The chatbot provided timely responses to my 10 |1 5 3.72 | 1.164
concerns. 0
| prefer using chatbots over waiting for a human (10 |1 5 3.57 |1.328
representative. 0
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My interaction with the chatbot felt natural and 10 |1 5 3.47 | 1.096

smooth. 0

The descriptive analysis of items related to chatbots illustrates the perceptions of the users in
the context of ease of use, the timeliness of the responses, and the quality of interactions. The
attitudes towards chatbots were mostly positive, and the mean scores were between 3.47 and
3.72. The statement with the largest mean score (3.72) was the statement that the chatbot
gave prompt answers to my concerns, showing that the participants have a strong awareness
of the capabilities of chatbots to provide timely answers and promote a shorter waiting time.
On the same note, respondents had no problems with chatbots in their ease of use and
navigation (Mean = 3.62), and their ability to provide answers to queries (Mean = 3.61).
Nevertheless, the mean score (3.47) was lowest in the case of My interaction with the chatbot
felt natural and smooth, which implies that whereas chatbots have good functional
capabilities, they do not satisfy the requirements of human-like conversations and emotional
intelligence. Altogether, the results show that users believe that chatbots are effective,
available, and able to deliver the necessary support in time, yet the naturalness of interaction

and the ability to comprehend the context remains to be improved.

4.1.3 Impact on Response Time and Efficiency

As it is evident based on the analysis, chatbots positively and quantitatively impact the
efficiency of the responses and the rates of service resolution. The answers of the respondents
in general indicated that chatbots speed up the customer service interactions, and the
indicators of Customer Service Efficiency construct revealed high mean scores. In particular,
participants confirmed that “The technology applied sped up the customer service process
(Mean = 4.09), | had a few delays during the use of tech based customer service (Mean =
4.16) and my issue was solved more efficiently (Mean = 4.18) with the help of technology.
These findings validate that, the implementation of chatbot systems will dramatically
decrease response time, enable real-time resolution and improve speed and effectiveness of
service provision. The results are strongly correlated with the Research Question 1 (RQ1) and
underline that chatbots are effective to achieve the optimal operation performance in order to

reduce delays and maximize response mechanisms.
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Also, indicators associated with Customer Service Efficiency (Part E) demonstrate the same

trends:

Table 3: Response Time and Efficiency

Statement Mean
The technology used made the customer service process faster. 4.09
| experienced minimal delays when using tech-based service. 4.16

My issue was resolved more efficiently with the help of technology. | 4.18

4.1.4 Impact on User Satisfaction

The dimension of satisfaction is evaluated with the help of responses under Customer
Satisfaction (Part F):

Table 4. User Satisfaction

Statement Mean

| feel good about the outcome of my tech-based customer service interaction. | 4.03

I would rate my experience as positive when using service technology. 3.96
The use of digital tools made my experience more satisfying. 4.00
My expectations were met by the technology-enabled customer service. 411
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| am satisfied with the support I received through service technology. 4,01

Regarding the level of overall user satisfaction, the results indicate that there is a consistent
high degree of satisfaction among the respondents who had chatbot-aided services. All
associated items show a mean score of above 3.9, which is a positive perception of digital
service technologies. The respondents said that they feel good about the outcome (Mean =
4.03) and they would rate their experience as positive (Mean = 3.96). Moreover, they stated
that they were more satisfied with the experience using digital tools (Mean = 4.00), and had
expectations met (Mean = 4.11). All these findings suggest the role of chatbots in pursuing
positive service experiences, customer expectations, and trust and satisfaction development.
The satisfaction levels are also high, which means that under the right conditions, chatbots
can compete with more traditional human service interactions and provide consistent and

reliable support.

4.1.5 Communication and Interaction Experience

In spite of the efficiency of chatbots, there are still some constraints on the clarity of

communication.

Table 5: Communication and Interaction Experience

Statement Mean

I could communicate my issue easily through technology. 4.28

The technology communicated clearly and effectively with me. | 2.88

My concerns were understood correctly by the system. 2.90

Even though the respondents have expressed that chatbots were readily accessible and easy to
communicate with, the analysis has identified some limitations in the quality of

communication and interpretation accuracy. The statement with the highest mean score (4.28)
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was the one that stated that | could easily communicate my issue using technology, indicating
that users did not have any problems with expressing their concerns. But lower mean scores
were noted to be experienced in the following: The technology communicated clearly and
effectively with me (Mean = 2.88) and My concerns were understood correctly by the system
(Mean = 2.90). This difference implies that although chatbots are effective to allow the user
to feed his or her problems, they do not necessarily read and react correctly. Thus, though
chatbots increase the level of accessibility and efficiency, conversational understanding and
contextual comprehension is still lacking, which implies the necessity of further innovations

in natural language processing (NLP).

The internal consistency of the measurement scale is verified by the reliability analysis. The
Cronbach's alpha of the chatbot construct was 0.846, which is highly acceptable, meaning
that the items employed in evaluating the chatbot performance and user experience are

statistically sound and always measure the desired dimensions.

4.2 Role of Virtual Assistants in Service Innovation

The part provides the findings and the discussion concerning the importance of virtual
assistants in the context of service innovation, specifically, their functionality in the context
of supporting customer-facing processes. The questionnaire was used to get data about 100
respondents who represented various industries such as e-commerce, banking, and health
care. The respondents were asked about their experiences based on 5-point Likert scales, and
the results were summarized on the basis of Part C of the survey instrument that deals with
Virtual Assistant Experience. It focuses on the role of virtual assistants in the innovation of
customer service, such as Siri on Apple, Alexa on Amazon, and Google Assistant, which are
platforms that provide customers with real-time feedback, automation, and personalization.

4.2.1 Virtual Assistant Experience

The descriptive statistics of five important statements about the experiences and perceptions

of users about virtual assistants is shown in the following table:

Table 6: Virtual Assistant Experience
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Statement N Minimum | Maximum | Mean | Std.
Deviation

Virtual assistants help me find solutions | 100 1 5 3.46 1.141

to service-related issues.

My experience with virtual assistants has | 100 1 5 3.64 1.267

been helpful and productive.

I find it convenient to use virtual | 100 1 5 3.52 1.243

assistants for customer support.

Virtual assistants understand my queries | 100 1 5 3.84 1.212

accurately.

| trust virtual assistants to handle basic | 100 1 5 3.82 1.344

customer service tasks.

The average scores on virtual assistant experience had the range of 3.46 to 3.84 with a
moderate positive view of respondents. The most average score (3.84) of the statement
Virtual assistants comprehend my queries correctly shows that users are aware of the high
level of accuracy and responsiveness of such tools to solve their queries. The second most
prevalent score (3.82) indicates that the virtual assistants are trusted to perform simple
service-related operations, and the respondents have a sense of user-confidence in their
capacity to perform simple automation successfully. Nevertheless, the mean score is the
lowest (3.46), which indicates that virtual assistants are useful, but users feel they are
restricted in their productivity in general and with complex or specialized queries. In general,
the results suggest that virtual assistants are effective when it comes to routine support
services but may not be able to provide detailed or even highly personalized solutions, which

reflects their growth in terms of customer service.
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4.2.2 Reliability Analysis

Table 7: Reliability Statistics (Part C — Virtual Assistants)

Cronbach’s Alpha | N of Items

0.855 5

The Alpha of 0.855 is a strong indication of high internal consistency among the five items
and gives credence to a high degree of reliability of the measurement scale to the virtual

assistant experiences.

These results present some crucial insights about the experience of users of virtual assistants.
The respondents were emphatic that voice-activated assistants like Alexa and Google
Assistant are good at interpreting voice commands and queries to achieve the right task. This
is an indication of the increasingly advanced natural language processing (NLP) and the
enhanced situational consciousness of such Al tools. A mean score of 3.52 showed that users
also considered virtual assistants to be very convenient, especially with their 24/7
accessibility, which enables them to have self-service without involving human agents. Even
though the rating of perceived helpfulness was relatively good (mean = 3.46), the answers
suggest that more can be done to improve the situation, particularly in making proactive
recommendations, showing empathy, and handling complicated service requests. Moreover,
the virtual assistants will present new voice-enabled, context-sensitive interaction models,
which are significantly different to traditional web chat or email-based services, increasing

service innovation and providing a more user-focused experience.

4.2.3 Case Examples of Virtual Assistants in Customer Support

o Case 1: Apple Siri - Smooth Mobile Support Siri is an app that helps users manage
their accounts, book appointments and get product details by speaking. Built in
support ecosystem With Apple, real-time troubleshooting and customized
notifications, make services more accessible to the target audience of users with iOs.

o Case 2: Amazon Alexa- Smart Home and E-Commerce Support: Alexa transformed

the customer service by allowing customers to order, enquire about their bills and
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frequently asked questions through voice. Alexa is also used in the ecosystem of

Amazon to connect customers with support representatives when necessary, and it can

be considered a hybrid Al-human service model.

o Case 3: Google Assistant, Omnichannel Customer Support: Google Assistant supports

the innovation of services through cross-platform integration (Android, smart devices

and web). It provides recommendations that are contextual, booking services and

troubleshooting. It is integrated by businesses into Google Business Messaging where

they are able to provide real-time responses to customers.

These are service innovations that were made via automation, accessibility on multiple

platforms, and personalization based on data, which aligns with the survey results of accuracy

and trust.

4.3 Al-Driven Customer Service Enhancements

The following section contains the results on the improvements in customer service as a

result of Al deployment, including the areas of predictive analytics, sentiment analysis, and

personalization results, in terms of customer feedback. The data is analyzed on the basis of

quantitative data gathered on 100 respondents working in industries, with the help of 5-point

Likert scale (1 = Strongly Disagree, 5 = Strongly Agree). The descriptive statistics were used

to analyze the responses to assess how customers perceived Al-based tools to enhance service

delivery, personalization, and efficiency.

4.3.1 Descriptive Statistics of Al-Driven Tools

The table 8 below shows the descriptive statistics of the items in the Al Tools construct.

Table 8: Descriptive Statistics of Al Tools

Statements N Mi | Max | Mean | Std.
n Deviation
Al-based tools help personalize my customer service | 100 1 5 4.32 | 0.942

experience.
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| receive accurate information when Al tools are | 100 1 5 419 1.070

used in customer service.

| feel that Al tools speed up the service process. 100 1 5 357 | 1.094

| am comfortable with companies using Al tools for | 100 2 5 402 |0.829

customer service.

| believe Al tools improve the quality of support | 100 1 5 391 | 0.965

receive.

The results suggest that there are very high positive attitudes towards Al-based tools of

customer service:

o The largest mean (4.32) is associated with the statement of personalizing my customer
service experience with the help of Al-based tools, which means that the major
advantages of Al-based systems are predictive analytics and personalization.
Respondents stated that Al tools learn their preferences and previous behavior and
offer them more personalized assistance.

o The mean of 4.19 (the second-highest) is reached in the category where the individual
is receiving accurate information when using Al tools, which possibly indicates that
the sentiment analysis and contextual understanding of Al contribute to accuracy and
reliability of responses.

o The perceived improvement of the service quality (4.02) and the level of comfort with
Al tools (3.91) reflects overall acceptance and a positive assessment of Al in customer
service operations.

o Nevertheless, the average of the speed improvement is relatively smaller (3.57),
which means that although Al tools are attributed to personalization and accuracy,
users do not necessarily see them as the quickest option, which may be attributed to
sometimes delayed processing of automated queries or lack of context awareness of

more advanced queries.
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Respondents are in agreement that Al tools can be used to improve the user customer
experience with smart personalization, predictive assistance, and accurate information

provision, but the speed needs to be improved.

4.3.2 Predictive Analytics Results

Predictive analytics are an important part of Al that helps to anticipate customer needs and
deploy solutions in advance. Responses of the participants suggest that they are in strong
agreement of the advantages of predictive capabilities as the average score of personalization
(M = 4.32) is high as well as that of accuracy (M = 4.19). These results indicate that Al can
be successfully used to predict user intent and provide proactive and timely support.
Furthermore, Al can provide appropriate suggestions based on previous interactions and user
history interests, so that the support can be offered in a way that is personalized to the needs.
Predictive analytics also reduce the number of times customers are required to give the same
information by identifying behavioral patterns and thereby making the entire service process
easier. All these results prove that predictive analytics can contribute substantially to the
quality of provided services and customer satisfaction because of the anticipatory and

personalized way of service delivery.

4.3.3 Results of Sentiment Analysis

Sentiment analysis was not directly assessed in the study, but indirect measures like high
mean score of accuracy (M = 4.19) and comfort with Al (M = 4.02) lead to the conclusion
that Al tools can identify tone and emotion in the receive message and modify their response
to match the user sentiment. These features suggest that Al systems could support the feeling
of empathy and recognition due to the creation of intelligent and context-sensitive responses.
The high scores of accuracy and comfort suggest that the respondents were having an
effective sentiment-based customization when interacting with the Al, as Al is becoming
more and more capable of providing emotionally sensitive and responsive customer

experience through its interactions.

4.3.4 Personalization Outcomes

In this study, personalization turned out to be the most notable result of Al tools, with the
mean score of 4.32. It means that Al tools can be very useful to deliver personalized
experiences that meet personal user preferences and needs. When interactions were

customized, respondents stated that they experienced greater satisfaction, and that
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personalized interaction is important in improving the overall service experience.
Additionally, personalization was also discovered to increase more loyalty and confidence in
Al-based services since people tend to appreciate and embrace technologies that consider
their peculiar needs and requirements. These results indicate that one of the major driving
forces of Al acceptance in customer service is personalization. Altogether, Al-based
technology can be seen as an excellent way to improve the work of customer service with
predictive customization and the precise creation of responses. In spite of the average ratings
of speed efficiency, the findings reveal high satisfaction and acceptance rates, which proves
that the implementation of predictive analytics and sentiment-driven responses results in a

more personal, engaging and user-driven customer experience.

4.4 Summary of Findings

This section summarizes the results of the three central constructs Chatbots, Virtual
Assistants, and Al-Driven Tools to have a comprehensive picture of the effects of Al-enabled
service technologies on customer service experience. It is analyzed with the data of 100
respondents working in the banking and finance (32%), e-commerce (25) and medical (43)
industries. The research used descriptive statistics (mean, standard deviation), reliability
(Cronbach's Alpha), and ordinal logistic regression to demonstrate the association between
Al tool use and the outcome of service provision such as efficiency, satisfaction, usability,

and personalization.

4.4.1 Major Stresses between Constructs

o Chatbots -Efficiency and Satisfaction Motivators

o Timeliness was the best-performing attribute (Mean = 3.72), which again
confirmed the capabilities of chatbots to speed up the response time and
minimize the waiting time.

o On easiness of navigation (Mean = 3.62) and query efficiency (Mean = 3.61),
chatbots demonstrate a high degree of reliability in the basic service delivery
and query solving.

o Nonetheless, naturalness of interaction was rated lower (Mean = 3.47), which
means that the individual lacks emotional intelligence and contextual

conversation.
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In general, chatbots are seen as effective and practical, with high response rates, and the need

to work on conversational empathy.

o Virtual Assistants — Accuracy and Trust Enablers

0

Virtual assistants were of high reliability in automating regular service
functions with high scores in understanding queries correctly (Mean = 3.84)
and in trust in being able to perform basic tasks (Mean = 3.82).

Lower rates were helpfulness/productivity (Mean = 3.46), which shows
possible weaknesses in solving complex problems or recommendations
specific to individual needs.

The importance of 24/7 availability and hands-free convenience were
recognized by the respondents as the leading innovations, which confirms the
service innovation role of voice-based Al systems such as Siri, Alexa, and

Google Assistant.

o Artificial Intelligence-based Solutions Personalization and Predictive Analytics

0

The greatest overall mean (4.32) was the Al-based personalization, and then
the accuracy of the information (4.19).

Other areas that the respondents felt comfortable using Al-enabled services
(Mean = 4.02) as well as trusting the quality of the services (Mean = 3.91).
Nevertheless, the perceived speed of Al processes (Mean = 3.57) was
moderate, which indicates that Al is not only able to increase the quality of
decisions and their tailoring; real-time reactivity can always be enhanced.

The latter results highlight that predictive analytics and personalization are the

most appreciated Al contributions, which lead to satisfaction and loyalty.

o Efficiency and Satisfaction of the Customer Service

0

In all the constructs, service efficiency measures like My issue was resolved
more efficiently with technology (Mean = 4.18) and Minimal delays
experienced (Mean = 4.16) affirm the efficiency of Al in the service
turnaround.

The measures of satisfaction were always high (more than 3.9), which proved
the overall acceptance of the users and their positive experience.

