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ABSTRACT

The increasing use of AI technologies such as chatbots by retailers is leading academics and

practitioners to recognise their impact on the customer experience. Although research shows that

consumers generally prefer to deal with humans rather than robots, it has also shown that embed-

ding virtual agents into online retail and service websites leads to positive customer outcomes. In

this paper, we investigate the presence of intelligent, disembodied virtual agents (i.e., AI chatbots)

in an online shopping context and extend the study to include human-like cues such as conversa-

tional style and avatar that can improve the customer experience. We conduct two online exper-

iments (N = 77 and 143) with real chatbot conversations in a simulated online store to test the

premises of our study. Study 1 showed no differences between the presence and absence of a chat-

bot on participants’ customer experience. The interaction effect in Study 2 (conversation style x

avatar type) also proved to be non-significant. Nonetheless, in line with previous studies, signifi-

cant evidence of perceived humanness, personalization, and social support was found, opening the

door for further research. The paper concludes with practical implications for retailers using AI

chatbots for their customers.

Keywords:

AI Chatots – Online Customer Experience – Interaction Style – Avatar – Online Shopping

5



CHAPTER 1. GENERAL INTRODUCTION

This chapter provides an overview of the topic chosen for this thesis, its implications and scope.

1.1 Context

With the immense growth of digitization, artificial intelligence is the game changer that com-

panies are banking on to boost their organizational performance. According to ? recent survey on

the topic, artificial intelligence is on the rise, with 37% of companies reporting that they are already

using artificial intelligence. In practice, AI applications and tools are widely used by companies in

all industries and are therefore ubiquitous. They are not only changing business processes but also

customer behavior. Ameen et al. (2021) recently published an article that provides examples of

common AI applications and how they improve and enhance the customer experience. For exam-

ple, intelligent recommendation agents as AI-powered tools can improve customers’ convenience

by providing personalized recommendations that presumably profile their preferences (e.g., Net-

flix, Spotify). In retail, AI technologies for virtual fitting are also a case worth mentioning, as

they help reduce and limit errors in online clothing purchases, from size to color to fashion pref-

erences (Yang et al., 2020) . One example of the AI technology broadly used by by businesses

to enable more efficient interactions with customers is chatbots1, also known as (disembodied)

conversational agent.

Chatbots are usually defined as computer programs with text or voice interface, based on natu-

ral language and specifically designed to provide faster and more natural access to information to

facilitate and enhance user interaction (Jain et al., 2018). The chatbot revolution is in full swing,

1The term chatbot and conversational/virtual agent are not identical in meaning but will be used interchangeably
henceforth.
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appearing and disappearing from the limelight depending on how good their capabilities are. How-

ever, advances in artificial intelligence, natural language processing (NLP), and machine learning

are the reason why chatbots are making a comeback and becoming more adept and intelligent

(Gnewuch et al., 2017) . Given these improvements, the use of chatbots has expanded and can be

found in various industries and sectors such as healthcare, tourism, and e-commerce. AI chatbots

make it possible to access customer-related data, interpret it correctly, and adapt it in a flexible

manner (Kaplan and Haenlein, 2019). By gaining such insights, companies can improve their po-

tential knowledge of customer needs and optimize their decision-making in response,making AI

chatbots an innovative way to add value not only for marketers but also for customers.

There is a plethora of AI chatbot use cases in marketing and sales. These often include answer-

ing frequently asked questions, handling customer service requests, recommending new offers,

capturing customer inquiries, etc. Therefore, AI chatbots can be considered as interaction brokers,

i.e., a point of contact between businesses and customers. Customers interact with chatbots to

get information in the pre-purchase phase, to get assistance during the purchase phase, and finally

to get their questions answered in the post-purchase phase. Previously, this required customers

to either fill out forms, write formal emails, or call hotlines with often long queues.In summary,

chatbots are touchpoints that allow customers to interact effortlessly and save time and money

throughout the purchase phase (Gnewuch et al., 2018; Adam et al., 2019; Moriuchi, 2020; Pren-

tice et al., 2020) .In line with research, the internal and subjective responses customers receive

from similar interactions are referred to as customer experience. Therefore, it can be inferred that

chatbots have an important impact on customer experience.

In today’s retail service environment, where customers are more in control than ever, mar-

keting scholars and practitioners agree that a largely pleasant customer experience represents a

significant long-term competitive advantage for any business. It follows that CX is a key aspect of

differentiation and engagement, making it one of the most important areas of research in marketing.

And although customer experience is increasingly shifting to technology-based online touchpoints,
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there are only few studies investigating this new phenomenon (De Keyser et al., 2020; Becker and

Jaakkola, 2020) . This growing attention has led to calls for research to better understand this trend

in science and practice.

1.2 Research aim and objectives

As mentioned earlier, AI-based chatbots’s omnipresence in customer-business encounters is

pushing both scholars and practitioners to understand how these technologies impact customer

experience in particular Jain et al. (2018) , but little is known about how customers respond to their

use. The technology behind chatbots is growing, but understanding of chatbot interactions is not

growing at the same rate. The development of a successful chatbot largely depends on these two

factors, i.e. technological and social factors. In addition, while chatbots provide faster and more

natural access to information, they often fail to meet customer expectations if they do not provide

interactions as engaging, entertaining, and complex as interpersonal conversations in messaging

apps Pérez et al. (2020). This means that more knowledge about the interaction between customers

and chatbots is needed to achieve positive results for customers.

Based on these insights, the purpose of this study is to understand the impact of introduc-

ing an intelligent chatbot that performs search support functions in an online shopping context.

More specifically, this study examines the difference between AI conversational user interface

(i.e.,chatbot) and graphical user interface (website) in assisting customers to find the right products.

In other words, we want to evaluate the difference between the presence and the absence of an AI

chatbot in online shopping context in terms of customer experience ( Study 1). Despite the differ-

ent types and designs of chatbot interfaces (e.g., embodied, avatar, etc.), scholars and practitioners

still disagree on which elements should be considered or disregarded when designing chatbots to

achieve a better conversation with customers. These factors are related to human-computer inter-

action and are crucial for a positive customer experience. The study (2) addresses conversational
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and visual anthropomorphic cues in chatbots and examines their impact on customer experience,

which is very relevant given the increasing prevalence of chatbots.

1.3 Contribution

The literature review of this paper does not include a study that examines the direct impact

of AI chatbots and their features on customer experience. This gap motivates the author of this

paper to provide meaningful insights to marketing scholars and managers and hopefully suggest

directions for future research. Furthermore, it is not intended to provide definitive and conclusive

answers regarding the causality of the variables studied, but rather to explore the research ques-

tions. Thus, the relevance of this work is firstly at the functional level for developers of chatbots

by uncovering the potential impact of design elements on the experience. Secondly, at the man-

agement level for marketers testing chatbots on their landing pages to create a better and smoother

online experience. And finally, at the academic level, adding to existing scientific knowledge and

laying the groundwork for future studies on chatbots, such as understanding the underlying factors

that might influence chatbot adoption.

Chatbots tend to be disembodied CAs in that they interact with customers primarily via messaging-

based interfaces through verbal (e.g., conversational style) and nonverbal cues (e.g., three animated

dots) that enable real-time dialogue, with generally a static profile picture. Apart from two excep-

tions that focused on verbal ADCs (Araujo, 2018; Go and Sundar, 2019), this study is, to our

knowledge, one of the first to examine virtual agents in the form of AI chatbots (as opposed to

other forms, such as interactive avatars) and to incorporate visual conversational cues to investi-

gate their impact on the online customer experience in an online shopping environment (Adam

et al., 2019).
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1.4 Approach

This paper begins with a literature review explaining the concepts of the study (i.e. AI chatbots,

customer experience). This section serves to enhance the understanding of the topic by allowing

the researcher to map and analyze the current intellectual terrain and define the research question

to add to the existing body of knowledge. Next, the major theories on the topic are highlighted

and incorporated into the development of the hypotheses and the creation of the conceptual model.

Finally, the research design and data collection process for this thesis are defined and the results

are revealed and addressed to determine the managerial and scientific significance of this analysis

and its potential implications for further study.
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CHAPTER 2. LITERATURE REVIEW

In this chapter, a literature review important to establishing the research questions and

assumptions that underpin the study design is presented to explain and clarify all constructs, terms

and core theories that will form the basis for the development of the corresponding hypotheses

and conceptual model for this thesis.

For expositional ease, we use the terms “interaction style” “conversational style” interchangeably

throughout the paper.