The customers showed a high level of agreement that their expectations were
fulfilled (Mean = 4.11) and that digital tools positively affected their
satisfaction (Mean = 4.00).
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o Interaction Quality
o Although there is a high score in ease of communication (Mean = 4.28), the
systems understanding (Mean = 2.90) and clarity of communication (Mean =
2.88) are lower, which demonstrates that there are still gaps in Al interpretive
accuracy, and more significant improvements in Natural Language Processing
(NLP) need to be done.

4.4.2 Statistical Reliability

Internal consistency of all constructs was high, which determines strong measurement

validity:

Table 9: Statistical Reliability

Construct Cronbach’s Alpha | Reliability Level
Chatbots (Part B) 0.846 Acceptable
Virtual Assistants (Part C) 0.855 Acceptable

Al Tools (Part D) 0.849 Acceptable
Service Efficiency (Part E) 0.902 Excellent
Customer Satisfaction (Part F) | 0.889 High

These findings confirm that all the scales that were incorporated into the questionnaire were
able to measure their intended scale with a high degree of consistency.

4.4.3 Statistic correlations and predictive relationships

o Positive Correlation between Al Tool Usage and Efficiency: Ordinal logistic

regression revealed the significant positive relationship between Al tool utilization
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and the enhancement of response time, response rate and efficiency result (p < 0.05).
With the rise in the use of Al, measurement of service efficiency also rises.

Good Relationship of Personalization and Satisfaction: The construct of Al-based
tools to make my experience personalized (Mean = 4.32) was closely correlated (r >
0.7) with the overall satisfaction and the ability to meet my expectations, which
proves that customized experiences make customers satisfied.

Moderate Relation between Al Usability and Trust: Ease of use
and comfort with Al tools had moderate relation with trust
and acceptance (r = 0.6), which indicated that user friendly
design made a significant impact on adoption intent.

Reduced Correlation between Speed Perception and Satisfaction: Speeds have a less
strong correlation with overall satisfaction (r 0.4), despite the fact that Al provides
better efficiency objectively.

4.4.4 Cross-Construct Insights

The Uniqueness of Efficiency as a Benefit: All three technologies, chatbots, virtual assistants,

and Al tools, have regular effects of improving the response time and simplifying the process

of issue resolution.

Personality as a Differentiator: Al-based systems are more effective at
personalization, prediction, and data-driven experiences compared to other tools, and
a driving of strategic value.

Trust and Accuracy as Adoption Catalysts: The level of trust and perceived accuracy
of Al and digital interaction comfort of users are important factors influencing the
level of acceptance.

Limitations in Conversation: In spite of the functional success, the contextual
comprehension and natural conversation can be regarded as crucial factors to be

improved in the future.

The results validate that Al technologies can provide improved customer service in terms of

improved response time, effective resolutions, and delivering personalized experiences.

Chatbots work well to curb waiting time and maximize satisfaction.

Virtual Assistants help to enhance service innovation and convenience to the user.
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o Personalization and accuracy are the greatest values provided by Al tools.

But interaction, naturalness and clarity are still areas of improvement. The statistical models
prove that Al use is predictive of service efficiency and convenience but complete customer

acceptance requires improved human-like interaction.

The results confirm that Al-based service technologies, especially Al-powered
personalization tools, affect customer service efficiency, satisfaction and trust in a substantial

and positive way.

Chatbots and virtual assistants are more responsive and useful in terms of self-service
experiences, whereas Al analytics tools take the lead in providing personalized service

experiences that are precise and predictive in nature.

The further development of the natural language and emotional intelligence will be one of the
keys to overcoming the existing limitations and reaching the total optimization of the

customer experience.

4.5 Conclusion

The effects of Artificial Intelligence (Al) technologies on customer care, such as chatbots,
virtual assistants, and Al-based tools, were analyzed in this chapter, based on the responses of
100 respondents in the banking, e-commerce, and healthcare sectors. The results indicate that
Al-based service tools are quite effective in terms of efficiency, accuracy, personalization and
customer satisfaction, but there are still certain limitations in the clarity of communications

and understanding the context.

The findings indicate that chatbots can be useful to enhance the response time and efficiency
of resolution and the high mean scores represent faster processes (4.09), minimal delays
(4.16) and effective issue resolution (4.18). They were considered easy to use (3.62), timely
(3.72), and communication was rated lower (2.88) so that, even though chatbots are faster and
more satisfying, they do not offer natural interaction and emotional intelligence. The score of

reliability (Cronbach's Alpha = 0.846) also proves consistency in measurement.

Virtual assistants also fared well especially in query understanding (3.84) and in performing
simple tasks (3.82). They were convenient (3.52) and helpful (3.64) to the respondents, but
moderately productive (3.46). Their dependability (alpha = 0.855) and case studies (Siri,
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Alexa, Google Assistant) shows that they can assist in automatizing standard procedures and

provide 24/7 assistance, which helps to innovate the service.

Personalization was the most effective result in the case of Al-driven tools (4.32), then
accuracy (4.19), and comfort with Al (4.02). These tools made the customer experience more
personalized, with customized response and predictive analytics, but the perception of speed
was average (3.57). All in all, Al systems were considered as quality-enhancing, satisfying,

and reliable.

Overall, Al technologies will provide quantifiable improvements in the efficiency, accuracy,
and personalization of the services, which will result in greater user satisfaction and
acceptance. But there is a need to improve contextual understanding, clarity of response and
speed perception. All the results together confirm the transformative potential of Al in the
development of customer-centric, efficient, and personal customer service experiences and

place these tools as the core of the current service excellence.
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My experience with
virtual assistants has
been helpful and
productive.

| find it convenient to
use virtual assistants
for customer
support.

Virtual assistants
understand my
queries accurately.

| trust virtual
assistants to handle
basic customer
service tasks.
Al-based tools help
personalize my
customer service
experience.

| receive accurate
information when Al
tools are used in
customer service.

| feel that Al tools
speed up the service
process.

I am comfortable
with companies
using Al tools for
customer service.

| believe Al tools
improve the quality
of support | receive.
The technology used
made the customer
service process
faster.

| experienced
minimal delays when
using tech-based
customer service.
My issue was
resolved more
efficiently with the
help of technology.

| find that
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s reduce my waiting
time.

The service
technology made the
overall support
process seamless.

| feel good about the
outcome of my
tech-based customer
service interaction.
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| would rate my
experience as
positive when using
service technology.
The use of digital
tools made my
experience more
satisfying.

My expectations
were met by the
technology-enabled
customer service.

| am satisfied with
the support |
received through
service technology.

| did not face any
difficulty while
interacting with the
chatbot/assistant/Al
tool.

| could communicate
my issue easily
through technology.
The technology
communicated
clearly and
effectively with me.
My concerns were
understood correctly
by the system.

| felt engaged during
my interaction with
the technology.

It was easy to
access the
technology when |
needed help.

I could use the
service technology
without needing
assistance.

| found the process
simple and
user-friendly.

| did not have to
spend extra effort to
get support using the
technology.

The technology was
available when |
needed customer
support.

I would recommend
others to use
tech-based customer
service solutions.
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| believe this
technology is a good
alternative to human
agents.

| accept the use of Al
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customer service.

| am comfortable
relying on virtual
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service again.
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Chatbot Experience (Part B)

Mean scores: 3.47 — 3.72
Highest: Timely responses (3.72)
Lowest: Interaction felt natural (3.47)

Customers find chatbots useful and fast, but less natural in interaction.

Virtual Assistant Experience (Part C)

Mean scores: 3.46 — 3.84

Highest: Understands queries (3.84), Trust for basic tasks (3.82)

Lowest: Helpfulness/productivity (3.46)

Customers view virtual assistants as accurate and trustworthy, but not always highly

productive.

Al Tools (Part D)

Mean scores: 3.57 — 4.32

Highest: Personalization (4.32), Accurate information (4.19)

Lowest: Speeds up process (3.57)

Al tools are strongly associated with personalization and accuracy, but not always

seen as the fastest.

Customer Service Efficiency (Part E)

Mean scores: 3.95 — 4.18
Highest: Issue resolved efficiently (4.18)
Lowest: Seamless process (3.95)

Customers agree service technology reduces waiting time and speeds resolution.

Customer Satisfaction (Part F)
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Mean scores: 3.96 — 4.11
Highest: Expectations met (4.11)
Lowest: Positive rating (3.96)

Satisfaction is consistently high; expectations are largely met.

Customer Interaction (Part G)

Mean scores: 2.88 — 4.28

Highest: Could communicate issue easily (4.28)

Lowest: Technology communicated clearly (2.88), Concerns understood (2.90)
Mixed results, customers express issues easily but feel the system does not always

understand or communicate clearly.

User Convenience (Part H)

Mean scores: 2.86 — 3.10
Highest: Technology available when needed (3.10)
Lowest: No extra effort needed (2.86)

Neutral responses, service is not always effortless or user-friendly.

User Acceptance (Part 1)

Mean scores: 2.70 — 3.18

Highest: Acceptance of Al in customer service (3.18)

Lowest: Recommend to others (2.70)

Customers are neutral to slightly positive toward Al, but reluctant to recommend it as

a full alternative to humans.

Age
Frequency Percent Valid Percent Cumulative
Percent

18-30 14 14.0 14.0 14.0

31-40 31 31.0 31.0 45.0
Valid  41-50 32 32.0 32.0 77.0

More than 51 23 23.0 23.0 100.0

Total 100 100.0 100.0

18-30 years: 14 respondents (14%)
31-40 years: 31 respondents (31%)
41-50 years: 32 respondents (32%)
More than 51 years: 23 respondents (23%)

Observation: The largest age group is 41-50 years (32%), while the smallest is 18-30
years (14%).
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18-30 31-40 41-50 Maore than 51
Age
Industry
Frequency Percent Valid Percent Cumulative
Percent
Banking and finance 32 320 32.0 32.0
Valid E-Commerce 25 25.0 25.0 57.0
A% Healthcare 43 43.0 43.0 100.0
Total 100 100.0 100.0

¢ Banking and Finance: 32 respondents (32%)

o E-Commerce: 25 respondents (25%)
o Healthcare: 43 respondents (43%)
o Observation: Healthcare sector dominates with 43%, while E-Commerce is the

smallest group (25%)
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Industry

Frequency

50
40
30
20
107
0 T T T
Banking and finance E-Commerce Healthcare
Industry
Gender
Frequency Percent Valid Percent Cumulative
Percent
Female 41 41.0 41.0 41.0
Valid Male 59 59.0 59.0 100.0
Total 100 100.0 100.0

o Female: 41 respondents (41%)

o Male: 59 respondents (59%)
o Observation: The sample is male-dominated (59%), with females representing 41%.
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RQ1: How do chatbots improve response efficiency in customer service?

Case Processing Summary

N Marginal
Percentage
1.40 5 5.0%
1.60 1 1.0%
1.80 1 1.0%
2.20 10 10.0%
240 1 1.0%
2.60 3 3.0%
2.80 3 3.0%
3.00 8 8.0%
3.20 2 2.0%
Use of Chatbots 3.40 3 3.0%
3.60 3 3.0%
3.80 8 8.0%
4.00 17 17.0%
4.20 10 10.0%
4.40 8 8.0%
4.60 7 7.0%
4.80 2 2.0%
5.00 8 8.0%
Customer Service Efficiency 1.80 2 2.0%
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2.00 2 2.0%
2.40 2 2.0%
2.60 2 2.0%
2.80 2 2.0%
3.00 3 3.0%
3.20 2 2.0%
3.40 2 2.0%
3.60 4 4.0%
3.80 8 8.0%
4.00 20 20.0%
4.20 13 13.0%
4.40 7 7.0%
4.60 4 4.0%
4.80 3 3.0%
5.00 24 24.0%
Valid 100 100.0%
Missing 1
Total 101
Model Fitting Information
Model -2 Log Chi-Square df Sig.
Likelihood
Intercept Only 329.765
Final 283.121 46.643 15 .000

Link function: Logit.

Chi-square = 46.643, df = 15, p < 0.001
The model is statistically significant, meaning chatbot usage is a significant predictor

of customer service efficiency

Goodness-of-Fit

Chi-Square df Sig.
Pearson 334.189 240 .000
Deviance 220.285 240 .815

Link function: Logit.

Deviance y* = 220.285, df = 240, p = 0.815

Non-significant, indicating the model fits the data well.

Pearson y> = 334.189, df = 240, p < 0.001

Suggests some differences remain, but Deviance test shows overall acceptable fit.

Pseudo R-Square

Cox and Snell 373
Nagelkerke 375
McFadden .089

Link function: Log .

Cox & Snell =0.373
Nagelkerke = 0.375

95



McFadden = 0.089

Chatbot use explains ~37% of the variance in customer service efficiency (moderate

effect).

Parameter Estimates

Estimate | Std. Error| Wald df Sig. 95% Confidence Interval
Lower Bound| Upper Bound
[UseofChatbots = 1.40] -5.176 774 44742 1 000 -6.693 -3.659
[UseofChatbots = 1.60] -4.879 712|  46.894 1 000 -6.275 -3.482
[UseofChatbots = 1.80] -4.647 671|  47.893 1 000 -5.963 -3.331
[UseofChatbots = 2.20] -3.240 507|  40.793 1 000 -4.234 -2.246
[UseofChatbots = 2.40] -3.143 500| 39.528 1 000 -4.122 -2.163
[UseofChatbots = 2.60] -2.804 482|  35.999 1 000 -3.839 -1.949
[UseofChatbots = 2.80] -2.680 469|  32.686 1 000 -3.508 -1.761
[UseofChatbots = 3.00] -2.147 439 23.922 1 000 -3.008 -1.287
Threshold  [UseofChatbots = 3.20] -2.023 433|  21.833 1 000 -2.871 -1.174
[UseofChatbots = 3.40] -1.851 425 18.990 1 000 -2.683 -1.018
[UseofChatbots = 3.60] -1.689 418|  16.366 1 000 -2.507 -871
[UseofChatbots = 3.80] -1.275 401|  10.107 1 001 -2.060 -489
[UseofChatbots = 4.00] -327 376 754 1 385 -1.064 411
[UseofChatbots = 4.20] 324 377 740 1 390 - 414 1.062
[UseofChatbots = 4.40] 909 303|  5.350 1 021 139 1.680
[UseofChatbots = 4.60] 1584 438|  13.081 1 000 726 2.442
[UseofChatbots = 4.80] 1.845 465|  15.764 1 000 934 2755
[CustomerServiceEfficien | 5 o/al 1 365| 5345 1 004 -6.619 -1.268
cy=1.80]
[CustomerServiceEfficien |, 74 1205 1869 1 172 -4.308 768
cy=2.00]
[CustomerServiceEficien -.001 1.287 000 1 999 -2.524 2521
cy=2.40]
[CustomerServiceEfficien 25,046 000 1 25,046 25 046
cy=2.60]
Location ~ [CustomerSewviceEfficien | 5 g/l ) 355]  ga4s 1 004 -6.619 -1.268
cy=2.80]
[CustomerServiceEfficien -.001 1.071 000 1 999 -2.100 2.098
cy=3.00]
[CustomerServiceEfficien 617 1.292 228 1 633 -1.916 3.150
cy=3.20]
[CustomerServiceEfficien |, 110l 1305|3422 1 064 -4.971 144
cy=3.40]
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gfztzrg]erserv'ceEﬁ'c'e” -128 45| 018 | 82 -1.979
[CustomerServicekfficien | -, 1o3 751  11.025 1 001 -3.965
cy=3.80]

[CustomerServicekfficien | ;) 4g9 559|  11.419 1 001 -2.984
cy=4.00]

[CustomerServiceEfficien 186 603 095 1 757 1.367
cy=4.20]

[CustomerServiceEfiicien | - ) ), 758 1793 1 181 -2.499
cy=4.40]

[CustomerServiceEfficien 663 947 201 1 484 2519
cy=4.60]

[CustomerService&iicien | 57| 1071 049 | 825 -2.336
cy=4.80]

[CustomerServiceEfficien o 0

cy=5.00]

1.723

-1.021

-.793

.995

470

1.192

1.862

Link function: Logit.
a. This parameter is set to zero because it is redundant.

At lower chatbot usage (1.40 — 3.60) coefficients are negative & significant, showing
low chatbot adoption decreases efficiency.

At medium usage (3.80 — 4.00) results are mixed:

3.80, still significant negative (B = -1.275, p = 0.001)

4.00, non-significant (p = 0.385), neutral effect

At higher usage (4.40 — 5.00) coefficients turn positive & significant:

4.40 B =0.909, p =0.021

4.60 B =1.584, p <0.001

4.80 B =1.845, p < 0.001

5.00 baseline category

Result: Regression confirms that greater chatbot usage improves customer service
efficiency.

Evidence: Model significant (x> = 46.643, p < 0.001), with moderate explanatory
power (Nagelkerke Rz = 0.375).

Chatbots enhance response efficiency by speeding up service delivery and scaling
support, but the benefits are realized only at higher adoption levels.

RQ2: What are the key advantages and limitations of virtual assistants?

Case Processing Summary

N Marginal
Percentage
User Convenience 120 3 3.0%
1.60 4 4.0%
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1.80 6 6.0%
2.00 3 3.0%
2.40 19 19.0%
2.60 3 3.0%
2.80 18 18.0%
3.00 10 10.0%
3.20 4 4.0%
3.60 6 6.0%
3.80 4 4.0%
4.00 6 6.0%
4.40 7 7.0%
4.60 4 4.0%
4.80 3 3.0%
1.40 3 3.0%
1.60 4 4.0%
2.00 1 1.0%
2.40 10 10.0%
2.80 5 5.0%
3.00 6 6.0%
3.20 6 6.0%
. . 3.40 4 4.0%
Use of Virtual Assistants 3.60 5 0%
3.80 9 9.0%
4.00 12 12.0%
4.20 4 4.0%
4.40 14 14.0%
4.60 8 8.0%
4.80 2 2.0%
5.00 10 10.0%
Valid 100 100.0%
Missing 1
Total 101
Model Fitting Information
Model -2 Log Chi-Square df Sig.
Likelihood
Intercept Only 338.395
Final 309.929 28.466 15 .019

Link function: Logit.

Chi-square = 28.466, df = 15, p = 0.019
The model is statistically significant, meaning use of virtual assistants predicts user

convenience.

Goodness-of-Fit

Chi-Square df Sig.
Pearson 570.981 195 .000
Deviance 248.185 195 .006

Link function: Logit.
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Deviance y? = 248.185, df = 195, p = 0.006, suggests some lack of fit.

Pearson ¢ = 570.981, df = 195, p < 0.001, also indicates poor fit.

Interpretation: The model is statistically valid, but virtual assistants explain the
outcome only partially, convenience perceptions may also depend on other factors

(e.g., personalization, trust, learning curve).

Pseudo R-Square

Cox and Snell .248
Nagelkerke .249
McFadden .057

Link function: Log .

Cox & Snell =0.248

Nagelkerke = 0.249

McFadden = 0.057

Virtual assistant use explains ~25% of the variance in user convenience

(low—moderate effect).

Parameter Estimates

Lower Bound| Upper Bound

Threshold

-2.201

-1.582

-.997

-.758

.360

.504

1.393

1.970

2.234

2.691

3.055

3.700

4.738

Estimate | Std. Error| Wald df Sig. 95% Confidence Interval

[1uzs§]rC0nven|ence = -3.793 812| 21802 1 000 -5.385
[UserConvenience =

1.60] 2917 681| 18339 1 000 -4.252
[UserConvenience =

1.60] 2221 625|  12.646 1 000 -3.445
[UserConvenience =

2.00] -1.953 610| 10.265 1 001 -3.148
[zujarconve”'ence - -.758 570  1.767 1 184 -1.876
[ZUSS]rConvenlence - -610 568  1.151 1 283 1.723
[2U85(()e]rConven|ence = 286 564 257 1 612 -.820
gugarconve”'ence - 848 572| 2198 1 138 -273
[Suzs‘arconve”'ence - 1.101 578  3.627 1 057 -032
[SUS(()e]rConvenlence = 1531 592|  6.691 1 010 371
[Sug(‘;]rconven'ence = 1.868 606| 9511 1 002 681
[UserConvenience =

2,00 2453 636| 14.860 1 000 1.206
[UserConvenience =

4.40] 3.354 706| 22539 1 000 1.969
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Ell.Jgg]rConvenience = 4.081 838  26.080 1 .000 2.638 5.924
[1L.J:§]of\/irtuaIAssistants: 957 1161 679 1 410 -3.232 1.319
[1LIJ§g]ofVirtuaIAssistants: 937 1.044 805 1 370 -2.982 1.109
[ZL'J(')sg]of\/irtualAssistants: -684 1.844 138 1 711 -4.298 2.930
[2L'J:§]of\/irtuaIAssistants: 815 785 1.076 1 300 -725 2.354
[2L.J§§]of\/irtuaIAssistants: 1166 970 1.445 1 229 -3.066 .735
gl.J(')sg]ofVirtualAssistants: 2192 930 5553 1 018 369 4.015
[ggzsg]owinualAssistants= 2173 930 5.464 1 019 351 3.995
- [ggjg]owinualAssistants= 2160 1.057 4176 1 041 088 4.232
ocation [gggg]ofvinualAssistantF 208 1.355 024 1 878 -2.447 2.864
[39;8]0f\/irtuaIAssistants: 795 809 802 1 371 -2.311 .862
Ell-Jgg]ofVirtualAssistants= 294 751 153 1 696 -1.765 1.178
E‘rl'stg]ofVirtualAssistants= 1736 1.056 2706 1 100 -3.805 332
E‘rl'J:g]of\/irtualAssistants: 234 726 104 1 747 -1.656 1.188
[Afl'Jgg]of\/irtualAssistantsz 268 830 104 1 747 -1.359 1.895
Elggsg]owmua'ASSiStamSz 1700| 1362 1558 1 212 -.969 4.368
[UseofVirtualAssistants= 0 . _ 0
5.00]

Link function: Logit.
a. This parameter is set to zero because it is redundant.

+ User Convenience thresholds:

o Atlow levels (1.20 — 2.00) coefficients are negative & highly significant (p <
0.01) meaning limited VA usage reduces convenience.

o At medium levels (2.40 — 3.20) coefficients move from neutral to slightly
positive (some not significant, some borderline p = 0.057).

o At higher levels (3.60 — 4.60) coefficients become strongly positive &
significant:

e 3.60B=1.531, p=0.010

¢+ 3.80B=1.868, p=0.002

o 4.00B=2.453,p<0.001

» 4.40B=3.354, p <0.001
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s 4.60B=4.281, p<0.001

¢ Interpretation: As reliance on virtual assistants increases, the odds of
reporting higher convenience rise steeply.

¢ Use of Virtual Assistants coefficients:

¢+ Significant positive predictors found at:

¢+ 3.00B=2.192,p=0.018

o 3.20B=2.173,p=0.019

¢+ 3.40B=2.160, p=0.041

¢ Atthese moderate usage levels, virtual assistants are strongly linked with
higher perceived convenience.

o At very high levels (= 4.0), most effects are not significant possibly due to
diminishing returns or limitations like errors, lack of human-like empathy.

o Virtual assistants provide clear advantages in convenience, efficiency, and
contextual engagement at moderate adoption levels, but limitations emerge at

very high reliance, where service quality may plateau, or frustrations appear.

RQ3: How does Al-driven personalization impact customer loyalty?

Case Processing Summary

N Marginal
Percentage

1.400 9 9.0%

1.600 3 3.0%

1.800 3 3.0%

2.200 14 14.0%

2.400 3 3.0%

2.600 7 7.0%

2.800 7 7.0%

User Acceptance 3.000 14 14.0%
3.200 6 6.0%

3.400 3 3.0%

3.600 7 7.0%

3.800 3 3.0%

4.000 4 4.0%

4.200 7 7.0%

4.400 3 3.0%

4.600 7 7.0%

i . 2.00 2 2.0%
-|L-J§§|:fArtlfICIal Intelligence 220 6 6.0%
2.40 2 2.0%
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2.80 2 2.0%
3.00 1 1.0%
3.40 6 6.0%
3.60 2 2.0%
3.80 10 10.0%
4.00 19 19.0%
4.20 14 14.0%
4.40 13 13.0%
4.60 3 3.0%
4.80 9 9.0%
5.00 11 11.0%
Valid 100 100.0%
Missing 1
Total 101
Model Fitting Information
Model -2 Log Chi-Square df Sig.
Likelihood
Intercept Only 313.508
Final 297.509 16.000 13 .249

Link function: Logit.

Chi-square = 16.000, df = 13, p = 0.249
The model is not statistically significant overall, meaning Al tool usage does not

strongly predict customer loyalty (measured here via user acceptance).

Goodness-of-Fit

Chi-Square df Sig.
Pearson 283.301 182 .000
Deviance 221.607 182 .024

Link function: Logit.

Pearson 2 =283.301, df = 182, p < 0.001 suggests poor fit.
Deviance 2 = 221.607, df = 182, p = 0.024 also indicates misfit.

Interpretation: The regression model does not adequately capture the relationship.

Pseudo R-Square

Cox and Snell .148
Nagelkerke .149
McFadden .030

Link function: Log .

Cox & Snell =0.148

Nagelkerke = 0.149

McFadden = 0.030

Only ~15% of the variance in user acceptance (proxy for loyalty) is explained by Al

tool usage.
Parameter Estimates
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Estimate | Std. Error Wald df Sig. 95% Confidence Interval
Lower Bound| Upper Bound
gujgé?mema”ce - -3.117 635| 24.123 000 -4.360 -1.873
[1U§§(;]Acceptance - 2781 610| 20.763 000 -3.978 -1.585
guggé]Acceptance - 2516 595| 17.870 000 -3.682 -1.349
[2U§§(r)]Acceptance - -1.647 561|  8.626 003 -2.746 -548
[zujg(;?mepta”ce - -1.496 557|  7.228 007 -2.587 -405
[zugg(;]Acceptame - -1.153 548|  4.423 035 -2.228 -.079
[zugg(;]Acceptance = -811 542| 2238 135 -1.874 252
Threshold guggg]%cepta“ce = -123 535 053 818 1173 926
gujgg?cceptance - 180 536 114 736 -.869 1.230
[EUjgé?cceptance - 335 537 389 533 717 1.387
gugg(;]Acceptance - 711 542 1.720 190 -.352 1.774
[3u§§8]Acceptance = 884 546|  2.620 105 -.186 1.955
Eluggé?cceptance - 1.146 555|  4.264 039 058 2.233
Eluzsgé?cceptance - 1.777 589  9.094 003 622 2.931
Elujgé?cceptance - 2.178 624| 12162 000 954 3.401
Lﬁii??g'g‘;f”me”'genc 2081 1363 2333 127 4752 589
fArtificialintell
Lﬂii?s_g';‘;f ntelligenc -1.965 005 4708 030 -3.739 -190
fArtificialintell
Lﬂii?s_g'i‘;f ntelligenc 523 1.340 152 696 2.102 3.149
Lﬁii?gfg'g‘gf"me”'ge”c _467| 1338 122 727 -3.001 2.156
Lﬁii?gfg'g‘gf"me”'ge”c -467| 1818 066 797 -4.031 3.096
Location o _
Lﬁii?gfg'g‘g]"""me"'ge”c 526 885 353 552 -1.200 2.261
Lﬁii?gfg'g‘g]"""me"'ge”c 1232|1345 840 359 -3.868 1.403
Li??g'g;’f‘”me"'genc -883 765 1332 248 2.382 616
Lﬁii??g'ggf"me”'genc -403 660 373 541 -1.697 891
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UseofArtificialintell

LTT;ZTS_ 4'2'%? mengene 1 1017 708| 2064 1 151 2,403 370
UseofArtificialintell

seoAn L'Sf renigene -934 718| 1689 1| 104 2.341 474
UseofArtificialintell

LTT;ZTS_ A'égf neligenc 1 1736|1140 2281 1| as1 3,088 517
Lﬁii?gfg'gg?“me"'genc 273 783 122 1 727 -1.261 1.807
[UseofArtificiallntelligenc 0 0

eTools=5.00] ' :

Link function: Logit.
a. This parameter is set to zero because it is redundant.

s User Acceptance (customer loyalty) thresholds:

o Atlow levels (1.4 — 2.6) coefficients are negative & significant (p < 0.05) low
acceptance means weaker loyalty when Al tools are minimally used.

¢ At mid-range (2.8 — 3.8) coefficients are small/insignificant mixed effect.

o At higher levels (4.0 — 4.4) coefficients are positive & significant:

¢+ 40B=1.146,p =0.039

v 42B=1.777,p=0.003

v 4.4B=2178,p<0.001

¢ Interpretation: Higher personalization through Al does enhance user
acceptance and loyalty, but this trend is only strong at the upper end of user
acceptance.

o Use of Al Tools (predictor):

¢ Most coefficients are non-significant.

¢ Only Use =2.20 B =-1.965, p = 0.030 (negative, significant) meaning at low
Al adoption, loyalty is reduced.

o At higher Al use levels (= 4.0), no significant positive effects were detected
suggesting Al-driven personalization alone doesn’t guarantee loyalty.

¢ Result: Al-driven personalization does not strongly predict customer loyalty
overall (model not significant, p = 0.249).

o Variance explained: Only ~15% (Nagelkerke R? = 0.149).

o Al-driven personalization shows limited and conditional influence on customer

loyalty. Customers respond positively only at higher levels of personalization
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and acceptance, suggesting businesses must ensure quality and depth of

personalization rather than just basic Al deployment.

Reliability Analysis

Reliability analysis is a process that determines the consistency of a measurement tool or
scale. It helps to understand if a scale produces the same results under consistent conditions
across multiple administrations. The range of Cronbach’s alpha is mentioned below.

0.9 or higher: Excellent

0.8 to 0.9: Adequate
0.7 to 0.8: Marginal

0.6 to 0.07: Acceptable

Less than 0.6: Totally unacceptable

Part B:

Performed Reliability analysis to test the acceptance of the data.

The Cronbach’s alpha is given by 0.846 which is acceptable.

Case Processing Summary

N %
Valid 100 100.0
Cases Excluded?® 0 .0
Total 100 100.0
a. Listwise deletion based on all variables in the
procedure.
Reliability Statistics
Cronbach's N of ltems
Alpha
.846 5

Item-Total Statistics

Scale Mean if Scale Variance Corrected Cronbach's
Item Deleted if Item Deleted Item-Total Alpha if Item
Correlation Deleted
The chatbot was able to
answer my queries 14.38 14.925 752 .785
effectively.
| found the c.hatbot easy to 14.37 15.670 682 806
use and navigate.
The chatbot provided timely 14.97 16.785 694 805
responses to my concerns.
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| prefer using chatbots over

Part D:

waiting for a human 14.42 16.893 .559 .840
representative.
My interaction with the
chatbot felt natural and 14.52 18.010 .596 .829
smooth.
Part C:
+ Performed Reliability analysis to test the acceptance of the data.
+ The Cronbach’s alpha is given by 0.855 which is acceptable.
Reliability Statistics
Cronbach's N of Items
Alpha
.855 5
Item-Total Statistics
Scale Mean if Scale Variance Corrected Cronbach's
Item Deleted if Item Deleted Item-Total Alpha if Item
Correlation Deleted
Virtual assistants help me
find solutions to 14.82 17.361 .608 .840
service-related issues.
My experience with virtual
assistants has been helpful 14.64 15.223 770 797
and productive.
| find it convenient to use
virtual assistants for 14.76 15.578 .746 .804
customer support.
Virtual assistants
understand my queries 14.44 16.774 .625 .836
accurately.
| trust virtual assistants to
handle basic customer 14.46 16.130 .603 .844
service tasks.
+ Performed Reliability analysis to test the acceptance of the data.
+ The Cronbach’s alpha is given by 0.849 which is acceptable.
Reliability Statistics
Cronbach's N of Items
Alpha
.849 5
Iltem-Total Statistics
Scale Mean if Scale Variance Corrected Cronbach's
Item Deleted if Item Deleted Item-Total Alpha if ltem
Correlation Deleted
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Al-based tools help
personalize my customer 15.69 10.620 .586 .836
service experience.

| receive accurate
information when Al tools

. 15.82 10.088 .569 .844
are used in customer
service.
| feel that Al tools speed up 16.44 9198 209 804

the service process.

| am comfortable with
companies using Al tools for 15.99 10.212 794 .790
customer service.

| believe Al tools improve
the quality of support | 16.10 10.030 677 .813
receive.

Part E:

+ Performed Reliability analysis to test the acceptance of the data.

+ The Cronbach’s alpha is given by 0.902 which is acceptable.

Reliability Statistics

Cronbach's N of Items
Alpha

.902 5

Item-Total Statistics

Scale Mean if Scale Variance Corrected Cronbach's
Item Deleted if Item Deleted Item-Total Alpha if Item
Correlation Deleted

The technology used made
the customer service 16.33 10.567 .840 .863
process faster.

| experienced minimal
delays when using
tech-based customer
service.

My issue was resolved more
efficiently with the help of 16.24 10.649 718 .888
technology.
| find that
Al/chatbots/assistants 16.38 10.521 .695 .894
reduce my waiting time.
The service technology
made the overall support 16.47 10.252 741 .884
process seamless.