2.1 Customer Experience

Holbrook and Hirschman (1982) were the first to challenge the traditional consumer decision-

making process that assumed the customer was purely rational (Bhattacharaya), and instead rec-

ognized the "experiential" dimension of consumption, which includes symbolic, hedonistic, and

esthetic factors. Later, in Pine and Gilmore’s "experience economy", experience becomes an im-

portant offering by firms to customers, similar to goods, commodities and services. However, the

first serious discussion and analysis of customer experience in marketing emerged with a major

study by Schmitt (1999), which extended the work of Pine and Gilmore. Schmitt (1999) presented

a distinction between traditional marketing and experiential marketing based on five strategic ex-

periential modules (SEMs) in the form of "sense", "feel", "think", "act" and "relate", which he used

to argue that experiences occur when a consumer encounters and lives through things that convey

relational, emotional, sensory, behavioral and cognitive values(Verhoef et al., 2009)

Since the conceptual focus of SEMs developed by Schmitt (1999), customer experience has re-

ceived growing attention in academia with numerous conceptual and empirical studies on the topic.
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Various definitions and conceptualizations have emerged, most of which share some elements with

the model proposed by Schmitt (1999) (Berry et al., 2002; Gentile et al., 2007; ?; Pine 2nd. and

Gilmore, 1998) . However, despite their contrasting perspectives, these studies agree that customer

experience is a complex, multifaceted concept defined differently depending on the approach and

context, that involves a person (subject) interacting with a firm or its offerings (object) at different

levels.(De Keyser et al., 2020; Jain et al., 2018) Customer experience is defined as a state that

is evoked in an individual in response to a stimulus Poulsson and Kale (2004) . For Becker and

Jackola, customer experience is the ”subjective response or interpretation of any direct or indirect

contact with the elements of service, such as the provider, offering, brand, environment, or pro-

cess”, while (Gentile et al., 2007, p.397) defines CX as ” set of interactions between a customer

and a product, a company, or a part of its organization which provoke a reaction ).Against these dif-

ferent definitions of customer experience (Lemon and Verhoef, 2016; Becker and Jaakkola, 2020)

, there seems to be some agreement that customer experience reflects the customer’s internal re-

action and subjective response to all direct and indirect encounters with a company’s products,

service, or brand (Gentile et al., 2007; Becker and Jaakkola, 2020) . Indirect contact usually in-

cludes unplanned encounters with representatives, word of mouth, advertisements, news reports, or

product reviews, while direct contact occurs in the course of a customer’s purchase, use, or service

and is usually initiated by the customer.

These internal responses and subjective reactions are a set of sensations and mental states

that can be described as the dimensions of the customer experience construct Rose et al. (2012).

Notwithstanding the varying number of CX dimensions that exist depending on the context and

the research setting, recent studies, in line with Smith’s work, have extended the dimensionality

approach from two dimensions, i.e. affective and cognitive (Rose et al., 2012; Danckwerts et al.,

2019), to other dimensions such as sensory, behavioral and relational (Gentile et al., 2007; Schmitt,

1999). CX is thus a multidimensional construct composed of individuals’ cognitive, affective, sen-
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sory/physical, social/relational, and behavioral/pragmatic responses to a service at every possible

point of contact, i.e., touchpoints outside and within the control of the retailer or company.

All in all, a more dynamic perspective on customer experience states that CX is the amalga-

mation of small, incremental, bounded experiences that evolve throughout the customer journey

Lemon and Verhoef (2016) .In similar vein, De Keyser et al. (2020) presents a comprehensive con-

ceptualization of CX: the customer experience is formed through interactions with "touchpoints"

( firm-controlled vs. non-firm-controlled and direct vs. indirect) within "phases" (pre-purchase,

purchase, post-purchase) conditioned by a broader "context" (individual, social, environmental,

etc.) and characterized by a set of "qualities" (strength, duration, valence, etc.) that together result

in a value judgment by the customer.

The different conceptualizations of customer experience in terms of scope and dimensions,

antecedents and consequences also complicate the operationalization of the construct in a holistic

manner. Despite the associated concerns about measurement validity and results generalizability,

scholars recommend that customer experience measurement tools should be adapted to fit the con-

text (Waqas et al., 2021) .That being said, two influential scales are extensively used in CX research

in view of their applicability in multiple, wide-ranging contexts in marketing (e.g., tourism,retail).

These scales include the brand experience scale (Josko, 2009) and Experience quality scale (EXQ)

(Klaus et al., 2013; Maklan and Klaus, 2011) The Brand Experience Scale follows the conceptual

focus on SEMs developed by Schmitt (1999) to measure customer experience with a brand, using

four dimensions: intellectual, sensory, affective and behavioral. The Experience Quality Scale

(EXQ), on the other hand, includes four dimensions (product experience, outcome focus, moments

of truth, and peace of mind) based on evaluative judgments about the service. The latter approach

has been criticized by scholars considering that evaluative concepts such as perceived service qual-

ity, satisfaction, and motivational concepts such as engagement should be distinguished from the

definition of CX and that this link deserves further investigation.(e.g.,) (Becker and Jaakkola, 2020;

De Keyser et al., 2020; Lemon and Verhoef, 2016)
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2.2 AI-enabled Customer Experience

Due to technological advancements and the proliferation of digital services, customer inter-

actions are shifting to online channels and touchpoints. As a result, companies are expected to

provide better service in the online environment and maximize the capabilities of each digital

touchpoint to enhance the customer experience in the online context. However, it is becoming

increasingly difficult to create a superior online customer experience (OCE) as customers become

more aware of the competition. The main advantage of online stores is that retailers can operate

their business 24/7 and customers can access the store from anywhere in the world, but one of the

biggest disadvantages is the naturalness of the interaction with the retailer: when a customer enters

the website, they should have the same feeling as when they enter a physical store. Therefore, the

online customer experience should resemble the offline environment, where products and services

are easy to find and help is always nearby.

Moreover, due to the lack of natural connection between retailers and online customers, most

online stores resemble vending machines rather than real stores. Online stores, based only on

graphical user interfaces, do not allow retailers to persuade potential customers to buy products

and do not give customers the opportunity to ask questions and learn more details about products

than they would with a human salesperson. There is no doubt that communication is crucial to

attracting, serving and retaining customers. One of the most beneficial ways to engage customers

anywhere, anytime, and provide them with an easy and natural interaction is to use a conversational

user interface, i.e. chatbots.

To clarify, chatbots are computer programmes that simulate human-like interaction by under-

standing user queries and performing a limited number of tasks without undue delay, much as

consumers would if they were talking to a real person. Chatbot systems have become much more

sophisticated thanks to significant advances in artificial intelligence (AI). When supported by AI-

related technologies such as Natural language understanding (NLU), chatbots can better discern
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the intent behind users’ input and learn more complex ways to simulate human conversations, such

as asking open-ended questions, interpreting users’ free-text responses, and prompting for answers

when needed (Hussain; Klopfenstein et al., 2017) . These technologies can be trained to learn

from each interaction with a customer to improve their performance in the next one and eventually

become more intelligent.

Virtual agents (i.e. AI chatbots) are needed wherever assistance is needed during or after a

purchase: They are used to assist customers in online transactions on websites by providing them

with additional information, personalized advice and recommendations (Araujo, 2018; De Cicco

et al., 2020; Verhagen et al., 2014) and also technical support such as shipping or product returns.

Therefore, these agents can be used strategically to enable companies to interact with their cus-

tomers on a personal level and support them on a full-time basis. With this in mind, it can be

concluded that chatbots aim to provide customers with an effortless online experience that is time

and cost efficient (Gnewuch et al., 2018; Adam et al., 2019; Moriuchi, 2020; Prentice et al., 2020).

Empirical research on online customer experience started to emerge with seminal work of

Novak et al. (2000). During this time, researchers investigated the phenomenon of customer ex-

perience in Internet environments (Waqas et al., 2021) . Only recently, with the rapid growth of

online retailing, is research on digital touchpoints catching up (Bleier et al., 2019; Rose et al.,

2012; Kaatz et al., 2019) . Nevertheless, a review of the extant literature shows that research is

still sparse and at an early stage, and that more in-depth research on online customer experience

in different online environments, e.g. shopping environments, including the measurement of this

experience and its impact, is needed.

Earlier, the online customer experience was studied by Novak from a cognitive perspective and

defined as "a cognitive state experienced during online navigation", i.e. "flow" (Novak et al., 2000).

While the author focused only on the antecedents of online flow (i.e., telepresence, challenge, skill,

and interactive speed), later studies extended this work and incorporated affective state into the

conceptualization of OCX with new hedonic variables as antecedents of OCX (Rose et al., 2012) .
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Consistent with these studies, the literature review shows that most research conducted in the field

of OCX have described customer experience as consisting of two dimensions (Danckwerts et al.,

2019). In contrast, other research based on previous notable work in the field of offline experiences

has considered additional elements of a customer experience in an online environment, such as

sensory and physical dimensions that include technology-related features such as a user-friendly

interface and clear design (Ameen et al., 2021; Bleier et al., 2019; Waqas et al., 2021) . Similarly,

social elements were captured that relate to the influence of others online, such as online forums,

reviews, and virtual agents (e.g., avatars, chatbots) (Chattaraman et al., 2012) .

Since the context of analysis in this paper is online shopping, CX is inherently determined by

the direct interaction between customers and the online environment. Therefore, a more compre-

hensive measurement such as Service Experience Quality EXQ (Klaus et al., 2013), which captures

CX in three stages, or Brand Experience Scale (Josko, 2009; Schmitt, 1999), which focuses only

on the "brand-related stimuli" (Lemon and Verhoef, 2016, p.70), cannot accurately explain CX

in the online environment (Kuppelwieser and Klaus, 2021) . As mentioned earlier, there is no

work that attempts to develop an all-encompassing measurement tool to capture all CX qualities

holistically and dynamically across the customer journey, but work that tailors CX measurement to

specific contexts (Waqas et al., 2021). Therefore, this paper analyzes CX as it is lived in the online

environment using the operationalization of Bleier et al. (2019).