16.26 10.881 .807 871
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Part F:

Performed Reliability analysis to test the acceptance of the data.

The Cronbach’s alpha is given by 0.889 which is acceptable.

Reliability Statistics

Alpha

Cronbach's

N of Items

.889 5

Item-Total Statistics

Scale Mean if Scale Variance Corrected Cronbach's
Item Deleted if Item Deleted Item-Total Alphaif ltem
Correlation Deleted
| feel good about the
outcome of my tech-based 16.08 12519 747 861
customer service
interaction.
| would rate my experience
as positive when using 16.15 12.432 792 .850
service technology.
The use of digital tools
made my experience more 16.11 13.695 .703 .872
satisfying.
My expectations were met
by the technology-enabled 16.00 12.222 .856 .836
customer service.
| am satisfied with the
support | received through 16.10 13.970 .569 901

service technology.

Part G:

Performed Reliability analysis to test the acceptance of the data.

The Cronbach’s alpha is given by 0.686 which is acceptable.

Reliability Statistics

Alpha

Cronbach's

N of Items
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| 686 5]

Item-Total Statistics

Scale Mean if Scale Variance Corrected Cronbach's
Item Deleted if Item Deleted Item-Total Alpha if Item
Correlation Deleted
| did not face any difficulty
while interacting with the 13.04 11.029 324 .684
chatbot/assistant/Al tool.
| could communicate my
issue easily through 12.74 11.103 .363 .667
technology.
The technology
communicated clearly and 14.14 9.071 .569 575
effectively with me.
My concerns were
understood correctly by the 14.12 9.157 .566 576
system.
| felt engaged during my
interaction with the 14.04 10.604 .388 .658
technology.
Part H:
+ Performed Reliability analysis to test the acceptance of the data.
+ The Cronbach’s alpha is given by 0.778 which is acceptable.
Reliability Statistics
Cronbach's N of ltems
Alpha
778 5
Item-Total Statistics
Scale Mean if Scale Variance Corrected Cronbach's
Item Deleted if Item Deleted Item-Total Alphaif ltem
Correlation Deleted
It was easy to access the
technology when | needed 11.98 16.949 .240 .829
help.
| could use the service
technology without needing 11.89 14.624 571 734
assistance.
| found the.process simple 11.87 12,882 848 648
and user-friendly.
| did not have to spend extra
effort to get support using 12.03 11.605 .565 .749
the technology.
The technology was
available when | needed 11.79 13.663 .665 .702
customer support.
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Part I:
+ Performed Reliability analysis to test the acceptance of the data.

¢+ The Cronbach’s alpha is given by 0.717 which is acceptable.

Reliability Statistics

Cronbach's N of Items
Alpha

q17 5

Item-Total Statistics

Scale Mean if Scale Variance Corrected Cronbach's
Item Deleted if Item Deleted Item-Total Alpha if Item
Correlation Deleted

| would recommend others
to use tech-based customer 12.17 14.971 520 .652
service solutions.

| believe this technology is a
good alternative to human 12.07 15.844 404 .697
agents.

| accept the use of Al
technologies in customer 11.69 14.216 .593 .621
service.

| am comfortable relying on
virtual assistants and 11.82 15.402 351 727
chatbots.

| am open to using Al-based

. . 11.73 15.411 .545 .646
customer service again.

CHAPTER V: DISCUSSION

5.1 Discussion of Results aligned with LR

The findings indicate that chatbots have a positive impact on customer experience. Users
believe that chatbots are effective, available, and able to provide the necessary support in
time. The literature highlights that Al-powered chatbots are beneficial in analyzing lower
cart abandonment rates and 24/7 personalized support, which in turn contributes to an
increase in consumer interaction rates. In addition to this, it also helps in increasing response
time, managing routine customer queries, and allowing human agents to use their productive
hours for complex cases. It is determined that chatbots are overall worth in the context of

providing customer service compared with human agents (Mangipudi, 2025). On the other
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side, chatbots also influence responses and the rates of service resolution. It is evaluated that
chatbots speed up customer service interactions and the indicators of customer service
efficiency. Compared with the literature, it is identified that chatbots are effective and it has
been noted that Al chatbots outperform human agents in the response time. However, in rates
of resolution the latter has been observed to be significantly lower as well as to have greater

rate of escalation frequency.

Further, considering the user satisfaction the findings indicated there is consistent high degree
of satisfaction among users towards using chatbot-aided services. The literature stated that
there is still a need for human agents in the customer satisfaction space, even though Al
chatbots are much more effective and quicker. The results highlighted that chatbots were
readily accessible and easy to communicate with. The literature stated that chatbots work
together using CTl-enabled escalation providing optimum customer experience. Al chatbots
support striking a balance between personalized service and efficiency. Additionally, chatbot

performance varies according to industry.

Apart from this, the results discussed virtual assistant role in service innovation as VA
support in resolving queries. The literature discussed that virtual assistants are also helpful in
determining reduced cart abandonment rates and round-the-clock individualized assistance,
both of which raise the frequency of customer interactions (Aldea, A., Kusumaningrum,
M.C., lacob, M.E. and Daneva, M., 2018). It is determined that virtual try-on tools allow
customers to test makeup products virtually. The results indicated customer service improved
by the implementation of Al in areas such as predictive analytics, sentiment analysis, and
personalization. Compared with the literature, it is identified that Al-driven personalization in
e-commerce regarding which case of Amazon and Shopify have been considered. Regarding
Al-driven efficiency in e-commerce, the researchers believed that most online retailers, such
as Amazon and Shopify, use Al in their systems to increase operational efficiency and reduce
costs (Alasa, D.K., Hossain, D., Jiyane, G., Sarwer, M.H. and Saha, T.R., 2025). Researchers
claim that by automating restocking, improving demand forecasting, and streamlining supply
chain operations, the use of Al-driven inventory management has transformed e-commerce
platforms, like Amazon and Shopify. With the help of Al, Amazon can distribute products
more effectively, cutting down on delivery times and logistical expenses while minimizing
stockouts and overstocking. Al may be used to swiftly assist customers in identifying
products using chatbots that interact with customers and provide them with a positive

shopping experience. Al-driven personalization has radically changed how consumers
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interact with e-commerce by improving the user experience and increasing sales conversion

efficiency.

The results highlighted predictive analytics are an important aspect of Al that support
anticipate customer needs and deploy solutions in advance. It shows that Al is capable of
accurately predicting user intent and offering prompt, proactive assistance. In addition, Al
can make relevant recommendations based on past exchanges and user preferences, allowing
for more individualized help. The literature highlighted that Predictive analytics has been
shown to support inventory control and delivery process improvement, guaranteeing prompt
fulfilment and great customer satisfaction. According to the researchers, Zappos' strategy
demonstrates how analytics Al may be applied to increase operational effectiveness and solid
customer relationships in the fiercely competitive e-commerce market for clothing and

footwear (Gupta and Parween, 2025).

5.2 Discussion of Research Question One?
Why chatbots outperform humans in routine queries but struggle with complexity

Comparative research was carried out on the observations linked with Al implementation in
companies such as Sephora, Amazon with other companies by analyzing of human agents as
compared to chatbots in context to customer services discussed. The researcher emphasized
on conducting compatible research on Al powered chatbots as compared to human agent, in
the context of customer satisfaction. It has been noted that Al chatbots can be faster with
human agents. Yet, in the rates of resolution, the later has been observed to be significantly
lower as well as possessing a greater rate of escalation frequency. The research results have
disclosed that, as far as Al chatbots and customer satisfaction are concerned, despite the great
efficiency and speed of the Al chatbots, the human agents are still needed. Human agents
have been observed to be specifically applicable in complex and emotionally charged
interactions. Based on the observation that it has been opined that in human dealings and
solving issues with customers through emotional intelligence, there is always possibility that
customer satisfaction would be on higher side. The scholars have also examined hybrid
scenarios in which human agents and Al chatbots collaborate with the application of
CTI-facilitated escalation to deliver the best customer experience (Mangipudi, 2025).

The researchers have also examined hybrid scenarios in which Al chatbots and human agents
collaborate through CTI-enabled escalation to deliver the best possible customer experience.

The study's conclusions have shown that, from the perspective of the client, CTI integration
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makes switching between human agents and Al simple and causes little dispute. Based on the
data, the researchers have concluded that hybrid models, which help to balance efficiency and
personalized service, yield the best outcomes when human agents are assisted by Al chatbots.
The study offers a comprehensive understanding of the advantages of chatbots, human
agents, and a hybrid model that offers a thorough grasp of various likely scenarios. It is
analysed that Al chatbot performance varies based on industry further affected the
generalizability of the study. Chatbots are also beneficial in determining lower cart
abandonment rates and 24/7 personalized support contribute to an increase in consumer

interaction rates.

Apart from this, chatbots with Al capabilities improve response times, handle common
customer inquiries, and free up human agents' productive hours for more complicated
situations. Predictive analytics has also been shown to aid in inventory control and delivery

process optimization, guaranteeing prompt fulfilment and great customer satisfaction.

5.3 Discussion of Research Question Two?
How virtual assistants enhance accessibility but raise privacy concerns

Virtual assistants are also helpful in determining reduced abandoned cart rates and
round-the-clock individualized assistance, both of which raise the frequency of customer
interactions. In the study technology acceptance theories were adopted in terms of Al-based
intelligent products. It has been observed that when it came to predicting the acceptability of
Al-based intelligent products, the Value-based Adoption Model (VAM) performed the best.
According to an analysis of the model, TAM serves as its foundation, with an emphasis on
the perceived value that a technology offers when considering its advantages and the
necessary modifications. According to this concept, users evaluate a technology's perceived
advantages against its perceived drawbacks, which include costs, hazards, and effort, before
deciding whether to use it (Sohn and Kwon, 2020). It is evaluated that this model proposed
alternatively of TAM which was not effective in considering the influence of exogenous
variables in explaining intention to use new ICT considering mobile internet. The researcher
indicated the aspects of cost-benefit VAM retained the technical features that included
technicality and usefulness of the existing technology acceptance theories, incorporating
perceived fee. VAM involves perceived values, which is not included in other models. The
model has been used for elaborating on the acceptance of IPTV, mobile payments, and 10T

services.
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Furthermore, theory of planned behaviour is another theory mentioned by the researcher for
explaining intention to act. This theory is an extension of Theory of Reasoned Action (TRA).
In TPB the constructs have been used when introducing the constructs of attitude and
perceived behavioural control and subjective norms for explaining the intention to act. The
importance of societal factors on acceptance that affect individual behaviour is related to
subjective norms, according to the study (Jain, V., Wadhwani, K. and Eastman, J.K., 2023).
On the other hand, in contrast to perceived ease of use in TAM, perceived behaviour control
that influences individual behaviour exhibits practicality. The idea is used in studies on the
adoption of novel products that look at external variables, like social impact. Consistent with
this, research has focused on the several external elements that are linked to intelligent

products.

In the study, UTAUT theory was adopted and it was formulated by redefining representative
technology acceptance theories for instance, TAM, TRA, and TPB. The researchers believed
that social influence, facilitation circumstances, effort expectancy, and performance
expectancy were the primary components of the theory. Similarly, there are several external
elements that have been studied in academic research for intelligent goods. Learning new
technology is correlated with enjoyment. Although Al technology is a very interesting idea
from a social point of view, it has not yet been applied in the real world, so prospective
customers are still swayed by other people's ideas before embracing Al-based intelligent
products (Sung, 2021). Apart from this, stimulus organism response theory of mind and
self-expansion theory are the commonly used psychological theories. There have also been
reports of consumers making judgments in areas like shopping in a considerably less
vulnerable state. It has been shown that consumer acceptance of Al technology is influenced
by psychological characteristics, such as risk aversion, consumer values, and the reasoning
process involved in adoption. The cluster has also tackled consumer trust and acceptance of

Al in the consumption process.

5.4 Discussion of Research Question Three?

AD’s role in fostering loyalty through hyper-personalization.

Al-powered personalization in e-commerce, with a focus on Shopify and Amazon as
examples. Regarding Al-driven efficiency in e-commerce, the researchers believed that most
online retailers, such as Amazon and Shopify, use Al in their systems to increase operational

efficiency and reduce costs. The researchers claim that by automating restocking, improving
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demand forecasting, and streamlining supply chain operations, the use of Al-driven inventory
management has changed e-commerce platforms, including Amazon and Shopify. Amazon
uses Al to distribute products dynamically, which lowers delivery times, logistical costs, and
the likelihood of overstocking or stockouts (Dushnitsky and Stroube, 2021).

The study also noted that Shopify stores use Al-powered supply chain solutions to streamline
restocking tactics, which lowers inventory maintaining costs. With the aid of real-time price
adjustments based on competition pricing, dynamic pricing strategies, market trends, and
customer demand, Al has also helped these businesses increase conversion rates.
E-commerce businesses have been able to increase revenue through efficient order fulfilment,
manage stock levels, and enhance customer satisfaction by integrating Al into pricing and
inventory (Shaikh, 2023). Al is being used in several ways, including automated chatbots for
client engagement. Al may be used to swiftly assist customers in identifying products using
chatbots that interact with customers and provide them with a positive shopping experience.
The study found that Al-driven personalization has revolutionized e-commerce customer
interaction by improving the user experience and increasing sales conversions. The
application of Al-driven personalization in competitive e-commerce platforms helps these
businesses improve product discovery while also boosting engagement and enduring
consumer loyalty. Amazon is one corporation that has implemented Al to manage their online
businesses. With them, advertising and product listings can be created. Generative artificial
intelligence (Gen Al) has revolutionized the way that Amazon's suppliers and customers
make purchases on the digital marketplace. Customers can more quickly locate a wide range
of products, while platform vendors can operate their stores more effectively. The Al makes it
easier to create narrative content. Additionally, tiny businesses who might lack the resources
to produce unigue, high-quality content might employ these technologies. A video-generating
Al technology may also launch a video product from a single product photograph. Shopify
and Amazon offer these services to sellers who may not have the capacity to create such
material (MacKenzie, 1., Meyer, C. and Noble, S., 2019).
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Chapter VI: SUMMARY, IMPLICATIONS, AND
RECOMMENDATIONS

6.0 Introduction

This research focused on technologies and innovations in service highlighted the role of
chatbots, virtual assistants, and artificial intelligence (Al) in transforming customer service.
The study was primarily motivated by the following two objectives: the first being measuring
the influence of Al-based tools on customer experience, responsiveness, and overall service
efficiency; the second being discovering deeper human perceptions and emotional responses
related to the usage of such technologies that could help in revealing the insights beyond the

simple interaction level.

They used a mixed-methods strategy that was both comprehensive and balanced. It combined
descriptive and exploratory research designs to achieve a balanced view of the quantitative
and qualitative data. The descriptive part dealt with the measurable aspects of service such as
response times, customer satisfaction, and usability scores and thus made it possible to
recognize the essential patterns, relationships, and trends that demonstrate how Al tools have
not only speeded up customer service operations but also ensured the consistency of service

delivery.

The exploratory part, on the other hand, went beyond the surface level of customer
interactions with technology by investigating the context, psychology, and emotions of
technology adoption and, in particular, how trust, empathy, and user comfort impact the
overall acceptance and success of Al-driven service technologies. Hence, it facilitated a better
understanding of the customer engagement process that faces challenges when integrating
intelligent systems and, at the same time, discovers new opportunities,Deloitte. (2021). The
first methodological approach, combined with the second one as well as the latter's results,
created a solid ground not only for evaluating Al's operational benefits but also its
implications for the human experience. By linking technological performance with human
interaction, the research finds out that although Al technologies strongly support efficiency
and scalability, human emotion and empathy are still necessary to create meaningful service

experiences.
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At the end, the study, through its contribution, sheds light on the intricate interplay of human
and intelligent service technologies and points out that the real breakthrough is not the full
automation of customer service but rather the co-existence of automation and authentic

human connection.

6.1 Summary

The results from this research study show that, as a service technology powered by artificial
intelligence, chatbots have improved the customer experience and organizational efficiency in
a very clear way. Customers see chatbots as extremely good, trustworthy, and available tools
that can provide them with fast help in different service channels. This goes in line with the
main literature that says Al-powered chatbots are the main contributors to the customer
engagement because they reduce the cart abandonment rates, give 24/7 personalized support,
and make the communication between customers and service providers more easy and fast.
These mechanisms improve the time for the response, are capable of handling the most
common questions in a very efficient way and thus, can make the human agents free to solve
the more complicated customer problems that have emotional characters, therefore, can lead
to the overall productivity optimization,Gartner. (2023). On one hand, empirical data and
academic dialogues together support that chatbots are excellent in accomplishing customer
service tasks and sometimes they can be better than human agents especially in matters like
pace, uniformity, and availability.