As recommended by most CX researchers(e.g.) (Lemon and Verhoef, 2016; Schmitt, 1999;

Verhoef et al., 2009) , Bleier et al. (2019) based the OCX scale on the four dimensions of experience

most commonly used in the literature: cognitive, affective, social and sensory, omitting by that

the physical and behavioral dimensions. Indeed, several studies claim that responses to sensory

stimuli are closely related to clients’ physical well-being, implying that the sensory dimension is

inextricably linked to the physical dimension. On the other hand, according to the definition of

Kaatz et al. (2019). the behavioral component is: "the flexibility of customers to enter the store at

any time and from any place", which is a given condition for the success of the experiments of this
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research. Accordingly, this study will limit the conceptualization and operationalization of OCX

to that proposed by Bleier et al. (2019).

Online experiences are created through the internal reactions (cognitive, affective, social, sen-

sory) that occur when customers perceive and interpret online stimuli, in this case, the nature of the

interface (Study 1) and its features, i.e. anthropomorphic cues (Study 2). Respectively, cognitive

dimension of OCX or "Informativeness" referred to by Bleier et al. (2019) . captures the functional

aspect and value of the experience Verhoef et al. (2009), and is defined as "the extent to which a

website provides consumers with helpful and useful information Bleier et al. (2019); Li and Unger

(2012) .Customer interactions with the online environment can also elicit affective responses: The

affective dimension or"Entertainment" reflects the immediate enjoyment of the experience, inde-

pendent of its ability to facilitate a particular shopping task. The social dimension, i.e. 3Social

Presence3, refers to the warm, social and human contact that a website provides . Finally, the

sensory dimension, "Sensory Appeal", refers to "the representational richness of a mediated envi-

ronment as defined by its formal features" (Bleier et al., 2019) . Sensory responses in the online

environment can be elicited for example by visual design elements (e.g., colors, photos, videos).

2.3 Theoretical framework

In the context of human-computer interaction, social-response theory assumes that individuals

respond to technology endowed with human-like features such as speech, voice, and interactivity

with anthropomorphic impressions and socially desirable behavior (Nass and Moon, 2000) . The

well-established social response theory has paved the way for several studies in digital contexts

showing how humans apply social rules to anthropomorphically designed computers. Although

many studies have been conducted on chatbots and conversational user interfaces, most of them

have focused on their technical elements, such as improving natural language processing algo-

rithms, Conversely, the understanding of chatbot interaction is not growing at the same rate. In
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line with HCI, chatbots have the ability to mimic interpersonal interactions and can therefore be

considered as social and not just functional technologies (Følstad and Brandtzaeg, 2020).

Among the few research papers that have examined how users respond to social cues from chat-

bots and other systems with conversational user interfaces (e.g., embodied conversational agents)

are those that examine the effect of visual cues like avatar (virtual representations of real persons)

attractiveness (Holzwarth; Jin and Bolebruch, 2009), Other types of social cues have also been

found to influence users’ perception of a chatbot, such as interaction style (Chattaraman et al.,

2019) and the degree of interactivity (Schuetzler et al., 2014). Actually, according to many, inter-

activity is a social cue that elicits social responses and can be explained by user’s perception of

interpersonal interaction and sense they are in the presence of a social other (Wang et al., 2007;

Kim and Sundar, 2012). Along the findings of previous authors we argue that the presence of

virtual agents elicits higher perceptions of interactivity.

Consistent with Zhang et al. (2020) , this study defines social support as a multidimensional

construct consisting of informational and emotional support. Informational support refers to the

cognitive feelings triggered by an online material in the form of recommendations, instructions,

or useful advice that help customers overcome difficulties. Emotional support, on the other hand,

refers to the affective experience of emotional concerns such as caring, understanding, and empa-

thy. Indeed, a chatbot can provide the customer with response feedback (i.e., Nice to you meet

you), social acknowlegments (i.e.,Thanks, i’m glad i could help) and deal with user excuses (i.e,

no worries, want to start over). Similar to Chattaraman et al. (2019) we believe that social support

through procedural and navigational instructions provided by a conversational user interface that

simulates human-like conversations has the potential to give customers the feeling or experience

of being cared for, helped, and responded to compared to a graphical user interface (Zhang et al.,

2020).

Personalization is the customer’s perception of the flexibility of the website to meet their pref-

erences in an online environment. According to Komiak and Benbasat (2006), personalization has
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a positive effect on the adoption of recommendation agents, even if they’re rudimentary. Further-

more, Verhagen et al. (2014) argue that CAs can reduce the lack of interpersonal interaction in

online environments by evoking perceptions of social presence and personalization (Adam et al.,

2019) . Finally, in line with previous authors, personalization of CA has been shown to positively

affect cognitive experience state and affective experience state. In particular, it’s worth noting that

intelligent chatbots can collect a range of textual data to increase personalization, which signifi-

cantly improves customers’ virtual experiences. For example, they can remember the user’s name

and address him with it throughout the interaction, remember the user’s choices and provide him

with personalized information based on his needs and profiles. In this sense, we can say that con-

versational agents provide a higher level of personalization than a website when shopping online.

2.4 Proposed model and hypotheses development

2.4.0.1 Study 1

Websites present an environment of increased cognitive load when performing search tasks

(Chattaraman et al., 2019). In this context, customers strive to obtain information about a product

or service, compare alternatives, or find a better price (Bleier et al., 2019). According to cognitive

load theory, individuals select the most relevant information from a variety of sources during a

learning process. In line with this theory, more and more customers are using omnichannel ser-

vices to complete the shopping process. However, recent research has shown that incongruence

between channels leads to the need to complete multiple tasks simultaneously, which increases

the cognitive effort required to switch from one channel to another. Information channels may

therefore naturally become contrained with with diminished attentional capacity and cognitive re-

sources, which impairs performing digital tasks like navigating through pages (Gao et al., 2021;

Kaatz et al., 2019). Instead, Ciechanowski et al. (2019) point out the importance of recognizing

how "interactive interfaces mediate the redistribution of cognitive tasks between humans and ma-

14



chines." In other words, the cognitive effort required to find a product is reduced by the presence

of a virtual agent, and the efficiency of the customer’s shopping process is appealed to the intellect.

We therefore propose that the virtual agent assists the consumer in the purchase decision, which in-

volves reasoning, conscious mental processing, and usually problem solving (Gentile et al., 2007;

Bleier et al., 2019; Josko, 2009).Consequently, we propose the following hypotheses:

H1a : Chatbot (vs website) interface will yield a better cognitive customer experience in an

online shopping environment.

Qiu and Benbasat (2010) show in a laboratory experiment that the use of recommendation

agents with verbal and nonverbal anthropomorphic design cues in online stores strongly influences

consumers’ perception of social presence. This increased customers’ trust, their enjoyment of

the virtual agent, and ultimately their intention to use it as a decision-making tool. In another

study by Chattaraman et al. (2019), it was found that perceived enjoyment of the robot increased

when the virtual assistant provided social cues, i.e., social conversation, and conveyed the desired

information in a personable manner, making the shopping process entertaining and enjoyable for

the consumer. This also corroborates the findings of Zhang et al. (2020) who established that

entertainment or playfulness can influence the success of human-computer interactions and thus the

user experience. Entertainment or affective experience, according to Bleier et al. (2019) involves an

appreciation for "spectacle" on the website, incorporates fun and play into online purchases, and

offers more than just performance and goal-oriented purchase decisions. Consistent with Bleier

et al. (2019) conceptualization, the above empirical studies suggest that virtual agents can stimulate

customers’ affective states and influence their online experience. Hence, it is hypothesized:

H1b : Chatbot (vs website) interface will yield a better affective customer experience in an

online shopping environment.

Despite the absence of a real human presence, the use of a conversational agent capable of

simulating a two-way conversation, i.e., understanding and responding to online customers in the

form of natural language dialogs, can create a sense of sociability during the interaction by assum-

15



ing the role of a sales representative in online stores, thus enhancing the sense of social presence.

Social presence is described as the extent to which the online environment makes customers feel

that there is a personal, sociable and intimate human contact (Bleier et al., 2019). Research on

online agents in marketing has shown that simulated interactions facilitated by virtual agents can

enhance perceptions of social presence. Social cues on a website can evoke feelings of social pres-

ence. However, since the chatbot can reduce social distance and is imbued with more social cues

(e.g., interactivity, personalization, social support), as mentioned earlier, we propose in line with

the results:

H1c : Chatbot (vs website) interface will yield a better social customer experience in an online

shopping environment.

Unlike conventional brick-and-mortar retail, which provides opportunities for social connec-

tions (salespeople and peer customers) and physical experiences (browsing, touching, and feeling

products), customers evaluate products online not through physical interaction but through verbal

and visual stimuli on product pages. The customer performs cognitive and affective processing

of incoming sensory information from the online environment, resulting in the impression being

created and stored in the customer’s memory (Josko, 2009; Rose et al., 2012). Sensory appeal,

the sensory dimension, refers to the way a website stimulates the senses (Bleier et al., 2019), and

regardless of the limited scope of sensory experiences in the online environment, sensations can be

evoked by images (e.g., pictures, videos), although colors, shapes, fonts, and designs usually lead

to sensory experiences. These sensory experiences can be enhanced through social interactions

with textual and visual content and personalized greetings (Hassanein and Head, 2005) supported

by virtual agents.Thus, we propose the following hypothesis:

H1d : Chatbot (vs website) interface will yield a better sensory customer experience in an

online shopping environment.

From the formulated hypotheses, we posit:
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H1: Chatbot (vs website) interface will yield a better online customer experience in an online

shopping environment.

2.4.0.2 Study 2

Regardless of their physical or virtual embodiment, the ability of virtual agents to communicate

with users linguistically is a crucial human-like feature sufficient to evoke a sense of social presence

and perception of humanness. The common basis of research in this area is that cues as minimal

as response delays (Gnewuch et al., 2018), chatbot typos, capitalization of words in responses

(Westerman et al., 2019), and adaptive responses to user input are sufficient to simulate social

schemas in users’ minds and thus evoke perceptions of humanness. Wirtz et al. (2018) hypothesize

that the acceptance of CAs is generally dependent on perceived humanness. This is evidenced in

research by the positive outcomes when perceptions of humanness are high. Jin and Bolebruch

(2009) show that human-like visual features in a 3D virtual environment positively influence CAs’

likability and enjoyment of the experience. In this sense, previous research by Holzwarth et al.

(2006) on attractive features of CAs shows that anthropomorphism of virtual sales agents helps to

increase entertainment, information value, and customer satisfaction with the retailer. On the other

hand, Araujo (2018) proves that the linguistic style of a chatbot should be calibrated to optimize the

experience, claiming that a text-based CA would benefit from a stronger perception of humanness.

Similarly, De Cicco et al. (2020) suggests that a human-like CA with humanized conversational

qualities, i.e., social-oriented can increase social presence, which in turn leads to a more satisfying

user experience among a young population. These findings were confirmed in a previous study by

Chattaraman et al. (2019) on an older population, in which a socially-oriented interaction style of

CAs that emphasized empathy, personality, and friendliness led to better social outcomes than a

task-oriented interaction style that used formal language and focused solely on functional goals.

Accordingly, we hypothesize that a human-like CA will improve the experience, specifically :
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H2: The effects of the Chatbot interface on customer experience will be stronger when the

chatbot uses contextual (vs scripted) conversational style and human (vs robot) visual identity.

Based on these hypotheses, a graphical model ( see Figure 2.1 ) was developed to provide a

visual representation of the research questions. In brief, this work aims to investigate the impact

of an independent variable, the type of type of interface, on a four-dimentional dependent vari-

ables: online customer experience an online shopping context. In addition, the study is extented to

examine particular chatbot modalities ( interaction style x avatar type) effect on online customer

experience.

Figure 2.1 Research model
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CHAPTER 3. STUDY 1

Study 1 investigated the impact of interacting with an AI chatbot that performs navigation

support functions on the customer experience compared to traditional website navigation in the

context of online shopping. For this purpose, an AI chatbot was developed on the open-source AI

platform Rasa and connected to a mock website displaying real natural cosmetic products.

3.1 Method

This section presents the methodological scheme followed to answer the research questions of

this study. In the following, we describe our experimental design, sample and the measures used

in the post-experiment questionnaire.

In order to test the developed hypotheses and evaluate relationships between variables or, no-

tably, an impact that one variable has on another, it is conventional to use causal research design

(Malhotra et al., 2017; Eisend and Kuss, 2019) .Causal research is also clearly defined and highly

structured in design. Moreover, since causal research aims to demonstrate causal relationships

between variables as well as the nature of this relationship between the causal variables and the

effect to be predicted, research shows that experimental designs are the best way to evaluate causal

hypotheses.

Amongst the large array of experimental designs available (i.e., pre-experimental, true exper-

imental, quasi experimental, statistical). Post-test only control group, was judged to be the most

relevant for this study. Post-test only control group involves two groups. An experimental group

is exposed to a particular treatment and a control group that serves for comparison (also called the

testing effect) with no pretest measure to consider. This type of design is useful when participants
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are not available for a pretest and for a follow-up, which was the case for this study. At first,

the researcher manipulates the independent variable, to create the two groups, and accordingly,

randomly assigns participants to the experimental and the control group. The groups are then post-

tested and compared in terms of their scores on the dependent variable after the experimental group

has received the experimental treatment condition. The randomization of the different treatments

allows the control of all extraneous variables and ensures that there are no systematic bias between

the groups (Malhotra et al., 2017).

Thus, the manipulated variable of this study is the "type of interface" with an experimental con-

dition (chatbot interface) and a control condition (website interface) that serves as an established

baseline measure from which we can monitor and highlight the effects of the treatment, in this case

the absence of the chatbot. In our online experiment, the stimuli, i.e., the type of interface (chatbot

vs. website), were developed and mimicked the design of many modern chat and web interfaces.

The website interface that hosted the chatbot was identical for both conditions for each page of the

shopping task, including the home page, product list page, product page, shopping cart, shipping,

and "return to questionnaire".The chatbot was developed using the Rasa platform, a conversational

AI platform that provides developers with the necessary AI-based functional capabilities for natu-

ral language processing, understanding, as well as dialogue management, allowing them to design,

script, and train conversational assistants. The chatbot is designed to support both search and nav-

igation for online shopping using natural language. Once the user’s input is sent, processed and

understood, the virtual agent responds in a few seconds in the same natural way. Given the focus of

this study, the agent did not have a profile picture and interacted with participants using text only.

As previously noted, both the control and experimental conditions provide the same informa-

tion about the products. How users will access that information remains different.The control

condition is regarded as a static delivery of information where users must click buttons, filters and

tags to functionally navigate on a web page. Whereas, in the treatment condition, users can ac-

cess content and services by the use of natural language in interaction with the virtual agent.The
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experience provided in the former is considered to be more interactive than the static access to the

information. Also, the chatbot as compared to the website offers a functional support to users’

specified query and a social support by assisting users and reducing their struggles. Moreover,

the chatbot assists the users during their online shopping experience and reduces their struggles

by asking relevant questions to tailor the corresponding fit to their input criteria. Accordingly, the

treatment condition offers social and personalized support to the users in contrast with the control

condition. Thus, the chatbot is regarded as a more interactive interface that offers higher levels of

personalization and social support.

In an attempt to match real life experiences, real products of a young start-up specialized in

natural cosmetics were displayed on the mock website. All products were rebranded to match the

language of the research. The product database used for both interfaces was re-built from scratch,

and a new design and packaging were used to better match the context of online shopping. No

knowledge base was found with which to train the chatbot . Then, a series of sample dialogs with

professionals and knowledgeable customers were conducted and validated with the conversation

design fundamentals proposed by Rasa. Finally the conversations were tested with wizard of oz

process to find the best conversational flow and translate natural speech into structured data, make

the virtual assistant more helpful and natural. ( see key conversational skills)

3.1.1 Participants and experimental procedure

A total of 101 people participated in the study. Only the cases with valid data for all the

variables in the model were retained for hypothesis testing. Therefore, the final sample size for

hypothesis testing was 77, including 46 males and 29 females (response rate = 76 %), with each

experimental condition containing more than 20 observations Hair et al. (2006).The unequal dis-

tribution across the two conditions was due to the random assignment of participants by our ex-

perimental platform that did not account for participants who did not complete the study. The

distribution of the demographic characteristics of participants is included in table 3.1.1.
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Descriptive statistics of demographics

Characteristics %

Gender Female 37.7%

Male 59.7%

Other 2.6%

Age Under 20 years old 3.9%

20 - 40 87%

40 - 60 7.8%

Over 60 1.3%

Level of education High school graduate 7.8%

Bachelor’s degree 15.6%

Master’s degree 64.9%

Doctorate degree 11.7%

The survey was created using the Qualtrics software program provided by HEC Liège. The

survey of this study was slightly personalized using images, which could be beneficial for the

psychological preparation of respondents (Malhotra et al., 2017) The survey offered alternative

fixed-response questions that required respondents to select from a set of predetermined answers

to control for variability in responses and simplify both data analysis for the researcher and the

survey experience for respondents.

The main purpose of the experiment was not disclosed to the participants. Instead, participants

were told that the study aimed to investigate people’s knowledge about Moroccan cosmetics. Par-

ticipants were randomly assigned to one of two conditions (i.e., treatment or control).Participants

read a set of instructions describing the task they were to perform. In these instructions, partici-

pants in the chatbot condition were told to select one of two products and engage with the virtual

agent to find the product, get more information about it, add it to the shopping cart, and click
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"Return to questionnaire." Participants in the website condition, on the other hand, were asked to

follow the same instructions by navigating the website. The manipulation check is asked directly

after the last dependent variable measurement. Lastly attention check questions and demographic

questions are kept for the end. An extensive explanation of the experimental setup, summarized in

Table : experimental setup.

Table : Experimental setup

Group Treatment group Control group

Manipulation Chatbot Website

Shopping task Adapted from

Chattaraman et al. (2019)

Both Argan oil and Prickly Pear Seed oil are becoming ever

popular treatments thanks to their unparalleled benefits for

men and women.

Argan oil is a an excellent conditioner, mostly used to pre-

vent hair breakage and hair loss. Prickly pear seed oil is

an exceptional moisturizer that regenerates the skin and re-

duces ageing signs.

Choose 1 of these oils and :

1- Look up its benefits and its price. 2- Look up information

about shipping. 3- Add this product to cart. 4- Click on

"Return to questionnaire".

Manipulation The participant is asked to in-

teract with the chatbot to ob-

tain the information described

in the instructions

The participant is asked to ob-

tain the information described

in the instructions using the

content on the pages of the

website.
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3.1.2 Measures

3.1.2.1 Independent variable

The independent variable in this study is the “type of interface” which is used as a stimuli in

the experiment. The independent variable takes two conditions : (1) the chatbot condition and (2)

the interface condition serving of a control group to the experiment.