On the other hand, the research has recognized some restrictions in the functionalities of
chatbots. Even if chatbots are characterized with better response times and hence are the
contributors to the fast service delivery, they have low resolution rates, especially in the
sectors where they are dealing with complicated or even emotionally sensitive customer
issues, Floridi, L., Cowls, J., Beltrametti, M (2018). Thereby, they often escalate due to this
consequence, indicating that though they are efficient, human intervention is still necessary
for the accomplishment of more complicated tasks by chatbots. When compared to the
literature, the results emphasize that the implementation of Al-driven chatbots should not
imply the absence of human customer service agents but rather the lessening of human
workload and collaboration between them. Chatbots and virtual assistants are good at dealing
with scripted and monotonous tasks while when tasks require empathy, contextual

knowledge, or advanced problem-solving skills, human agents should be engaged.
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Regarding customer satisfaction, the study identifies a consistently high degree of satisfaction
among users who engage with chatbot-assisted services. Participants find these tools easy to
use, accessible, and communicative. Nonetheless, the literature reiterates the continuing
importance of human touch in maintaining deeper customer satisfaction. Hybrid models that
combine chatbots with Computer Telephony Integration (CTI)-enabled escalation systems are
seen as the most effective, ensuring customers receive both efficient and empathetic
service,Gnewuch, U., Morana, S., & Maedche, A. (2017). The findings also highlight that
chatbot performance varies across industries, with sectors like e-commerce showing

particularly strong benefits from Al integration.

In competitive digital marketplaces, Al-driven personalization has become a defining factor
for customer engagement and loyalty. Platforms such as Amazon have successfully leveraged
generative Al (Gen Al) to revolutionize product discovery, advertising, and content creation,
allowing both customers and vendors to navigate the marketplace more effectively. Smaller
businesses also benefit from Al innovations, such as automated video and product content

generation, which reduce marketing costs and enhance brand visibility.

6.2 Implication of study

The implications of this study are multifaceted, spanning academic contribution, practical
relevance, and policy formulation. From an academic standpoint, the research enriches the
growing body of knowledge that connects service innovation, human-computer interaction,
and artificial intelligence (Al), Gnewuch, U. (2022). While there exists extensive theoretical
work on Al and customer service independently, an integrative analysis that collectively
examines chatbots, virtual assistants, and Al systems within a unified analytical framework
has been largely absent. This study fills that gap by providing conceptual clarity and
empirical depth on how service technologies co-evolve with organizational goals and
customer expectations. Grounded in established behavioural theories such as the Technology
Acceptance Model (TAM) and the Unified Theory of Acceptance and Use of Technology
(UTAUT), the study contributes a theoretically sound understanding of the psychological and
contextual factors influencing user acceptance, trust, and satisfaction with Al-driven
customer service tools. Consequently, it offers a structured academic foundation for future
research on the interplay between automation, human emotion, and customer experience

design in digital service contexts.
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From a practical business perspective, the study holds substantial value for organizations
striving to integrate Al technologies effectively into their customer service frameworks. As
firms increasingly embrace digital service channels, they face mounting pressure to remain
responsive while reducing operational costs and maintaining service quality,Gursoy, D., Chi,
C. G, Lu, L., & Nunkoo, R.. (2019). The findings of this research provide actionable insights
into how businesses can implement Al-based customer service systems strategically
identifying best practices, key performance benchmarks, and patterns of user feedback. For
instance, the study helps firms understand how to design chatbot interfaces that align with
their brand tone and service complexity, as well as how to balance automation with human

intervention for optimal customer satisfaction.

Furthermore, it highlights how Al can enhance responsiveness and consistency, freeing
human agents to handle complex or emotionally charged customer interactions that require
empathy and contextual understanding. This evolving division of labour necessitates a
rethinking of workforce roles, emphasizing the need for targeted employee training, revised
performance metrics, and adaptive management structures,Hoy, M. B. (2018). Managers can
use insights from this study to plan seamless transitions toward hybrid service models where

humans and machines collaborate effectively to achieve superior service delivery.

In terms of policy implications, the study underscores the pressing need for robust
frameworks governing ethical Al deployment and data protection. As Al systems process
vast amounts of personal and transactional data, concerns about privacy, transparency, and
accountability become increasingly important. This research contributes to the ongoing
policy dialogue by identifying regulatory gaps and advocating for clearer standards such as
explicit disclosure when customers interact with Al rather than humans and improved
mechanisms for safeguarding sensitive information, Huang, M. H., & Rust, R. T. (2021). The
issue of algorithmic bias also emerges as a critical concern; biased datasets can lead to
discriminatory outcomes or miscommunication, particularly for non-native speakers or
underrepresented groups. The study proposes inclusive data collection practices, regular
algorithmic audits, and user feedback mechanisms as essential measures for ensuring fairness
and reliability. These recommendations are especially relevant for highly regulated sectors
like finance, healthcare, and public services, where ethical lapses can have far-reaching

consequences.
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Additionally, the study calls attention to the need for governmental and institutional support
to assist small and medium-sized enterprises (SMES) in navigating digital transformation.
While large corporations can afford to experiment with Al solutions, SMEs often face
financial and technical constraints, Huang, M.-H., & Rust, R. T. (2018). The research
highlights the importance of creating enabling ecosystems through subsidized training
programs, open-source Al toolkits, and vendor certifications to democratize access to digital
service innovation. Lastly, the study gains further relevance in the post-pandemic context, as
organizations have accelerated digital transformation to sustain service continuity amid
disruptions. Chatbots and virtual assistants played a crucial role in mitigating service
breakdowns and supporting customers during the COVID-19 crisis, underscoring the

resilience and necessity of Al-driven service infrastructure.

6.3 Recommendations for Future Research

The first direction for future research to consider is long term studies, which are necessary to
see the change of users' perceptions, satisfaction and even organizational results as Al
technologies advance and mature. Such studies could provide valuable information about the
effects over time of Al implementation on loyalty of customers, adaptation of employees, and

general quality of service.

Second, comparative studies cross-industries will be very valuable in opening the current
research by showing the differences of how various industries such as medicine, banking,
hospitality, retail, and education use and implement Al according to their service needs, rules,
and customer expectations,IBM. (2020). These comparisons would disclose the best practices
in the adoption of specific sectors and the barriers facing them, which in turn, will help in
addressing these issues.

Besides that, future researchers might also consider investigating psychological and cultural
aspects that affect the consumer acceptance of Al-powered customer service and also
investigate these factors in diverse demographic and geographic contexts,Juniper Research.
(2020). Studying aspects such as trust, empathy, and perceived transparency in various

cultural settings may provide useful information on how Al should be crafted and localized.

In addition, research could delve into the ethical and social side of Al in customer service by
focusing on issues like algorithmic bias, data privacy, and providing clear accountability

avenues in order to facilitate the implementation of fair and responsible Al. There is another
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possibility of incorporating forthcoming technologies like generative Al, emotion recognition
systems, and voice-enabled assistants into customer service frameworks to study how
multimodal interactions influence user satisfaction and engagement,Lemon, K. N., &
Verhoef, P. C. (2016). To sum up, the next research could employ experimental and
simulation-based methods to investigate how Al-human collaboration models can lead to
optimal task distribution thus enhancing both efficiency and empathy in customer service

departments.

6.4 Conclusion

To recap, the present research has manifested that service technology and innovation, in
particular, chatbots, virtual assistants, and artificial intelligence, have a transformative effect
on the customer service sphere. The main takeaway from the study is that these advanced
tools powered by Al can do to a large extent the dull, monotonous and data-heavy tasks of
customer relations but they still need humans to solve those complicated ones which require
empathy and understanding of the context, Kumar, A., Dixit, A., Javalgi, R. G., & Dass, M.
(2019).

The paper exposes a paradox of sorts: while it is true that Al machines can easily undertake
the repetitive work of a data-driven nature, human intervention is still indispensable when
handling the emotional side of conversations and extracting subtle nuances of context.
Arguing on the constructive quality of the relationship between human and artificial
intelligence, the researchers conclude that customer service performance can be optimal when

employing hybrid models which entail both technological accuracy and emotional skills.

On top of that, the paper is another piece of the puzzle in the ongoing academic debate - it
combines behavioural theories with empirical data to deliver theoretical understanding of
device acceptance and human-Al interaction. In real life terms, it acts as a roadmap for
companies that want to introduce Al in a proper and productive manner, giving along the way

tips on execution, employee transition, and customer involvement.

On a policy level, it emphasizes the ethical need for Al governance, data protection, and
inclusion and, thereby, supports the call for establishing norms that ensure transparency and
fairness. In the end, the current work is supportive of the idea that customer service will be
better if humans work hand in hand with technology rather than if one of the two is
substituted by the other, Liu, Y., Ginther, D., & Madey, G. (2008). The complementarity,
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driven by innovation and empathy, is the key to unlocking the customer-centric service
ecosystems of tomorrow which are sustainable, efficient, and compatible with the digital

trend.

122



REFERENCES

Agarwal, S., Agarwal, B., & Gupta, R. (2022). Chatbots and virtual assistants: a bibliometric
analysis. Library Hi Tech, 40(4), 1013-1030. Retrieved from

https://www.emerald.com/insight/content/doi/10.1108/L HT-09-2021-0330

Ahmadi, A. (2023). ChatGPT: exploring the threats and opportunities of artificial
intelligence in the age of chatbots. Asian Journal of Computer Science and Technology,
12(1), 25-30. Retrieved from

https://www.ajcst.co/index.php/ajcst/article/download/3567/7606

Aldea, A., Kusumaningrum, M. C., lacob, M. E., & Daneva, M. (2018, July). Modeling and
analyzing digital business ecosystems: an approach and evaluation. In 2018 IEEE 20th
Conference on Business Informatics (CBI) (Vol. 2, pp. 156-163). IEEE. [URL not provided]

Alagarsamy, S., & Mehrolia, S. (2023). Exploring chatbot trust: Antecedents and behavioural
outcomes. Heliyon, 9(5). Retrieved from
https://www.cell.com/heliyon/pdf/S2405-8440(23)03281-4.pdf

Alasa, D. K., Hossain, D., Jiyane, G., Sarwer, M. H., & Saha, T. R. (2025). Al-Driven
Personalization in E-Commerce: The Case of Amazon and Shopify’s Impact on Consumer
Behavior. Voice of the Publisher, 11(1), 104-116. [URL not provided]

AlZu’bi, S., Mughaid, A., Quiam, F., & Hendawi, S. (2024). Exploring the capabilities and
limitations of ChatGPT and alternative big language models. Artificial Intelligence and
Applications, 2(1), 28-37. Retrieved from

https://ojs.bonviewpress.com/index.php/AlA/article/download/820/713

Aner (Accenture). (2019). The rise of hybrid customer service. Accenture Insights. [URL not
provided]

Auer, I., Schlogl, S., & Glowka, G. (2024). Chatbots in airport customer service—exploring
use cases and technology acceptance. Future Internet, 16(5), 175. Retrieved from

https://mww.mdpi.com/1999-5903/16/5/175

123


https://www.emerald.com/insight/content/doi/10.1108/LHT-09-2021-0330
https://www.ajcst.co/index.php/ajcst/article/download/3567/7606
https://www.cell.com/heliyon/pdf/S2405-8440(23)03281-4.pdf
https://ojs.bonviewpress.com/index.php/AIA/article/download/820/713
https://www.mdpi.com/1999-5903/16/5/175

Arntz, M., Gregory, T., & Zierahn, U. (2016). The risk of automation for jobs in OECD
countries: A comparative analysis. OECD Social, Employment and Migration Working
Papers. [URL not provided]

Ashkani, A. G. (2017). An investigation of the application of the Technology Acceptance
Model (TAM) to evaluate instructors' perspectives on e-learning at Kuwait University
(Doctoral dissertation). Dublin City University, School of Education Studies. [URL not
provided]

Astuti, E., Harsono, 1., Uhai, S., Muthmainah, H. N., & Vandika, A. Y. (2024). Application of
artificial intelligence technology in customer service in the hospitality industry in Indonesia:
A literature review on improving efficiency and user experience. Sciences Du Nord Nature
Science and Technology, 1(01), 28-36. Retrieved from

https://north-press.com/index.php/snnst/article/download/15/15

Auer, 1., Schldgl, S. and Glowka, G., 2024. Chatbots in airport customer service—exploring
use cases and technology acceptance. Future Internet, 16(5), p.175. Retrieved From:

https://www.mdpi.com/1999-5903/16/5/175

Babatunde, A. T. (2024). Driving innovation through Al and machine learning: exploring the
opportunities of integrating artificial intelligence in business intelligence. Academic Journal
of Global Who is who in Academia, 5(1), 1-14. Retrieved from
https://www.globalacademicstar.com/download/article/driving-innovation-through-ai-and-ma
chine-learning-exploring-the-opportunities-of-integrating-artificial-intelligence-in-business-in

telligence.pdf

Baudier, P., Ammi, C., & Deboeuf-Rouchon, M. (2021). The impact of COVID-19 on digital
transformations in the service sector. Technological Forecasting and Social Change, 163,
120572. [URL not provided]

Bank of America. (2022). Meet Erica: Your virtual financial assistant. Retrieved from
https://newsroom.bankofamerica.com

Bank of America. (2023). Digital Banking Trends.

Basheer, S., Walia, S., Mehraj, D., Farooq, S., & Reshi, M. A. (2024). Exploring the
Intersection of Tourism, Artificial Intelligence and Travel: The Rise of the Metaverse and Its
Implications. In The Role of Artificial Intelligence in Regenerative Tourism and Green
Destinations (pp. 71-83). Emerald Publishing Limited. Retrieved from
https://www.emerald.com/insight/content/doi/10.1108/978-1-83753-746-420241005/full/html

Buhalis, D., & Moldavska, 1. (2022). Voice assistants in hospitality: using artificial
intelligence for customer service. Journal of Hospitality and Tourism Technology, 13(3),
386-403. Retrieved from
https://eprints.bournemouth.ac.uk/36952/3/VVoice%20Assistants%20in%20Hospitality%208N
OV21%20CLEAN.pdf

124


https://north-press.com/index.php/snnst/article/download/15/15
https://www.mdpi.com/1999-5903/16/5/175
https://www.globalacademicstar.com/download/article/driving-innovation-through-ai-and-machine-learning-exploring-the-opportunities-of-integrating-artificial-intelligence-in-business-intelligence.pdf
https://www.globalacademicstar.com/download/article/driving-innovation-through-ai-and-machine-learning-exploring-the-opportunities-of-integrating-artificial-intelligence-in-business-intelligence.pdf
https://www.globalacademicstar.com/download/article/driving-innovation-through-ai-and-machine-learning-exploring-the-opportunities-of-integrating-artificial-intelligence-in-business-intelligence.pdf
https://newsroom.bankofamerica.com/
https://www.emerald.com/insight/content/doi/10.1108/978-1-83753-746-420241005/full/html
https://eprints.bournemouth.ac.uk/36952/3/Voice%20Assistants%20in%20Hospitality%208NOV21%20CLEAN.pdf
https://eprints.bournemouth.ac.uk/36952/3/Voice%20Assistants%20in%20Hospitality%208NOV21%20CLEAN.pdf

Bitner, M. J., Ostrom, A. L., & Meuter, M. L. (2000). Technology infusion in service
encounters. Journal of the Academy of Marketing Science, 28(1), 138-149.

Brandtzaeg, P. B., & Fglstad, A. (2017). Why people use chatbots. In International
Conference on Internet Science (pp. 377-392). [URL not provided]

Cao, L., Sarkar, S., Ramesh, B., Mohan, K., & Park, E. H. (2024). Shift of ambidexterity
modes: An empirical investigation of the impact of artificial intelligence in customer service.
International Journal of Information Management, 76, 102773. Retrieved from

https://www.sciencedirect.com/science/article/pii/S0268401224000215

Chatterjee, S., Rana, N. P., Tamilmani, K., & Sharma, A. (2020). The impact of Al on
customer experience in banking sector. International Journal of Bank Marketing, 38(7), 1537—
1561.

Chatterjee, S., Rana, N. P., Tamilmani, K., & Sharma, A. (2022). Understanding the adoption
of Al-enabled chatbots in service. Information Systems Frontiers, 24(1), 33-50.

Chen, 1. J., & Popovich, K. (2003). Understanding CRM: People, process and technology.
Business Process Management Journal, 9(5), 672—688.