3.1.2.2 Manipulation checks

To asses the assumed disparity between the two conditions A 7-item scale adapted from Chat-

taraman et al. (2012) was used to measure social support perceived by the participants from both

conditions, perceived personalization was appraised with a scale from Danckwerts et al. (2019),

and finally, perceived interactivity was measured using a 6-item interactivity scale with two sub-

scales measuring two-way communication and synchronicity adopted from Chattaraman et al.

(2019)

3.1.2.3 Dependent variable

The dependent variable of this research is "customer experience". In line with the work of

Bleier et al. (2019), customer experience is composed of four dimensions: The affective (enjoy-

ment), the cognitive(informativeness), the social (social presence) and the sensory experience (sen-

sory appeal). In order to get an impression of the overall customer experience, all these components

are assessed using the scales proposed by Bleier et al. (2019)

3.1.2.4 Control variables

To ensure the validity of our results, we accounted for some possible confounding variables in

the questionnaire. First, after answering our construct-related questions, participants self-reported
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how familiar they were with the brand, which could potentially influence their response to a stim-

ulus with familiar elements and thus their answers.

Next, familiarity with natural products and Moroccan natural cosmetics was examined, because

if respondents are already well acquainted with the products, their answers may differ significantly,

and the findings can’t be generalizable to a population consisting of less knowledgeable individu-

als.Both control questions were measured on a 5-point Likert scale ranging from "very bad 1" to

"very good = 5".

Participants’ proximity to technology and virtual assistants could also influence the relation-

ships examined in the model. In this case, two effects are expected: greater familiarity could

enhance the interaction experience in the study, or it could impair the interaction due to the nov-

elty effect, which decreases as familiarity increases. Technology propinquity was measured and

chatbot use was measured using the same scale going from "very bad" to "very good".

In addition, we assessed participants’ Perceived Degree of Realism. For this scale, participants

were asked to rate how realistic the website was, using the two items "I could imagine an actual

web page looking like the one I just saw" and "I believe this website could exist in reality" on a

7-point Likert scale with anchors ranging from "strongly disagree" to "strongly agree." We also

asked them to indicate which device they used for the experiment, as the online environment and

the size of the screen of a PC is not comparable to that of a smartphone.

The general profile of the respondents was portrayed thanks to a question related the age,

gender and education of the participants. It is well-established that younger people are more open

to new technology and that cosmetics’ consumption is higher among female population. And

finally, participants’ English proficiency was also assessed using a 5-point rating scale ranging

from "very bad" to "very good" .we asked participants to report the device (see A)
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3.2 Analyses and results

This chapter describes the statistical approaches and analysis used to evaluate the hypotheses

posed using the empirical data collected.The result are presented and commented.

3.2.1 Pre-test

Prior to the main experiment, a pretest was conducted to ensure that the manipulation was

effective. Participants were randomly assigned to one of the conditions and 25 responses were

retained for data analysis. The extent to which interaction with the chatbot was perceived as more

personalized, interactive and offers more social support than the website interface. T-test results

reveal that both personalization and social support were successfully manipulated whereas the

interactive variable was not successfully manipulated. Table : Manipulation checks pre-test results

shows the results.

Manipulation checks pre-test results

condition n
P. Personalization P. Interactivity P. Social Support

Mean Mean Mean

Website
37 2.805 4.902 4.166

(Control)

Chatbot
40 5.333 5.307 5.604

(Treatment)

Test statistic t = -6.54, p = .000 t = -1.001, p = .342 t = -3.115, p = .005

3.2.2 Preliminary results

First of all, we performed a series of confound checks to control for the possibility that differ-

ences in our control variables like "Natural cosmetics familiarity" and "virtual agent usage" could
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have been equally distributed among the four conditions. A one-way ANOVA revealed no sig-

nificant differences in terms of the control questions between the two groups (p>0.05). Next, we

performed complementary robustness tests on RASA to check whether participants in the treatment

group used and interacted indeed with the chatbot. Here, we verified the number of conversations

against the number of our valid data-set.

Before turning to the research questions and starting the hypothesis testing, there are often

several preliminary analyses to conduct (Sreejesh et al., 2014). The quality of the data and the

measures used are to be appraised first. Checking the normality assumption is a prerequisite to

many statistical tests. In this instance, A Shapiro-Wilk’s test (p <.05) and a visual inspection of the

histograms showed that the data significantly deviate from a normal distribution. However, our data

are approximately normally distributed, in terms of skewness and kurtosis with values between -2

and 2 for all the items forming our measurement scales ??, which is considered acceptable in order

to assume normal distribution (Hair et al., 2006).

To examine the constructs’ discriminant and convergent validity, we performed factor anal-

ysis with an oblimin rotation. The analysis performed on all the measures identified their uni-

dimensionality. The analysis suggests the second item of the sensory appeal scale (sens2) to be

removed, as it indicates a small loading of 0.47 that falls below the recommended threshold of 0.6

Hair et al. (2006) . This removal had no significant impact on the reliability of the scale.For a more

accurate check, we computed the AVE of each contruct, with all results above 0.5 which is con-

sidered acceptable Hair et al. (2006). Similarly, the remaining items displayed adequate construct

reliability and internal consistency. A complete list of variables, factor loadings and scale relia-

bilities is provided in Table : study 1 - factor analysis, with an adequate reliability demonstrating

strong Cronbach’s alphas (ranging from 0.86 to 0.94).
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Study 1 : Factor analysis
Factor

Construct loading

Informativeness
α = 0.86; AVE= 0.68
Information obtained from the Interface is useful 0.744
I learned a lot from using the Interface 0.675
I think the information obtained from the Interface is helpful 0.875

Entertainment
α = 0.94; AVE= 0.59
Not Fun → Fun 0.942
Not enjoyable → enjoyable 0.950
Not entertaining at all → Very entertaining 0.954

Social Presence
α = 0.93; AVE= 0.66
There is a sense of human contact in the interface 0.712
There is a sense of human warmth in the interface 0.811
There is a sense of human warmth in the interface 0.910

Sensory Appeal
AVE = 0.73
The product presentation on this interface is lively 0.613
This interface contains product information exciting to senses 0.610

Perceived Personalization
α = 0.87 ; AVE = 0.68
The Interface can provide me with relevant product recommendations. 0.820
The Interface can provide me with product recommendations tailored to my preferences. 0.841
The Interface can provide me with personalized product recommendations 0.818

Perceived Social Support
α = 0.91; AVE = 0.58
I would have enjoyed interacting with this service agent 0.728
This Interface really tries to help me 0.791
This Interface gives the help and support needed for shopping on it 0.884
This Interface is like a salesperson who is around when I am in need while shopping 0.728
This Interface is comforting to me 0.687
This Interface is comforting to me 0.766
This Interface is willing to help me make decisions 0.762
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3.2.3 Manipulation checks

The manipulation checks were used in this study to make sure that the two treatments were

correctly manipulated. The effectiveness of the manipulation relied on whether participants were

led to perceive the chatbot as a more personalized interface and which provides higher levels of

social support compared to the website. The manipulation check measures used (i.e., perceived

personalization and perceived social support) were placed directly after the experiment with the

hope of minimizing potential biases. Accordingly, we checked for the homogeneity of variance

and tested for a significant difference between both conditions using Student’s t-tests. Our results

in Table reveal that there is a significant difference in perceived personalization and perceived

social support between the two conditions with a x̄Chatbot=4.82 > x̄Website=3.54) which means that

the chatbot interface higher levels of personalization and social support as against the website

interface. Thus, the treatments were successfully manipulated. ( see Table : Manipulation checks

results

Manipulation checks results

condition n
Perceived Personalization Perceived Social Support

Mean SD SE Mean SD SE

Website
37 3.549 1.108 .182 3.899 .872 .143

(Control)

Chatbot
40 4.825 1.393 .220 4.803 1.283 .202

(Treatment)

Test statistic t = -4.420, p = .000 t = -3.637 , p = .001
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3.2.4 Hypotheses

Hypothesis 1 stated that the chatbot interface will yield a better customer experience than the

website interface.That is, a better cognitive(a), affective(b), social (c) and sensory (d) experience.

The expected mean difference is to be significant, with reported means for each customer experi-

ence component higher for the chatbot interface group than for the website interface. Therefore,

We conducted an independent samples t-test to determine the effects of the presence (versus ab-

sence)of the chatbot. The results in table show that there is no significant difference between the

groups as for the cognitive(a), affective(b), social (c) and sensory (d) experience. Altogether, there

is no significant difference in the participants’ customer experience between the two conditions.

Hence, we conclude that H1 is not confirmed. ( See Table : Descriptive results and test statistics

for both conditions )

Descriptive results and test statistics for both conditions

condition n
Informativeness Entertainment Social Presence Sensory appeal

Mean SD Mean SD Mean SD Mean SD

Website
37 5.126 1.202 4.882 1.432 4.342 .266 5.00 1.974

(Control)

Chatbot
40 5.150 1.186 5.116 1.600 5.00 .233 4.67 1.671

(Treatment)

Test statistic t = 1.125, p = .264 t = -.824, p = .412 t = -.673, p = .503 t = -.888, p = .930

Hypothesis H1a not confirmed H1b not confirmed H1c not confirmed H1d not confirmed
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3.2.5 Relationship between variables

Multiple regressions is a relevant method of analysis relationships between a metric dependent

variable and one or more independent variables.Here, to uncover some potential interrelations

between the different variables and constructs the significant models are to be commented in the

following.