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), 1512-1531. Retrieved from
https://www.researchgate.net/profile/Tran-Thien-Y-Le/publication/355119367 Usability and
responsiveness_of artificial_intelligence chatbot_on_online_customer_experience in_e-ret
ailing/links/617a0162eef53e51e1f72954/Usability-and-responsiveness-of-artificial-intelligen
ce-chatbot-on-online-customer-experience-in-e-retailing.pdf

Chen, T., Gasc6-Hernandez, M., & Esteve, M. (2024). The adoption and implementation of
artificial intelligence chatbots in public organizations: Evidence from US state governments.
The American Review of Public Administration, 54(3), 255-270. Retrieved from

https://discovery.ucl.ac.uk/id/eprint/10174202/1/Chatbot_Final%20to%20Share.pdf

Crawford, K. (2021). Atlas of Al: Power, Politics, and the Planetary Costs of Artificial
Intelligence. Yale University Press. [URL not provided]

Davenport, T. H., & Ronanki, R. (2018). Artificial Intelligence for the real world. Harvard
Business Review, 96(1), 108-116.

Davenport, T. H., Guha, A., Grewal, D., & Bressgott, T. (2020). How artificial intelligence
will change the future of marketing. Journal of the Academy of Marketing Science, 48(1),
24-42.

Das, I. R., Talukder, M. B., & Kumar, S. (2024). Implication of artificial intelligence in
hospitality marketing. In Utilizing Smart Technology and Al in Hybrid Tourism and

125


https://www.sciencedirect.com/science/article/pii/S0268401224000215
https://www.researchgate.net/profile/Tran-Thien-Y-Le/publication/355119367_Usability_and_responsiveness_of_artificial_intelligence_chatbot_on_online_customer_experience_in_e-retailing/links/617a0162eef53e51e1f72954/Usability-and-responsiveness-of-artificial-intelligence-chatbot-on-online-customer-experience-in-e-retailing.pdf
https://www.researchgate.net/profile/Tran-Thien-Y-Le/publication/355119367_Usability_and_responsiveness_of_artificial_intelligence_chatbot_on_online_customer_experience_in_e-retailing/links/617a0162eef53e51e1f72954/Usability-and-responsiveness-of-artificial-intelligence-chatbot-on-online-customer-experience-in-e-retailing.pdf
https://www.researchgate.net/profile/Tran-Thien-Y-Le/publication/355119367_Usability_and_responsiveness_of_artificial_intelligence_chatbot_on_online_customer_experience_in_e-retailing/links/617a0162eef53e51e1f72954/Usability-and-responsiveness-of-artificial-intelligence-chatbot-on-online-customer-experience-in-e-retailing.pdf
https://www.researchgate.net/profile/Tran-Thien-Y-Le/publication/355119367_Usability_and_responsiveness_of_artificial_intelligence_chatbot_on_online_customer_experience_in_e-retailing/links/617a0162eef53e51e1f72954/Usability-and-responsiveness-of-artificial-intelligence-chatbot-on-online-customer-experience-in-e-retailing.pdf
https://discovery.ucl.ac.uk/id/eprint/10174202/1/Chatbot_Final%20to%20Share.pdf

Hospitality (pp. 291-310). IGI Global. Retrieved from

https://www.academia.edu/download/112186077/Implication_of Artificial_Intelligence_in
Hospitality Marketing.pdf

De Andrade, I. M., & Tumelero, C. (2022). Increasing customer service efficiency through
artificial intelligence chatbot. Revista de Gestdo, 29(3), 238-251. Retrieved from

https://www.emerald.com/insight/content/doi/10.1108/rege-07-2021-0120/full/pdf

Deloitte. (2021). Future of Service: Intelligent Automation. Deloitte Digital Report.

Dushnitsky, G., & Stroube, B. K. (2021). Low-code entrepreneurship: Shopify and the
alternative path to growth. Journal of Business Venturing Insights, 16, e00251.

El Bakkouri, B., Raki, S., & Belgnaoui, T. (2022). The role of chatbots in enhancing
customer experience: literature review. Procedia Computer Science, 203, 432—-437. Retrieved

from https://www.sciencedirect.com/science/article/pii/S1877050922006627/pdf

Fianto, A. Y. A., & Dutahatmaja, A. (2023). Artificial intelligence and novel services:
Exploring opportunities in the marketing landscape. Journal of Applied Management and
Business, 4(1), 49-59. Retrieved from

https://e-journals.dinamika.ac.id/jamb/article/download/399/263

Floridi, L., Cowls, J., Beltrametti, M.. (2018). Al4People—An ethical framework for a good
Al society. Minds and Machines, 28(4), 689-707.

Frenette, J. (2021). Mixed-method design: Applications in service technology research. Social
Science Methodology Review, 18(4), 201-215. [unpublished / manuscript]. Retrieved from
https://www.researchgate.net/profile/Joel-Frenette-2/publication/391483121 The_Growing
Role_of Al_in_Customer_Service_Understanding_Consumer_Perceptions/links/6819f1ea60
241d5140232773/The-Growing-Role-of-Al-in-Customer-Service-Understanding-Consumer-

Perceptions.pdf

Gartner. (2023). Conversational Al Market Forecast. Gartner Research.

George, A. S., & George, A. H. (2023). A review of ChatGPT Al's impact on several business
sectors. Partners Universal International Innovation Journal, 1(1), 9-23. Retrieved from

https://puiij.com/index.php/research/article/download/11/5

Ghosh, S., Ness, S., & Salunkhe, S. (2024). The role of Al enabled chatbots in omnichannel
customer service. Journal of Engineering Research and Reports, 26(6), 327—345. Retrieved
from
https://www.researchgate.net/profile/Stephanie-Ness-3/publication/381096092_The_Role_of
Al_Enabled_Chatbots_in_Omnichannel_Customer_Service/links/665¢3492bc86444c7225a
39c/The-Role-of-Al-Enabled-Chatbots-in-Omnichannel-Customer-Service.pdf

126


https://www.academia.edu/download/112186077/Implication_of_Artificial_Intelligence_in_Hospitality_Marketing.pdf
https://www.academia.edu/download/112186077/Implication_of_Artificial_Intelligence_in_Hospitality_Marketing.pdf
https://www.emerald.com/insight/content/doi/10.1108/rege-07-2021-0120/full/pdf
https://www.sciencedirect.com/science/article/pii/S1877050922006627/pdf
https://e-journals.dinamika.ac.id/jamb/article/download/399/263
https://www.researchgate.net/profile/Joel-Frenette-2/publication/391483121_The_Growing_Role_of_AI_in_Customer_Service_Understanding_Consumer_Perceptions/links/6819f1ea60241d5140232773/The-Growing-Role-of-AI-in-Customer-Service-Understanding-Consumer-Perceptions.pdf
https://www.researchgate.net/profile/Joel-Frenette-2/publication/391483121_The_Growing_Role_of_AI_in_Customer_Service_Understanding_Consumer_Perceptions/links/6819f1ea60241d5140232773/The-Growing-Role-of-AI-in-Customer-Service-Understanding-Consumer-Perceptions.pdf
https://www.researchgate.net/profile/Joel-Frenette-2/publication/391483121_The_Growing_Role_of_AI_in_Customer_Service_Understanding_Consumer_Perceptions/links/6819f1ea60241d5140232773/The-Growing-Role-of-AI-in-Customer-Service-Understanding-Consumer-Perceptions.pdf
https://www.researchgate.net/profile/Joel-Frenette-2/publication/391483121_The_Growing_Role_of_AI_in_Customer_Service_Understanding_Consumer_Perceptions/links/6819f1ea60241d5140232773/The-Growing-Role-of-AI-in-Customer-Service-Understanding-Consumer-Perceptions.pdf
https://puiij.com/index.php/research/article/download/11/5
https://www.researchgate.net/profile/Stephanie-Ness-3/publication/381096092_The_Role_of_AI_Enabled_Chatbots_in_Omnichannel_Customer_Service/links/665c3492bc86444c7225a39c/The-Role-of-AI-Enabled-Chatbots-in-Omnichannel-Customer-Service.pdf
https://www.researchgate.net/profile/Stephanie-Ness-3/publication/381096092_The_Role_of_AI_Enabled_Chatbots_in_Omnichannel_Customer_Service/links/665c3492bc86444c7225a39c/The-Role-of-AI-Enabled-Chatbots-in-Omnichannel-Customer-Service.pdf
https://www.researchgate.net/profile/Stephanie-Ness-3/publication/381096092_The_Role_of_AI_Enabled_Chatbots_in_Omnichannel_Customer_Service/links/665c3492bc86444c7225a39c/The-Role-of-AI-Enabled-Chatbots-in-Omnichannel-Customer-Service.pdf

Gnewuch, U., Morana, S., & Maedche, A. (2017). Towards designing cooperative and social
conversational agents for customer service. Proceedings of the International Conference on
Information Systems, 308-324.

Gnewuch, U., Morana, S., Adam, M. T. P., & Maedche, A. (2022). Designing conversational
agents for emotional support. Business & Information Systems Engineering, 64(2), 95-107.

Gursoy, D., Chi, C. G,, Lu, L., & Nunkoo, R. (2019a). Consumers acceptance of artificially
intelligent (Al) device use in service delivery. International Journal of Information
Management, 49, 157-1609.

Gursoy, D., Chi, C. G., Lu, L., & Nunkoo, R. (2019b). Generating hotel customers’ trust in
Al-based services. International Journal of Contemporary Hospitality Management, 31(1),
154-174.

Gupta, N., & Parween, N. (2025). Using Analytics Al to Identify Consumer Behavior Patterns
in Ecommerce. International Journal of Research Publication and Reviews, 6(6), 5223-5238.
[URL not provided]

Hoy, M. B. (2018). Alexa, Siri, Cortana, and more: An introduction to voice assistants.
Medical Reference Services Quarterly, 37(1), 81-88.

Huang, M.-H., & Rust, R. T. (2018). Artificial Intelligence in Service. Journal of Service
Research, 21(2), 155-172.

Huang, M.-H., & Rust, R. T. (2021). Artificial Intelligence in Service. Journal of Service
Research, 24(1), 3-21.

Huang, M.-H., & Rust, R. T. (2021). A strategic framework for artificial intelligence in
marketing. Journal of the Academy of Marketing Science, 49, 30-50.

IGI Global. (Ed.). [various chapters cited above]. [URLSs provided with each chapter where
available]

IBM. (2020). Al and Customer Service during COVID-19. IBM Research Brief.

Inavolu, S. M. (2024). Exploring Al-driven customer service: Evolution, architectures,
opportunities, challenges and future directions. International Journal of Engineering and
Advanced Technology, 13(3), 156-163. Retrieved from

https://pdfs.semanticscholar.org/3744/60e2bcaaa2ff6785a452242d6524311556a6.pdf

Jain, V., Wadhwani, K., & Eastman, J. K. (2024). Artificial intelligence consumer behavior: A
hybrid review and research agenda. Journal of Consumer Behaviour, 23(2), 676-697. [URL
not provided]

127


https://pdfs.semanticscholar.org/3744/60e2bcaaa2ff6785a452242d6524311556a6.pdf

Juniper Research. (2020). Chatbots: Vendor Opportunities & Market Forecasts 2020-2025.
Retrieved from https://www.juniperresearch.com

Kalla, R., Smith, N., Samaah, F., & Kuraku, S. (2023). Study and analysis of ChatGPT and
its impact on different fields of study. International Journal of Innovative Science and
Research Technology, 8(3). Retrieved from

https://papers.ssrn.com/sol3/Delivery.cfm?abstractid=4402499

Kenchakkanavar, A. Y. (2023). Exploring the artificial intelligence tools: Realizing the
advantages in education and research. Journal of Advances in Library and Information
Science, 12(4), 218-224. Retrieved from http://jalis.in/pdf/12-4/Anand.pdf

Khneyzer, C., Boustany, Z., & Dagher, J. (2024). Al-Driven Chatbots in CRM: Economic and
Managerial Implications across Industries. Administrative Sciences, 14(8), 182. Retrieved

from https://www.mdpi.com/2076-3387/14/8/182

Krishnan, C., Gupta, A., Gupta, A., & Singh, G. (2022). Impact of artificial
intelligence-based chatbots on customer engagement and business growth. In Deep learning
for social media data analytics (pp. 195-210). Springer. Retrieved from

https://link.springer.com/chapter/10.1007/978-3-031-10869-3 11

Kumar, A., Dixit, A., Javalgi, R. G., & Dass, M. (2019). Digital transformation of customer
services: Virtual assistants as co-creators. Journal of Business Research, 100, 300—-310.

Kyrylenko, Y. (2024). Chatbots and virtual assistants vs. human agents in IT customer
support. Retrieved from
https://lauda.ulapland.fi/bitstream/handle/10024/66071/Kyrylenko Yevheniia.pdf?sequence=

1&isAllowed=y

Le, X. C. (2023). Inducing Al-powered chatbot use for customer purchase: the role of
information value and innovative technology. Journal of Systems and Information
Technology, 25(2), 219-241. Retrieved from

https://www.emerald.com/insight/content/doi/10.1108/jsit-09-2021-0206/full/html

Lemon, K. N., & Verhoef, P. C. (2016). Understanding customer experience throughout the
customer journey. Journal of Marketing, 80(6), 69-96.

Leocadio, D., Guedes, L., Oliveira, J., Reis, J., & Meldo, N. (2024). Customer service with
Al-powered human-robot collaboration (HRC): A literature review. Procedia Computer
Science, 232, 1222-1232. Retrieved from

https://www.sciencedirect.com/science/article/pii/S1877050924001200/pdf

Liu, L., & Duffy, V. G. (2023). Exploring the future development of Artificial Intelligence
(Al) applications in chatbots: a bibliometric analysis. International Journal of Social
Robotics, 15(5), 703-716. Retrieved from

https://link.springer.com/article/10.1007/s12369-022-00956-0
128


https://www.juniperresearch.com/
https://papers.ssrn.com/sol3/Delivery.cfm?abstractid=4402499
http://jalis.in/pdf/12-4/Anand.pdf
https://www.mdpi.com/2076-3387/14/8/182
https://link.springer.com/chapter/10.1007/978-3-031-10869-3_11
https://lauda.ulapland.fi/bitstream/handle/10024/66071/Kyrylenko_Yevheniia.pdf?sequence=1&isAllowed=y
https://lauda.ulapland.fi/bitstream/handle/10024/66071/Kyrylenko_Yevheniia.pdf?sequence=1&isAllowed=y
https://www.emerald.com/insight/content/doi/10.1108/jsit-09-2021-0206/full/html
https://www.sciencedirect.com/science/article/pii/S1877050924001200/pdf
https://link.springer.com/article/10.1007/s12369-022-00956-0

Liu, Y., Ginther, D., & Madey, G. (2008). Service quality in IVR systems. Journal of Service
Management, 19(2), 229-248.

Lu, V. N., Wirtz, J., Kunz, W. (2019). Service robots, customers and service employees: what
can we learn from the academic literature and where are the gaps? Journal of Service Theory
and Practice, 29(3), 178-221.

MacKenzie, I., Meyer, C., & Noble, S. (2013). How retailers can keep up with consumers.
McKinsey & Company, 18(1), 1-10. [URL not provided]

Madasamy, S., & Aquilanz, L. L. C. (2023). The evolution of chatbots: Cloud and Al synergy
in banking customer interactions. Journal of Emerging Technologies and Innovative
Research, 10(10), i127-i137. Retrieved from
https://www.researchgate.net/profile/Sridhar-Madasamy/publication/381259051 THE_EVO
LUTION_OF CHATBOTS CLOUD_AND_AI_SYNERGY_IN_BANKING_CUSTOMER
INTERACTIONS/links/66640310de777205a318c709/THE-EVOLUTION-OF-CHATBOTS
-CLOUD-AND-AI-SYNERGY-IN-BANKING-CUSTOMER-INTERACTIONS .pdf

Mangipudi, P. (2025, March 8). Al Powered Chatbots Vs Human Agents, A Compatible Study
On Customer Satisfaction.

Margaret, D. S., Elangovan, N., Balaji, V., & Sriram, M. (2023, May). The influence and
impact of Al-powered intelligent assistance for banking services. In International conference
on emerging trends in business and management (ICETBM 2023) (pp. 374-385). Atlantis

Press. Retrieved from https://www.atlantis-press.com/article/125986530.pdf

McKinsey & Company / Bughin, J., Hazan, E., Ramaswamy, S. (2017). Artificial
Intelligence: The Next Digital Frontier? McKinsey Global Institute.

McKinsey & Company. (2021). The Al-powered organization: Unlocking value and
innovation.

McLean, G., & Osei-Frimpong, K. (2021). Hey Alexa — Examining the effect of Al voice
assistant's attributes on customer engagement. Journal of Retailing and Consumer Services,
59, 102345.

Mittelstadt, B. D., Allo, P., Taddeo, M., Wachter, S., & Floridi, L. (2016). The ethics of
algorithms: Mapping the debate. Big Data & Society, 3(2).

Misischia, C. V., Poecze, F., & Strauss, C. (2022). Chatbots in customer service: Their
relevance and impact on service quality. Procedia Computer Science, 201, 421-428.

Retrieved from https://www.sciencedirect.com/science/article/pii/S1877050922004689/pdf

Nadkarni, S. (2022). Al-powered knowledge systems and efficiency in customer care.
Technology and Service Journal, 5(2), 99-1009.

129


https://www.researchgate.net/profile/Sridhar-Madasamy/publication/381259051_THE_EVOLUTION_OF_CHATBOTS_CLOUD_AND_AI_SYNERGY_IN_BANKING_CUSTOMER_INTERACTIONS/links/66640310de777205a318c709/THE-EVOLUTION-OF-CHATBOTS-CLOUD-AND-AI-SYNERGY-IN-BANKING-CUSTOMER-INTERACTIONS.pdf
https://www.researchgate.net/profile/Sridhar-Madasamy/publication/381259051_THE_EVOLUTION_OF_CHATBOTS_CLOUD_AND_AI_SYNERGY_IN_BANKING_CUSTOMER_INTERACTIONS/links/66640310de777205a318c709/THE-EVOLUTION-OF-CHATBOTS-CLOUD-AND-AI-SYNERGY-IN-BANKING-CUSTOMER-INTERACTIONS.pdf
https://www.researchgate.net/profile/Sridhar-Madasamy/publication/381259051_THE_EVOLUTION_OF_CHATBOTS_CLOUD_AND_AI_SYNERGY_IN_BANKING_CUSTOMER_INTERACTIONS/links/66640310de777205a318c709/THE-EVOLUTION-OF-CHATBOTS-CLOUD-AND-AI-SYNERGY-IN-BANKING-CUSTOMER-INTERACTIONS.pdf
https://www.researchgate.net/profile/Sridhar-Madasamy/publication/381259051_THE_EVOLUTION_OF_CHATBOTS_CLOUD_AND_AI_SYNERGY_IN_BANKING_CUSTOMER_INTERACTIONS/links/66640310de777205a318c709/THE-EVOLUTION-OF-CHATBOTS-CLOUD-AND-AI-SYNERGY-IN-BANKING-CUSTOMER-INTERACTIONS.pdf
https://www.atlantis-press.com/article/125986530.pdf
https://www.sciencedirect.com/science/article/pii/S1877050922004689/pdf

Nass, C., & Moon, Y. (2000). Machines and mindlessness: Social responses to computers.
Journal of Social Issues, 56(1), 81-103.

Narayanan, A., & Shmatikov, V. (2010). Privacy and data anonymization in the era of Big
Data. Communications of the ACM, 53(6), 24-26.

Ngai, E. W. T., Xiu, L., & Chau, D. C. K. (2009). Application of data mining in customer
relationship management. Expert Systems with Applications, 36(2), 2592—2602.

Nirala, K. K., Singh, N. K., & Purani, V. S. (2022). A survey on providing customer and
public administration based services using Al: chatbot. Multimedia Tools and Applications,
81(16), 22215-22246. Retrieved from

https://link.springer.com/content/pdf/10.1007/s11042-021-11458-y.pdf

Nguyen, M. (2024). Artificial Intelligence Chatbots in Telecommunications: Transforming
Customer Service in the Digital Age. Retrieved from

https://www.theseus.fi/bitstream/handle/10024/871230/Nguyen_Mai.pdf?sequence=2

Noonia, A., Beg, R., Patidar, A., Bawaskar, B., Sharma, S., & Rawat, H. (2024). Chatbot vs
Intelligent Virtual Assistance (IVA). In Conversational Artificial Intelligence (pp. 655-673).

Wiley. Retrieved from https://onlinelibrary.wiley.com/doi/abs/10.1002/9781394200801.ch36

OECD. (2021). OECD Digital Economy Outlook. OECD Publishing.

Panja, S., & Ghosh, P. (2024). Deep learning approaches to emotional Al in retail support
systems. Journal of Al Trends, 16(1), 27-45. [URL not provided]

Park, S., & Kim, E. (2024). Augmented Al: Enhancing chatbot comprehension for customer
loyalty. Asia-Pacific Journal of Business and Management, 5(3), 43-58. [URL not provided]

Panda, S., & Chakravarty, R. (2022). Adapting intelligent information services in libraries: A
case of smart Al chatbots. Library Hi Tech News, 39(1), 12-15. Retrieved from
https://www.researchgate.net/profile/Rupak-Chakravarty/publication/358074771_Adapting_i
ntelligent_information_services_in_libraries_a_case_of smart_Al_chatbots/links/61fa294d1e
98d168d7e62976/Adapting-intelligent-information-services-in-libraries-a-case-of-smart-Al-c

hatbots.pdf

Paschen, J., Pitt, C., & Kietzmann, J. (2020). Artificial intelligence in advertising: How
marketers can leverage Al to improve customer relationships. Journal of Advertising
Research, 60(3), 255-263.

Peruchini, M., da Silva, G. M., & Teixeira, J. M. (2024). Between artificial intelligence and
customer experience: a literature review on the intersection. Discover Artificial Intelligence,
4(1), 4. Retrieved from
https://link.springer.com/content/pdf/10.1007/s44163-024-00105-8.pdf

130


https://link.springer.com/content/pdf/10.1007/s11042-021-11458-y.pdf
https://www.theseus.fi/bitstream/handle/10024/871230/Nguyen_Mai.pdf?sequence=2
https://onlinelibrary.wiley.com/doi/abs/10.1002/9781394200801.ch36
https://www.researchgate.net/profile/Rupak-Chakravarty/publication/358074771_Adapting_intelligent_information_services_in_libraries_a_case_of_smart_AI_chatbots/links/61fa294d1e98d168d7e62976/Adapting-intelligent-information-services-in-libraries-a-case-of-smart-AI-chatbots.pdf
https://www.researchgate.net/profile/Rupak-Chakravarty/publication/358074771_Adapting_intelligent_information_services_in_libraries_a_case_of_smart_AI_chatbots/links/61fa294d1e98d168d7e62976/Adapting-intelligent-information-services-in-libraries-a-case-of-smart-AI-chatbots.pdf
https://www.researchgate.net/profile/Rupak-Chakravarty/publication/358074771_Adapting_intelligent_information_services_in_libraries_a_case_of_smart_AI_chatbots/links/61fa294d1e98d168d7e62976/Adapting-intelligent-information-services-in-libraries-a-case-of-smart-AI-chatbots.pdf
https://www.researchgate.net/profile/Rupak-Chakravarty/publication/358074771_Adapting_intelligent_information_services_in_libraries_a_case_of_smart_AI_chatbots/links/61fa294d1e98d168d7e62976/Adapting-intelligent-information-services-in-libraries-a-case-of-smart-AI-chatbots.pdf
https://link.springer.com/content/pdf/10.1007/s44163-024-00105-8.pdf

Pfoertsch, W., & Sulaj, K. (2023, December). Integrating artificial intelligence with customer
experience in banking: An empirical study on how chatbots and virtual assistants enhance
empathy. In 2023 International Conference on Computing, Networking, Telecommunications
& Engineering Sciences Applications (CONTESA) (pp. 69-74). IEEE. Retrieved from

https://ieeexplore.ieee.org/abstract/document/10384979/

Pillai, R., Ghanghorkar, Y., Sivathanu, B., Algharabat, R., & Rana, N. P. (2024). Adoption of
artificial intelligence (Al) based employee experience (EEX) chatbots. Information
Technology & People, 37(1), 449-478. Retrieved from

https://www.emerald.com/insight/content/doi/10.1108/itp-04-2022-0287/full/html

Prasad, K. V. S., Xavier, L. A,, Jain, S., Subba, R., Mittal, S., & Anute, N. (2024, May).
Al-Driven Chatbots for E-Commerce Customer Support. In 2024 International Conference on
Advances in Computing, Communication and Applied Informatics (ACCAI) (pp. 1-5). IEEE.

Retrieved from https://ieeexplore.ieee.org/abstract/document/10602261/

Panja, S. and Ghosh, P. (2024) ‘Deep learning approaches to emotional Al in retail support
systems’, Journal of Al Trends, 16(1), pp. 27-45.

Priya, B., & Sharma, V. (2023). Exploring users' adoption intentions of intelligent virtual
assistants in financial services: An anthropomorphic perspectives and socio-psychological
perspectives. Computers in Human Behavior, 148, 107912. Retrieved from

https://www.sciencedirect.com/science/article/pii/S0747563223002637

PwC. (2020). Bot.Me: A revolutionary partnership. PwC Global Report.

Raghav, Y. Y., Tipu, R. K., Bhakhar, R., Gupta, T., & Sharma, K. (2024). The Future of
Digital Marketing: Leveraging Artificial Intelligence for Competitive Strategies and Tactics.
In The Use of Artificial Intelligence in Digital Marketing: Competitive Strategies and Tactics
(pp. 249-274). 1GI Global. Retrieved from
https://www.researchgate.net/profile/Rupesh-Tipu/publication/375731424 The Future_of Di
gital_Marketing_Leveraging_Artificial_Intelligence for_Competitive Strategies_and_Tactic
s/links/66115d793d96¢22bc77594a0/The-Future-of-Digital-Marketing-Leveraging-Artificial-

Intelligence-for-Competitive-Strategies-and-Tactics.pdf

Rahman, E. Z., Aziz, S., Shah, S. B. A., & Asrifan, A. (2024). The effect of the regenerative
tourism movement on the global industry and the role of artificial intelligence. In The Role of
Artificial Intelligence in Regenerative Tourism and Green Destinations (pp. 165-183).
Emerald Publishing Limited. Retrieved from

https://www.emerald.com/insight/content/doi/10.1108/978-1-83753-746-420241011

Rane, N., Choudhary, S., & Rane, J. (2024). Artificial Intelligence (Al), Internet of Things
(10T), and blockchain-powered chatbots for improved customer satisfaction, experience, and
loyalty. (May 29, 2024). Retrieved from
https://papers.ssrn.com/sol3/Delivery.cfm?abstractid=4847274

131


https://ieeexplore.ieee.org/abstract/document/10384979/
https://www.emerald.com/insight/content/doi/10.1108/itp-04-2022-0287/full/html
https://ieeexplore.ieee.org/abstract/document/10602261/
https://www.sciencedirect.com/science/article/pii/S0747563223002637
https://www.researchgate.net/profile/Rupesh-Tipu/publication/375731424_The_Future_of_Digital_Marketing_Leveraging_Artificial_Intelligence_for_Competitive_Strategies_and_Tactics/links/66115d793d96c22bc77594a0/The-Future-of-Digital-Marketing-Leveraging-Artificial-Intelligence-for-Competitive-Strategies-and-Tactics.pdf
https://www.researchgate.net/profile/Rupesh-Tipu/publication/375731424_The_Future_of_Digital_Marketing_Leveraging_Artificial_Intelligence_for_Competitive_Strategies_and_Tactics/links/66115d793d96c22bc77594a0/The-Future-of-Digital-Marketing-Leveraging-Artificial-Intelligence-for-Competitive-Strategies-and-Tactics.pdf
https://www.researchgate.net/profile/Rupesh-Tipu/publication/375731424_The_Future_of_Digital_Marketing_Leveraging_Artificial_Intelligence_for_Competitive_Strategies_and_Tactics/links/66115d793d96c22bc77594a0/The-Future-of-Digital-Marketing-Leveraging-Artificial-Intelligence-for-Competitive-Strategies-and-Tactics.pdf
https://www.researchgate.net/profile/Rupesh-Tipu/publication/375731424_The_Future_of_Digital_Marketing_Leveraging_Artificial_Intelligence_for_Competitive_Strategies_and_Tactics/links/66115d793d96c22bc77594a0/The-Future-of-Digital-Marketing-Leveraging-Artificial-Intelligence-for-Competitive-Strategies-and-Tactics.pdf
https://www.emerald.com/insight/content/doi/10.1108/978-1-83753-746-420241011
https://papers.ssrn.com/sol3/Delivery.cfm?abstractid=4847274

Razdk (Radhakrishnan), J., & Chattopadhyay, M. (2020, December). Determinants and
barriers of artificial intelligence adoption—a literature review. In International Working
Conference on Transfer and Diffusion of IT (pp. 89-99). Cham: Springer International
Publishing.

Ridho, W. F. (2023). An examination of the opportunities and challenges of conversational
artificial intelligence in small and medium enterprises. Review of Business and Economics
Studies, 11(3), 6-17. Retrieved from

https://cyberleninka.ru/article/n/an-examination-of-the-opportunities-and-challenges-of-conv
ersational-artificial-intelligence-in-small-and-medium-enterprises

Rizwan, M. (2023). Al in banking customer support: Latency, compliance and data security
challenges. International Journal of Banking and Financial Technology, 7(1), 70-83.

Ruiz, M. J. S., Calderdn, C. E. J., Venecia, A. R. O., Santodomingo, A. A., & Forero, M. P.
(2025). Bibliometric behavior of artificial intelligence and digital marketing sustainability.
Procedia Computer Science, 257, 1047-1052. Retrieved from

https://www.sciencedirect.com/science/article/pii/S1877050925008737/pdf

Salesforce. (2022). State of the Connected Customer. Salesforce Research.
Salesforce. (2022). Introducing Salesforce Einstein: Al for CRM.

Sarker, S., Chatterjee, S., & Xiao, X. (2023). Impact of Al-based systems on customer loyalty
in retail. Journal of Retailing and Consumer Services, 70, 103161.

Schorr, A. (2023). The technology acceptance model (TAM) and its importance for
digitalization research: a review. Proceedings TecPsy, 2023, 55.

Seppala, T. (2023). Building trustworthy Al for consumer interaction. Journal of Trust
Technologies, 8(2), 152-169. [URL not provided]

Shaikh, N. (2023). Generative Al Use Cases For E-Commerce. International Journal of
Computer Science and Mobile Computing, 12(9), 10-14.

Shad, R., & Potter, K. (2024). Al-powered chatbots and virtual assistants in enhancing
business efficiency. Artificial Intelligence. Retrieved from
https://www.researchgate.net/profile/Kaledio-Potter-2/publication/385416790_AI-POWERE
D_CHATBOTS_AND_VIRTUAL_ASSISTANTS_IN_ENHANCING_BUSINESS_EFFICI
ENCY/links/6723a6bb77b63d1220d03b63/AI-POWERED-CHATBOTS-AND-VIRTUAL-A
SSISTANTS-IN-ENHANCING-BUSINESS-EFFICIENCY .pdf

Singh, P. (2024). Empowering Inclusion: Al-Powered Chatbots for Accessible Telecom
Services. Journal of Artificial Intelligence General science (JAIGS), 5(1), 167-173. Retrieved

from https://newjaigs.com/index.php/JAIGS/article/download/184/138
132


https://cyberleninka.ru/article/n/an-examination-of-the-opportunities-and-challenges-of-conversational-artificial-intelligence-in-small-and-medium-enterprises
https://cyberleninka.ru/article/n/an-examination-of-the-opportunities-and-challenges-of-conversational-artificial-intelligence-in-small-and-medium-enterprises
https://www.sciencedirect.com/science/article/pii/S1877050925008737/pdf
https://www.researchgate.net/profile/Kaledio-Potter-2/publication/385416790_AI-POWERED_CHATBOTS_AND_VIRTUAL_ASSISTANTS_IN_ENHANCING_BUSINESS_EFFICIENCY/links/6723a6bb77b63d1220d03b63/AI-POWERED-CHATBOTS-AND-VIRTUAL-ASSISTANTS-IN-ENHANCING-BUSINESS-EFFICIENCY.pdf
https://www.researchgate.net/profile/Kaledio-Potter-2/publication/385416790_AI-POWERED_CHATBOTS_AND_VIRTUAL_ASSISTANTS_IN_ENHANCING_BUSINESS_EFFICIENCY/links/6723a6bb77b63d1220d03b63/AI-POWERED-CHATBOTS-AND-VIRTUAL-ASSISTANTS-IN-ENHANCING-BUSINESS-EFFICIENCY.pdf
https://www.researchgate.net/profile/Kaledio-Potter-2/publication/385416790_AI-POWERED_CHATBOTS_AND_VIRTUAL_ASSISTANTS_IN_ENHANCING_BUSINESS_EFFICIENCY/links/6723a6bb77b63d1220d03b63/AI-POWERED-CHATBOTS-AND-VIRTUAL-ASSISTANTS-IN-ENHANCING-BUSINESS-EFFICIENCY.pdf
https://www.researchgate.net/profile/Kaledio-Potter-2/publication/385416790_AI-POWERED_CHATBOTS_AND_VIRTUAL_ASSISTANTS_IN_ENHANCING_BUSINESS_EFFICIENCY/links/6723a6bb77b63d1220d03b63/AI-POWERED-CHATBOTS-AND-VIRTUAL-ASSISTANTS-IN-ENHANCING-BUSINESS-EFFICIENCY.pdf
https://newjaigs.com/index.php/JAIGS/article/download/184/138

Singh, P. (2025). Streamlining telecom customer support with Al-enhanced IVR and chat.
Preprint. Retrieved from

https://www.preprints.org/frontend/manuscript/3744b61c53392e1¢898385d7e5a92d78/downl
oad_pub

Sohn, K., & Kwon, O. (2020). Technology acceptance theories and factors influencing
artificial Intelligence-based intelligent products. Telematics and Informatics, 47, 101324.