First, "Perceived Social Support" and "Perceived Personalization" together were found to have

significant impact on all four customer experience dimensions (p<0.05). Overall the models were

significant, most of which explain more than 10% of the variance. Indeed perceptions of interac-

tivity and personalization positively explain the informativeness, enjoyment, social presence and

sensory appeal of an experience online.

3.3 Discussion

In relation to the manipulation variable, the results suggest that the AI-driven digital assistant

is perceived as a more personalised and "socially supportive" tool when shopping online. Existing

literature has shown that the use of anthropomorphic cues with utilitarian value, such as providing

real-time dialogue, and hedonic value, such as tailored communication and online assistance, pos-

itively influence the shopping experience (Qiu and Benbasat, 2014; Verhagen et al., 2014; Roy and

Naidoo, 2021) , which wasn’t the case in our study. That’s, the online experience of using a chatbot

to navigate a shopping environment and arrive at a desired piece of information wasn’t perceived

as more efficient or enjoyable than the website. Specifically, the chatbot wasn’t able to provide a

better cognitive, affective, social, and sensory experience. This could be due to the fact that the cus-

tomers’ evaluation was altered by the stimulating effect of the website attributes. In other words,

the website where the interaction takes place in the absence of the chatbot and the customers reach

the information by clicking, scrolling or swiping is interspersed with sensory and social informa-

tion, i.e. aesthetic images of different social environments. In line with the literature, the presence
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of human images (i.e. the human element) is sufficient to arouse senses and create perceptions of

social presence among users (Hassanein and Head, 2007) . Thus, reduce the difference between

the two interfaces (website vs. chatbot) in terms of online customer experiences.
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CHAPTER 4. STUDY 2

Study 2 is an extension of Study 1, which aimed to investigate the impact of chatbot modality on

customer experience. Specifically, the effects of conversational and visual anthropomorphic cues,

i.e. conversational style and avatar type. The experiment examined conversational style

(social-oriented/contextual vs. task-oriented/menu-based) x avatar type (human vs. robot) in the

context of online shopping.

4.1 Method

This section presents the methodological scheme that will be used to answer the research ques-

tions of this study. The experimental design, sample, and measures used in the post-experiment

questionnaire are described below.

4.1.1 Experiment and stimulus development

To test the hypotheses of Study 2, we conducted an online experiment with a 2 (interaction

style of the digital assistant: social vs. task-oriented) ) × 2 (avatar type: human vs. robot-like)

between-subjects design, where the interaction between the conversational style of the assistant

and the avatar type was the focus of the current study. Participants were randomly assigned to

one of four groups. Accordingly, four simulated virtual agents were designed based on the same

algorithm and interaction scripts as in Study 1, but with human and robotic avatars, respectively,

and with button (menu-based) or contextual (text) interaction styles. A total of 143 participants

were recruited, representing more than 30 subjects in each treatment group. Hair et al.
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As mentioned above, the stimuli were similar to those in Study 1. The chatbot was set up to

interact with users, answer their questions, and address their concerns in natural language. The

main changes involved manipulations of the avatar and interaction style used in Study 1. First,

instead of using a logo image, we attempted to use avatars that would be perceived as high and low

in humanness. In this case, the avatar was manipulated by either a human-like (high) or a robot-

like (low) image. The human-like treatment photos were selected from an online photo database.

We chose a female human avatar because it is perceived as more competent than the male human

avatar (Pfeuffer, 2019). For the robot-like avatar, we chose a common chatbot avatar as used on

websites.

In contrast to previous operationalizations of virtual agent interaction style in experiments

Chattaraman et al. (2019); Go and Sundar (2019), the development of this manipulation was based

on Chattaraman et al. (2019) with a task-oriented chatbot that uses buttons instead of natural lan-

guage. In other words, to achieve a stronger manipulation of humanness, the task-oriented (menu-

based) virtual agent was designed to interact with the participants using a formal computer-like

language, which means that participants use buttons instead of natural language. The menu-based

chabot focuses on goal achievement, speaks in a goal-oriented manner, and structures the conver-

sation in contrast to the contextual (socially-oriented) bot, which uses informal language, has a

human name (Anika), initiates and concludes the interaction using informal and friendly conver-

sational cues (e.g., "hey there !" "my bad, I’m afraid I didn’t learn that yet") (Chattaraman et al.,

2019).

In summary, the experiment was a conversation style (low and high) × avatar type (low and

high) design. Thus, the interaction style and avatar type served as stimulus material and experi-

mental manipulation in this study. The manipulations were made to affect the perception of hu-

manness. The conversational style was manipulated by using either a social-oriented/contextual

(high) or a task-oriented/menu-based (low) interaction, and on the other hand, the avatar type was

34



manipulated by using a human-like (high) or robot-like (low) image. The four chatbots desgined

for this study are shown in 4.1

4.1.2 Participants and experimental procedure

In all other respects, the procedure was identical to Study 1. Before beginning to interact

with the chatbots, participants read the same set of set of intsructions (study1: chatbot condition).

143 participants (out of 203) took part in the experiment and were randomly assigned to one of

the four experimental conditions. In an identical environment, they were asked to complete the

same shopping task as in Study 1 (searching for one of two cosmetic products) with the help of

Anika (virtual assistant). After subjects were exposed to the chatbot manipulation, they returned

to the questionnaire and answered a different manipulation check question than in our first study.

Subsequently, subjects completed the questions on key variables - cognitive, affective, social, and

sensory experience - which were measured with similar items as in study1.( see Experimental

conditions)

Characteristics %

Gender Female 49.0%

Male 50.3%

Non-binary 0.7%

Age Under 20 years old 2.1%

20 - 40 92.3%

40 - 60 5.6%

Level of education High school graduate 2.1%

Bachelor’s degree 21%

Master’s degree 60.8%

Doctorate degree 16.1%
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Figure 4.1 Four experimental conditions
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4.1.3 Measures

4.1.3.1 Independent variable

As mentioned earlier, the independent variable "chatbot modality" was controlled within the

survey by randomising the four different chatbot interfaces (i.e., contextual with human-like avatar;

contextual with robot-like avatar; menu-based with human-like avatar; menu-based with robot-like

avatar).

4.1.3.2 Manipulation check

To assess the hypothesised disparity between the four conditions, Perceived humanness was

measured on a 9-point semantic differential scale adapted from Gnewuch et al. (2018) and executed

the scales developed by , which consist of a nine point semantic differential scale, ranging from

extremely nonhuman to extremely human. This was used to measure the degree of humanness

participants perceived in each of their assigned conditions.

4.1.3.3 Dependent variable

As previously stated, the dependent variable is the same as in Study 1. Customer experience

(affective (enjoyment), cognitive ( informativeness ), social (social presence), and sensory (sensory

appeal)) was assessed using the scale developed by Bleier et al. (2019). The scales are listed in the

table.

4.1.3.4 Control variable

All control measures used in study 1 are used in study 2. Namely, participants’s Technology

proximity, English Proficiency, Familiarity With Natural Cosmetics, Familiarity With Moroccan

Natural Cosmetics, Chatbot Usage A

37



4.2 Analyses and results

This chapter explains the statistical procedures and analyses used to test the hypotheses against

the empirical data collected, as well as the results and comments.

4.2.1 Pre-test

Before the main experiment, we conducted a pretest to ensure that the manipulation was effec-

tive (Chattaraman et al., 2019; De Cicco et al., 2020) We randomly assigned 35 students to one of

the two conditions. We randomly assigned 35 students to one of the conditions. The extent to which

the interaction with the chatbot was perceived as human was measured by asking participants how

much they thought the chatbot was human-like,skilled,polite,thoughtful,responsive,engaging from

Gnewuch et al. (2018) on a 9 point differential scale. The responses were averaged to create a

variable score .As expected, findings revealed that the chatbot was perceived more human in high

conditions with significant main effect and interaction effect ( see table).

4.2.2 Preliminary checks

Several analyses of variance confirmed the successful random assignment to the different ex-

perimental conditions: We did not observe any significant differences in terms of participant’s

Gender, Age, Technology propinquity and Natural cosmetics familiarity across the groups (all

p>0.05), suggesting that these (control) variables did not confound our dependent variables.

Before turning to the research questions and starting the hypothesis testing, there are often

several preliminary analyses to conduct (Sreejesh et al., 2014) . The quality of the data and the

measures used are to be appraised first. Checking the normality assumption is a prerequisite to

many statistical tests. In this instance, A Shapiro-Wilk’s test (p <.05) and a visual inspection of the

histograms showed that the data significantly deviate from a normal distribution. However, our data

are approximately normally distributed, in terms of skewness and kurtosis with values between -
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2 and 2 for all the items forming our measurement scales(see Appendix), which is considered

acceptable in order to assume normal distribution (George Mallery, 2010) (see table)

Several preliminary analyses are frequently required before moving on to the research topics

and hypothesis testing. (Sreejesh et al., 2014). First, the quality of the data and the measures

used must be examined. Checking the normality assumption is a prerequisite for many statistical

tests. In this case, a Shapiro-Wilk test and visual inspection of the histograms showed that the data

deviated significantly from a normal distribution (p<0.05). However, our data are approximately

normally distributed in terms of skewness and kurtosis, with values ranging from -2 to 2 for all

items making up our measurement scales (see Appendix), which is considered acceptable for the

assumption of a normal distribution (George Mallery, 2010) ( See table ).

Factor analysis conducted for all measures revealed their unidimensionality, with all scales

having acceptable values except for the perceived humanity scale. One item (ph1: extremely

inhuman/extremely human-like) was removed because it had a low loading of 0.53, which is below

the recommended threshold of 0.6. This removal helped to achieve a better reliability of the scale

of 0.91. The AVE calculated thereafter also showed acceptable values above 0.5 for construct

validity. All items showed adequate construct reliability and internal consistency, with all scores

having strong Cronbach’s alphas (ranging from 0.82 to 0.91). The list of variables, factor loadings,

and scale reliabilities with adequate reliability can be found in the Appendix.

4.2.3 Manipulation check

As mentioned earlier, manipulation checks were used in a pilot study to ensure that treatments

were manipulated correctly. The efficacy of the manipulation depended on the extent to which

participants perceived the chatbot as more human-like in the high conditions and less human-like

in the low conditions. As reported in the pretest, there is a significant main effect of avatar type
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Study 2 : Factor analysis
Factor

Construct loading

Informativeness
α = 0.92; AVE = 0.66
Information obtained from the Interface is useful 0.853
I learned a lot from using the Interface 0.782
I think the information obtained from the Interface is helpful 0.815

Entertainment
α = 0.91; AVE = 0.76
Not Fun → Fun 0.844
Not enjoyable → enjoyable 0.840
Not entertaining at all → Very entertaining 0.913

Social Presence
α = 0.92; AVE= 0.75
There is a sense of human contact in the interface 0.843
There is a sense of human warmth in the interface 0.940
There is a sense of human warmth in the interface 0.835

Sensory Appeal
α = 0.82; AVE = 0.67
The product presentation on this interface is lively 0.862
I can acquire product information on this interface from different sensory channels 0.812
This interface contains product information exciting to senses 0.789

Perceived Humanness
α = 0.91; AVE = 0,73
Extremely unskilled → Extremely skilled 0.846
Extremely unthoughtful → Extremely thoughtful 0.837
Extremely impolite → Extremely polite 0.896
Extremely unresponsive → Extremely responsive 0.867
Extremely unengaging → Extremely engaging 0.884
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and conversational style, and a significant interaction effect of the two factors. This means that the

level of conversational style depends on the level of avatar type. In the main study, the same results

were obtained, with all effects significant at a p <0.05. Thus, we conclude that the treatments were

also successfully manipulated. ( See Figure 4.2 )

Figure 4.2 Perceived humanness interaction effect

4.2.4 Hypotheses

The influence of Conversational style and Avatar type:

A series of two-way analyses of variance (ANOVAs) and pairwise comparisons shown in the

table were conducted to compare the effects of contextual vs. menu-based conversational style

and human-like vs. machine-like avatar on (a) cognitive experience (b) affective experience, (c)

social experience and sensory experience(i.e., customer experience).
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4.2.4.1 Main effect of Conversational Style

When looking exclusively at the conversational style, graphically, we could see some differ-

ences from the low (menu-based) to the high (contextual) conditions. However, when comparing

the Contextual chatbot with the Menu-based chatbot for each component of CX separately us-

ing Pairwise comparisons with Bonferroni adjustment the differences are not significant with all

p>0.05. Therefore, the main effect for conversational style was not significant for customer expe-

rience.

4.2.4.2 Main effect of Avatar Type

The main effect for type of avatar (human vs. machine-like) was not significant for all compo-

nents of customer experience, despite the differences shown in the graphical representations.Pairwise

comparisons with Bonferroni adjustment indicate that, when comparing the human with the machine-

like separately (human-vs. machine-like agent), the differences are not significant (all p> 0.05).

Thus, the avatar type has no main effect.

4.2.4.3 Interaction effect

Beyond the reported results of main effects, we did not register any effect of a factor that is

contingent upon the level of the other, with all p> 0.05.Although, the interaction between Conver-

sational style * Avatar type was almost nearly significant for the social experience, F=3.4,p=0.07.

Thus, eventually, we conclude that there are no interaction effect for any of the manipulations used

(i.e., Conversational style and Avatar type).
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Study 2 : Pairwise comparison

Dependant variable Avatar

Chatbot Interaction Style

Interaction effect p-valueTask-oriented Social-oriented

M M

Cognitive experience Robot 5.19 5.60
.368

(Informativeness) Human 5.12 5.15

Affective experience Robot 4.74 4.94
.724

(Entertainment) Human 4.73 5.03

Social experience Robot 4.12 4.55
.074

(Social presence) Human 4.58 4.16

Sensory experience Robot 5.06 5.02
.911

(sensory appeal) Human 4.98 4.98
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Figure 4.3 Perceived humanness interaction effect

4.2.5 Relationship between variables

A series of two-way analyses of covariance (ANCOVAs) were conducted to compare the ef-

fects of human-like vs. robot-like agent and social vs. task oriented interaction style on cognitive,

affective, social and sensory experience with gender, age and chatbot usage were included as co-

variates. the main effects and the other interaction effects results were evaluated. No main effects

emerged for the independent variable, digital assistant interaction style, on any of the outcome

measures. Further, no main or interaction effects emerged all p> 0.05.

Although non-hypothesized, a series of simple linear regression were conducted to explore

the effects of the manipulation variable "Perceived Humanness" on the online customer expe-

rience measures. the results show that perceived humanness significantly impacts informative-

ness (F=11.080,p<0.05), entertainment (F=13.028,p<0.05),sensory appeal (F=8.293,p<0.05). This
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mean that the more humanized the chatbot seems to people, the better their cognitive, affective and

sensory experience is. Interestingly, the effect of perceived humanity on social presence was al-

most significant (p: 0.052), implying that the perception of how human-like the chatbot is doesn’t

imply that there’s a sense of presence in the interaction environment.

4.3 Discussion

The results of our online experiment suggest that Avatar type ( human-like vs robot-like) and

conversational style positively affect customers perceptions of disembodied virtual agents in the

form of chatbots.The findings, in line with response theory, support the assumption that the more

the CA displays social cues the more "humanized" it will be perceived have a positive effect on

the experience (Verhagen et al., 2014; Danckwerts et al., 2019; Araujo, 2018) . However, the

thought-provoking finding of Study 2 is the fact that perception of humanness of the chatbot do

not necessarily trigger social presence in constrast with the findings of (Jin and Bolebruch, 2009;

Etemad-Sajadi, 2016; Holzwarth et al., 2006; Etemad-Sajadi, 2016). Actually, in comparable re-

search, social presence (i.e., automated social presence) was reported to have better consumer

outcomes (i.e.,conflict mitigation) when the avatar design is low in attractiveness. Along this line,

De Cicco et al. (2020) in his study ascribes the ineffectiveness of avatars in enhancing feelings of

social presence to the chat platform where avatars are not highly visible.Verhagen et al. (2014) sug-

gest that a change in physical appearance does not elicit more social responses and that an increase

in anthropomorphism from robot-like to human-like agents might be too small to find variance.On

the other hand, higher conditions of interaction style was always reported to significantly generate

feelings of social presence Roy and Naidoo (2021).Interestingly, the current research cannot sup-

port this statement. This may partially be explained by the manipulation of task-oriented chatbot

which has taken the form of button rather than a limited formal interaction style as operational-
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ized in the literature but mainly by the limited contingency (i.e., exchange of responses) of the

conversations as instructed in the experiment.

A
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CHAPTER 5. GENERAL DISCUSSION

5.1 Short Summary

In this study, chatbots are considered as a form of ubiquitous AI-powered application that

disrupts the online customer experience. To understand this phenomenon, it is equally necessary

to consider a key element: Anthropomorphism. In a self-developed web environment (website and

chatbot), we conduct two different experimental studies. First, to study the impact of the presence

(or absence) of an AI conversational agent on the customer experience, and second, to deepen

the understanding of which anthropomorphic design cues (interaction style and avatar type) are

more appreciated and improve the customer experience. With this in mind, Study 1 used a post-

test design with a control (website) and a treatment (chatbot) condition, and Study 2 used a 2x2

between-subjects design with 4 experimental conditions (social or task-oriented interaction style,

with either a human or robot-like avatar). Participants were conveniently recruited online and in

both studies and randomly assigned to one of the respective conditions in each study.

In accordance with Chattaraman et al. (2019) and De Cicco et al. (2020), a pre-test was first

conducted to see if the conditions were effectively manipulated. This resulted in some minor

changes to the constructs used to check the manipulations, but also some adjustments to the exper-

imental instructions to improve subjects’ understanding before the main study questionnaire was

created.

The results of Study 1 show that the AI conversational agent provides the same level of in-

formativeness, entertainment, social presence, and sensory appeal as the website. This suggests

that customers respond similarly to a conversational user interface as they do to a graphical user

interface, although there are a number of differences between them. Similarly, no differences
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were recorded between the four conditions in study 2. The customer experience remain invariable

irrespective of the visual or conversation cue used in chatbots.

Both results could be explained by either (1) the artificial environment in which the shopping

task was performed despite the control of the environment: If customers want to buy something

online, the need must come from themselves and not from an instruction. (2) Customers do not

care how they get to the shopping goal as long as they reach it. (3) Selection and participant bias:

only interested subjects participate and end up giving inaccurate answers These results lead to

implications and suggestions for similar research studies.