Statista. (2022). Al chatbot market size from 2016 to 2027. Statista Research Department.

Stahl, B. C. (2021). Artificial Intelligence for a Better Future: An Ecosystem Perspective on
the Ethics of Al and Emerging Digital Technologies. Springer Open. [URL not provided]

Sung, E. C. (2021). The effects of augmented reality mobile app advertising: Viral marketing
via shared social experience. Journal of Business Research, 122, 75-87.

Stili¢, A., Nici¢, M., & Puska, A. (2023). Check-in to the future: Exploring the impact of
contemporary information technologies and artificial intelligence on the hotel industry.
Turisticko poslovanje, (31). Retrieved from

https://www.aseestant.ceon.rs/index.php/turpos/article/download/43739/23061/

Thompson, ., & Resnick, D. (2024). Conversational commerce powered by LLMs: Case
study on retail industry adoption. Retail Business Review, 14(1), 112-126. [URL not
provided]

Tran, A. D., Pallant, J. I., & Johnson, L. W. (2021). Exploring the impact of chatbots on
consumer sentiment and expectations in retail. Journal of Retailing and Consumer Services,
63, 102718. Retrieved from

https://www.sciencedirect.com/science/article/pii/S0969698921002848

Tornatzky, L. G., & Fleischer, M. (1990). The processes of technological innovation.
Lexington, MA: Lexington Books. [URL not provided]

Turing, A. M. (1950). Computing machinery and intelligence. Mind, 59(236), 433-460.

UNCTAD. (2023). Digital Economy Report 2023. United Nations Publication. [URL not
provided]

Van Doorn, J., Lemon, K. N., Mittal, V. (2010). Customer engagement behavior. Journal of
Service Research, 13(3), 253-266.

Vargo, S. L., & Lusch, R. F. (2004). Evolving to a new dominant logic for marketing. Journal
of Marketing, 68(1), 1-17.

Vashishth, T. K., Sharma, V., Sharma, K. K., Kumar, B., Kumar, A., & Panwar, R. (2024).
Artificial intelligence (Al)-powered chatbots: Providing instant support and personalized
recommendations to guests 24/7. In Technology and Luxury Hospitality (pp. 211-236).

133


https://www.preprints.org/frontend/manuscript/3744b61c53392e1c898385d7e5a92d78/download_pub
https://www.preprints.org/frontend/manuscript/3744b61c53392e1c898385d7e5a92d78/download_pub
https://www.aseestant.ceon.rs/index.php/turpos/article/download/43739/23061/
https://www.sciencedirect.com/science/article/pii/S0969698921002848

Routledge. Retrieved from

https://www.researchgate.net/profile/Tarun-Vashishth-2/publication/380479162_Aurtificial_Int
elligence_Al-Powered Chatbots_Providing_instant _support_and_personalized_recommendat
ions_to_quests 247/links/66¢75b3c920e05672e4612f6/Artificial-Intelligence-Al-Powered-C
hatbots-Providing-instant-support-and-personalized-recommendations-to-quests-24-7.pdf

Venkatesh, V., Morris, M. G., Davis, G. B., & Davis, F. D. (2003). User acceptance of
information technology: Toward a unified view. MIS Quarterly, 27(3), 425-478.

Venkatesh, V., & Bala, H. (2008). Technology acceptance model 3 and a research agenda on
interventions. Decision Sciences, 39(2), 273-315.

Voigt, P., & Von dem Bussche, A. (2017). The EU General Data Protection Regulation
(GDPR).

Wahbi, A., Khaddouj, K., & Lahlimi, N. (2023). Study of the relationship between chatbot
technology and customer experience and satisfaction. International Journal of Accounting,
Finance, Auditing, Management and Economics, 4(6-1), 758-771. Retrieved from

http://www.ijafame.org/index.php/ijafame/article/download/1369/1276

Wang, X., Lin, X., & Shao, B. (2022). How does artificial intelligence create business
agility? Evidence from chatbots. International Journal of Information Management, 66,
102535. Retrieved from

https://www.sciencedirect.com/science/article/pii/S026840122200069X

Wang, X., Lin, X., & Shao, B. (2023). Artificial intelligence changes the way we work: A
close look at innovating with chatbots. Journal of the Association for Information Science
and Technology, 74(3), 339-353. Retrieved from

https://asistdl.onlinelibrary.wiley.com/doi/abs/10.1002/asi.24621

Wigfield, A., & Eccles, J. S. (2000). Expectancy—value theory of achievement motivation.
Contemporary Educational Psychology, 25(1), 68-81.

Wilson, G., Johnson, O., & Brown, W. (2024). Exploring the use of artificial intelligence in
personalizing marketing campaigns. Preprints, 7, v1. Retrieved from

https://www.preprints.org/manuscript/202408.0007/download/final_file

World Bank Group. (2023). Al Trends in Global Customer Service Delivery. World Bank.

Xu, A, Liu, Z., Guo, Y., Sinha, V., & Akkiraju, R. (2017). A new chatbot for customer
service on social media. Proceedings of the SIGCHI Conference on Human Factors in
Computing Systems, 3506—-3510.

Xu, Y., Zhang, M., & Su, Z. (2021). Al-based automated response systems: Development and
challenges. Journal of Business Research, 135, 23-36.

134


https://www.researchgate.net/profile/Tarun-Vashishth-2/publication/380479162_Artificial_Intelligence_AI-Powered_Chatbots_Providing_instant_support_and_personalized_recommendations_to_guests_247/links/66c75b3c920e05672e4612f6/Artificial-Intelligence-AI-Powered-Chatbots-Providing-instant-support-and-personalized-recommendations-to-guests-24-7.pdf
https://www.researchgate.net/profile/Tarun-Vashishth-2/publication/380479162_Artificial_Intelligence_AI-Powered_Chatbots_Providing_instant_support_and_personalized_recommendations_to_guests_247/links/66c75b3c920e05672e4612f6/Artificial-Intelligence-AI-Powered-Chatbots-Providing-instant-support-and-personalized-recommendations-to-guests-24-7.pdf
https://www.researchgate.net/profile/Tarun-Vashishth-2/publication/380479162_Artificial_Intelligence_AI-Powered_Chatbots_Providing_instant_support_and_personalized_recommendations_to_guests_247/links/66c75b3c920e05672e4612f6/Artificial-Intelligence-AI-Powered-Chatbots-Providing-instant-support-and-personalized-recommendations-to-guests-24-7.pdf
https://www.researchgate.net/profile/Tarun-Vashishth-2/publication/380479162_Artificial_Intelligence_AI-Powered_Chatbots_Providing_instant_support_and_personalized_recommendations_to_guests_247/links/66c75b3c920e05672e4612f6/Artificial-Intelligence-AI-Powered-Chatbots-Providing-instant-support-and-personalized-recommendations-to-guests-24-7.pdf
http://www.ijafame.org/index.php/ijafame/article/download/1369/1276
https://www.sciencedirect.com/science/article/pii/S026840122200069X
https://asistdl.onlinelibrary.wiley.com/doi/abs/10.1002/asi.24621
https://www.preprints.org/manuscript/202408.0007/download/final_file

Yadav, P., Gupta, P., Rai, P., Naik, N., & Kasip, K. (2023). Exploring the factors influencing
the adoption and continuous engagement in unlocking the potential of technology driven
chatbots in banking and financial institutions. Engineered Science, 28, 1054. Retrieved from

https://www.espublisher.com/uploads/article pdf/es1054.pdf

Yang, J., Blount, Y., & Amrollahi, A. (2024). Artificial intelligence adoption in a professional
service industry: A multiple case study. Technological Forecasting and Social Change, 201,
123251. [URL not provided]

Zhang, Z., & Dafoe, A. (2023). Al compliance and auditing in financial services: A policy
analysis. Journal of Financial Regulation, 9(2), 143-168.

135


https://www.espublisher.com/uploads/article_pdf/es1054.pdf

APPENDICES
Appendix A

Questionnaire Development
On

The Impact of Service Technology and Innovation on Customer Service: An
Exploration of Chatbots, Virtual Assistants, and Artificial Intelligence

This questionnaire was developed to gather relevant information from customers regarding
the influence of service technology and innovation on customer service. More specifically,
the questionnaire intends to gather information from these respondents regarding the impact
of chatbots, virtual assistance and Al on customer service. The questionnaire given below is a
tool chosen for collecting data for the research project titled “The Impact of Service
Technology and Innovation on Customer Service: An Exploration of Chatbots, Virtual
Assistants, and Artificial Intelligence”. The participants are requested to respond attentively
to all of the questions mentioned below. The respondents are assured that the information
they provide will be used for research purposes only and will be kept confidential and

unidentifiable to an individual or organisation.
Part A: Demographic Questions
Please select one appropriate option for the questions mentioned below.

1. Age

a. Under 25
b. 25-34
35-44
45-54
55-64

f. 65 and above

© o o
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2. Gender

a.
b.

C.

Male
Female

Prefer not to disclose.

3. Highest Level of Education

T o

a o

g.

No formal education

High school or equivalent
Diploma/Certificate course
Bachelor's degree

Master's degree

Doctoral degree

Other

4. Current Employment Status

o &

a2 o

g.

Employed full-time
Employed part-time
Self-employed
Unemployed
Student

Retired

Other

5. Sector in which service technology is used primarily

a o

@ = o

h.

Banking and finance
E-commerce / Online shopping
Telecommunications
Healthcare

Travel and tourism
Government services
Education

Others

6. Frequency of interaction with Chatbots, Virtual Assistance or Al

a.
b.

Daily
A few times a week
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Once a week

A few times a month
Rarely

Neve

Part B: Qualitative Questions

1.

10.

How is your overall experience in the context of interacting with Al-powered
customer service, such as chatbots or virtual assistants?

In your opinion, what manner does chatbots, virtual assistants, and other Al tools
influence the overall efficiency of customer service?

How satisfied are you with your interactions when using chatbots or virtual assistants
compared to human agents?

In what manner have Al-powered tools such as chatbots and virtual assistants changed
the way you interact with customer service teams?

Can you describe a time when an Al tool (chatbot or virtual assistant) helped you
resolve an issue quickly? What made the experience efficient?

In your view, how does Al compare with human customer service in terms of speed
and convenience?

Have you noticed any improvements in the way Al services recognise your
preferences or past interactions over time? Please describe.

According to you, how do chatbots contribute to faster response times or quicker issue
resolution during customer service interactions?

In your opinion, how convenient do you think chatbots or virtual assistants are for
resolving your service-related queries?

What are the factors that affect your likelihood of accepting and continuing to use

Al-powered customer service tools?
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Appendix B

Questionnaire Development
On

THE IMPACT OF SERVICE TECHNOLOGY AND INNOVATION ON CUSTOMER
SERVICE: AN EXPLORATION OF CHATBOTS, VIRTUAL ASSISTANTS, AND
ARTIFICIAL INTELLIGENCE

The primary objective of this questionnaire is to obtain relevant information from different
customers in three industries. The Questionnaire given below is a tool that has been chosen
for gathering data for the research project titled “THE IMPACT OF SERVICE
TECHNOLOGY AND INNOVATION ON CUSTOMER SERVICE: AN
EXPLORATION OF CHATBOTS, VIRTUAL ASSISTANTS, AND ARTIFICIAL
INTELLIGENCE”. The respondents are thus requested to respond attentively to all the
questions. Please be assured that the information obtained from this questionnaire will be

used for research purposes only and will be kept confidential.
Part A: Demographic Information
Please select one appropriate option in each of the following questions:

1. Age

o 18-30 Years

o 31-40Years

o 41-50 Years

o More Than 51 Years
2. Industry?

o E-commerce
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¢ Banking and Finance

o Healthcare

3. Gender
o Male

o Female
o Others

Part B: Use of Chatbots

On a scale of 1-5, please indicate the degree to which you agree to the statements given

below based on your experience. ( SD = Strongly Disagree, D = Disagree, N = Neither Agree

nor Disagree, A = Agree, SA = Strongly Agree)

Statements

SD

SA

The chatbot was able to answer my queries
effectively.

I found the chatbot easy to use and navigate.

The chatbot provided timely responses to my
concerns.

I prefer using chatbots over waiting for a human
representative.

My interaction with the chatbot felt natural and
smooth.

Part C: Use of Virtual Assistants

On a scale of 1-5, please indicate the degree to which you agree to the statements given

below based on your experience. ( SD = Strongly Disagree, D = Disagree, N = Neither Agree

nor Disagree, A = Agree, SA = Strongly Agree)

Statements

SD

SA
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Virtual assistants help me find solutions to
service-related issues.

My experience with virtual assistants has been
helpful and productive.

| find it convenient to use virtual assistants for
customer support.

Virtual assistants understand my queries
accurately.

| trust virtual assistants to handle basic customer
service tasks.

Part D: Use of Artificial Intelligence Tools

On a scale of 1-5, please indicate the degree to which you agree to the statements given

below based on your experience. ( SD = Strongly Disagree, D = Disagree, N = Neither Agree

nor Disagree, A = Agree, SA = Strongly Agree)

Statements

SD

SA

Al-based tools help personalize my customer
service experience.

| receive accurate information when Al tools are
used in customer service.

| feel that Al tools speed up the service process.

I am comfortable with companies using Al tools
for customer service.

I believe Al tools improve the quality of support I
receive.

Part E: Customer Service Efficiency
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On a scale of 1-5, please indicate the degree to which you agree to the statements given

below based on your experience. ( SD = Strongly Disagree, D = Disagree, N = Neither Agree

nor Disagree, A = Agree, SA = Strongly Agree)

Statements

SD

SA

The technology used made the customer service
process faster.

I experienced minimal delays when using
tech-based customer service.

My issue was resolved more efficiently with the
help of technology.

| find that Al/chatbots/assistants reduce my
waiting time.

The service technology made the overall support
process seamless.

Part F: Customer Satisfaction

On a scale of 1-5, please indicate the degree to which you agree to the statements given

below based on your experience. ( SD = Strongly Disagree, D = Disagree, N = Neither Agree

nor Disagree, A = Agree, SA = Strongly Agree)

Statements

SD

SA

| feel good about the outcome of my tech-based
customer service interaction.

I would rate my experience as positive when using
service technology.

The use of digital tools made my experience more
satisfying.

My expectations were met by the
technology-enabled customer service.
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I am satisfied with the support I received through
service technology.

Part G: Customer Interaction

On a scale of 1-5, please indicate the degree to which you agree to the statements given
below based on your experience. ( SD = Strongly Disagree, D = Disagree, N = Neither Agree

nor Disagree, A = Agree, SA = Strongly Agree)

Statements

SD

SA

I did not face any difficulty while interacting with
the chatbot/assistant/Al tool.

I could communicate my issue easily through
technology.

The technology communicated clearly and
effectively with me.

My concerns were understood correctly by the
system.

| felt engaged during my interaction with the
technology.

Part H: User Convenience

On a scale of 1-5, please indicate the degree to which you agree to the statements given

below based on your experience. ( SD = Strongly Disagree, D = Disagree, N = Neither Agree

nor Disagree, A = Agree, SA = Strongly Agree)

Statements

SD

SA

It was easy to access the technology when | needed
help.
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I could use the service technology without needing
assistance.

| found the process simple and user-friendly.

I did not have to spend extra effort to get support
using the technology.

The technology was available when | needed
customer support.

Part I: User Acceptance

On a scale of 1-5, please indicate the degree to which you agree to the statements given
below based on your experience. ( SD = Strongly Disagree, D = Disagree, N = Neither Agree
nor Disagree, A = Agree, SA = Strongly Agree)

Statements SD D N A

| would recommend others to use tech-based
customer service solutions.

I believe this technology is a good alternative to
human agents.

I accept the use of Al technologies in customer
service.

I am comfortable relying on virtual assistants and
chatbots.

I am open to using Al-based customer service
again.
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