5.2 Theoretical Implications of this study

First and foremost, the theoretical and empirical findings acknowledge that despite the emerg-

ing discourse of AI in the field of marketing, the research is still scarce and decentralized with most

theoretical and empirical work on AI and chatbots only addressing the role of anthropomorphism

of digital assistants. The theoretical basis for this is social response theory, which states that hu-

mans mindlessly adopt the same social behaviors when interacting with computers by displaying

social cues, such as interacting with others using natural language. Therefore, no theory has yet

been developed to examine the elements that underline the interaction between users and chatbots

specifically.

Second,both studies conducted on conversational agents and online customer experience have

shown that there’s no significant relationship between the two: The presence of a chatbot doesn’t

improve online customer experience, nor does changing chatbot features and design (anthropomor-

phic cues). This is in contrast to most of the findings in the literature, where virtual agents in their

various forms and in different environments, e.g., Animated avatars (Liew et al., 2017), interactive

3D avatars in virtual environments (Lin et al., 2021), and human-like animated customer service

agents that mimic real salespeople (Verhagen et al., 2014), affect affective, social, cognitive, and
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functional outcomes, but consistent with these studies, the chatbot actually conveys perceptions of

social support and personalization (Study 1) and humanness (Study 2) that positively impact the

online experience holistically. These mixed results are suspected to originate from differences in

the measurements used or the type of environment. As can be seen from the literature, trust is

an important variable to explore when researching conversational assistants, as users have privacy

concerns (Danckwerts et al., 2019).

Finally, customer experience is one of the most debated topics at the moment. Online customer

experience, however, still lags behind in terms of both conceptualization and operationalization.

Therefore, due to its significant impact on a company’s competitive advantage and the increasing

tendency of customers to use digital channels, OCX should be given more attention by practitioners

and scholars.

5.3 Managerial Implications of this study

The main findings need further discussion, both in terms of the business implications for mar-

keters and the practical implications for AI developers and chatbot designers. The current results

suggest that adding an AI conversational interface to an online store does not lead to better cus-

tomer experiences. This is the case if the website is already interactive and has sensorial and social

stimuli (colors, images, videos). We suggest that the AI interface needs to provide a higher level

of personalization and social support to differentiate itself from other interfaces.The exponential

amount of consumer data makes marketing a natural beneficiary of these evolving technologies

especially as customers’ buying processes increasingly shift to online channels where they can

compare different options (Jarek and Mazurek, 2019).A more proactive use of AI would allow

marketers to leverage rich contextual consumer data, to customize future conversations and pro-

vide frictionless experiences. On the other hand, a better understanding of customer perceptions

of chatbots use will allow chatbot developers and designers to design interfaces that could have
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a greater impact on the experience, i.e., more testing needs to be done to find out how customers

ascribe meaning to the different anthropomorphic design cues and what kind of responses that

elicits.

In summary, digital assistants are brilliant technologies that provide ongoing support to cus-

tomers and enable businesses to build and maintain relationships with them. AI-based digital

assistants can open up new ways for businesses to reach out to customers, interact with them, and

customize how they communicate with them. However, as artificial intelligence technologies con-

tinue to evolve, the marketing landscape is likely to fundamentally change. Therefore, marketers

need to start developing marketing strategies that engage customers and change their perception of

chatbots and therefore add value to the interactions between businesses and customers.

5.4 Limitations and suggestions for further research

Our current work has several limitations that may stimulate future research. First, we focus

on the study of natural cosmetics and in particular Moroccan natural cosmetics (e.g., argan oil,

prickly pear seed oil). These products are often considered gender-specific and are more popular

among women in general and Moroccan women in particular. In addition, natural cosmetics are

characterized by properties that are difficult to evaluate (e.g. category, benefits, application). Future

research should therefore investigate the impact of AI conversational agents as shopping assistants

in a different context. Since the chatbot was newly developed, it could not be sufficiently trained,

so we could not perform a robustness test to check in which conversations the chatbot failed and

provided wrong answers, so we suggest that more control variables need to be considered when

studying chatbot interactions (e.g. e.g. time of interaction, number of messages exchanged).We

could also add, as mentioned earlier, the fictional task of shopping, which is quite dissimilar to a

pre-purchase experience, and here we claim that similar experiments should be conducted in a less

artificial way. Regarding the large discrepancies found in responses to control variables such as
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Product Involvement, self-reported measurement should be done with more accurate scales: When

asked about technology affinity, a software engineer and a cell phone user might both receive the

same ratings and thus biased responses.Finally we contend that these type of type of experiments

should be conducted on different generational populations as there will likely be strong differences

in how consumers react to these technologies according to age as it has been shown that age impacts

consumer acceptance and use of information technology (Khatri et al., 2018)
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APPENDIX A. Confound checks

Study 1 Study 2

Gender t= 1.621 ; p=0.109 F= 0.389 ; p=0.761

Age t=-0.781 ; p=0.437 F=0.177 ; p=0.912

Education t=0.368 ; p=0.714 F=0.614 ; p=0.607

English t=0.608 ; p=0.545 F=0.557 ; p=0.644

New Technologies t=0.080 ; p=0.937 F=0.189 ; p=0.904

Natural Cosmetics t=-1.421 ; p=0.159 F= 1.343 ; p=0.263

Moroccan Cosmetics t=-1.018 ; p=0.312 F=1.370 ; p=0.255

Chatbot Usage t=0.941 ; p=0.350 F=2.527 ; p=0.060

Brand Recognition t=0.794 ; p=0.430 F=1.176 ; p=0.321

Note : The mean difference between the two treatments in Study1

and across the four conditions in Study2 is not significant (p > .05)
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APPENDIX B. Normality checks

Study 1

Scale Items
Shapiro-Wilk

Skewness Kurtosis
Statistic p-value

Informativeness inf1 .809 .000 -1.473 1.205

inf2 .842 .000 -1.258 1,573.

inf3 .845 .000 -1.323 1.372

Entertainment ent1 .916 .000 -.537 -.190

ent2 .917 .000 -.664 0.69

ent3 .929 .000 -.501 -0.17

Social Presence sp1 .908 .000 -.657 -.264

sp2 .897 .000 -.657 -.232

sp3 .920 .000 -.577 -.191

Sensory Appeal sa1 .891 .000 -.843 .460

sa2 .922 .000 -.546 .211

sa3 .921 .000 -.627 .297

Perceived Humanness ph1 .809 .000 -.289 -.583

ph2 .961 .000 -.224 -.028

ph3 .963 .001 -.185 -.198

ph4 .950 .000 -.421 -.237

ph5 .956 .000 -.313 -.511

ph6 .959 .000 -.291 -.501
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Study 2

Scale Items
Shapiro-Wilk

Skewness Kurtosis
Statistic p-value

Informativeness inf1 .874 .000 -.916 .629

inf2 .935 .001 -.407 -.345

inf3 .873 .000 -.944 .771

Entertainment ent1 .909 .000 -.713 .316

ent2 .896 .000 -.629 -.313

ent3 .901 .000 -.775 .284

Social Presence sp1 .918 .000 -.515 -.596

sp2 .919 .000 -.497 -.640

sp3 .922 .000 -.480 .642

Sensory Appeal sa1 .903 .000 -.763 .066

sa2 .921 .000 -.284 .650

sa3 .908 .000 -.467 -.623

Perceived Personalization per1 .924 .000 -.380 -.798

per2 .928 .000 -.221 -1.014

per3 .927 .000 -.916 -1.024

Perceived Social Support soc1 .942 .002 -.160 -1.024

soc2 .933 .001 -.095 -.818

soc3 .923 .000 -.326 .679

soc4 .943 .002 -.513 -.101

soc5 .946 .003 -.127 -.871

soc6 .942 .002 -.037 -.761

soc7 .921 .000 -.480 -.587
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APPENDIX C. Descriptive statistics of control variables

Controls Study 1 Study 2

N=77 N=143

Mean SD Mean SD

Proficiency in the English Language 4.55 0.68 4.55 0.64

Familiarity with New technologies 4.51 0.73 4,51 0,70

Familiarity with Natural Cosmetic Products 3.29 1.22 3.62 1.05

Familiarity with Moroccan Cosmetic Products 3.13 1.30 3.41 1.17

Chatbot Usage 2.82 1.33 2.78 1.09
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Technique Synopsis Example

Response

Feedback

Acknowledge a user’s responses

and provide positive feedback

to encourage information disclo-

sure

User: "I find all of this very interest-

ing"

Anika: "Thank you. We really appre-

ciate the interest."

Response

Prompting

Ask for more information User: "Do you have hair products ?"

Anika: "Would you be interested in a

specific category of products ?"

Anika: "Such as Serum , Styler or

maybe Shampoo ?"

Response

Probing

Probe answers to elicit deeper

information

User: "Please add sesame oil to my

bag"

Anika: "Sesame Oil comes in 2 sizes :

50ml and 100ml"

Anika: "Which one should i add to

your bag ?"

Social

Acknowledgement

Acknowledge a user’s input to

convey understanding and ver-

balize emotion

User: "I am doing great"

Anika: "Happy to hear that"

Handle

conversation

flow

Probe answers to elicit deeper

information

User: "Can we restart ??"

Anika: "Alright. Sorry if i’m being

confusing."

Anika: "Shall we start over ?"

Handle User

Excuses

Handle a user’s excuses not to

answer a question and encourage

continuation

User: "I’m sorry"

Anika: "Oh no it’s fine"

Anika: "May i still be of help ?"
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