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Executive Summary

Chatbots have been considered as one of the leading technologies in the e-commerce
domain as virtual shopping assistants able to guide customers throughout the entire shopping
experience automatically. However, this technology is currently registering a high failure rate, and
several users are still skeptical of its effectiveness. One of the reasons for this low performance lies
in the fact that chatbots have a poor human-likeness that negatively influences customer perception
of the technology. Secondly, the low level of personalization does not allow for tailored services
based on customers’ needs and requirements.

Previous studies discovered that it is possible to attach specific personality traits to chatbots
in order to increase their human-likeness. Besides, other researchers have discovered the
importance of service personalization as a distinctive requirement for successful e-commerce
businesses. Depending on consumers’ decision-making behaviour, scientists have found that
different services lead to different levels of customer satisfaction.

The present study explored the two sides of Human-Computer Interaction with the final
aim of understanding how to better align chatbot personality with human decision-making
personality. Two different chatbot personalities (neutral and extravert) were created and randomly
assigned to different users. During the experiment, participants had to complete a real chatbot
conversation focused on dress shoes and were asked to conduct a post-interaction questionnaire to
assess their satisfaction.

Results showed that it is possible to effectively attach an extravert personality into a chatbot
conversation through the use of language, emoticons and GIFs. Moreover, participants with
different personal decision-making behaviour and gender registered different levels of customer
satisfaction. Finally, the chatbot neutral personality registered different level of customer satisfaction
depending on gender and personal decision-making behaviour.

These findings support the literature by analyzing the complementary relationship between
chatbot and human personalities. Future studies could use these findings to develop chatbot
experiences that better fit with customer needs and requirements.



Preface

In the last few decades, the world has seen remarkable growth in e-commerce, which allows
consumers to buy anything from their own mobile devices anywhere in the world. This new way of
shopping has left customers progressively overwhelmed by the number of products available and
with little ability on how to select the best option for them. This can be seen from Bill Watterson’s
description of the exasperated grocery shopper who is trying to buy a peanut butter:

~Look at this peanut butter! There must be three sizes of five brands of four consistencies! Who demands

this much choice? I know! I'll quit my job and devote my life to choosing peanut butter! Is “chunky” chunky enongh

or not? Need exctra chunky? I'll compare ingredients! I'l] compare brands! I'll compare sizes and prices! Maybe 'l
drive around and see what other stores have! So much selection, and so little time!

(Watterson, 1996, p.107) ~

Within this context, Chatbots might be considered the right technological solution that aims
at supporting consumers while shopping online. This technology reduces customers decision-
making time and makes them feel supported and less anxious for all the options available. The
dream of developing a computer able to support and maintain a real interaction with humans has
been inspiring developers since the eatly days of computers. Nowadays, several things have changed
from the first chatbot. If ten years ago chatbots were compared to science fiction, today we hear or
interact with them almost on a daily basis. The advent of smartphone, social media and enhanced
computing capabilities have boosted the development of more intelligent bots, capable of
proactively understand, process and react to natural language conversations.

This context has inspired my research for the last six months in which I have been able to
develop a real chatbot from scratch, investigating how to develop more effective chatbot
conversations for the e-commerce industry, with a focus on the interaction between the personality
of both the user and the chatbot.

I would like to thank Dr. Laurens Rook for supervising and inspiring me during the last six
months. His support for the thesis was crucial for the quality and caliber of the final document. I
will always remember our insightful skype meetings both from the professional and personal
perspective.

Secondly, I am very grateful to Prof. Frances Brazier for her unique and rigorous ability to
help me understand and grasp the passion and the effort behind proper academic research. Her
inspiring criticism was crucial for the completion of the document and undoubtedly influenced the
outcome of this project.

I would also like to express my gratitude to my Deloitte supervisors Karine van Hal and
Wessel Schot, who have proactively supported my project since the beginning and provided me
with the right environment to create a successful result. This thesis would not have been developed
without the Deloitte Cognitive Engagement team, which has allowed me to access the right
resources and capabilities to excel in this project.

Last but not the least, I would like to thank my family and friends for always assisting me in
my up and downs regardless of the physical distance. In particular, I am grateful to my girlfriend,
Maria Chiara, for her love and emotional support that helped me overcome any obstacles in the last
years.



To my dear grandma Anna Maria.

Although you are no longer of this world, your memories continne to regulate my life.
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Personalized Dyadic Chatbot Conversations

1.

Introduction

This chapter presents the background information of the thesis and identifies the concepts
that have inspired the research and the literature review. The research scope section narrows down
the focus of this research to chatbots as shopping assistants. It also introduces the research gap
addressed in this thesis. A practical problem is identified about chatbot human-likeness and users
personal decision-making behaviour within the e-commerce domain. Finally, a research objective
and questions are formulated, followed by the designed research approach.

1.1. Background

The research domain of Human-Computer Interaction (HCI) focuses on the investigation
of relationships between technology and individuals (Rica & Hutchison, 2013). Information and
communication technologies have radically changed the way society behaves every-day, as well as
how people interact with computers to accomplish their tasks (Dale, 2016). Graphical user
interfaces that started from simple computer programs have evolved into mobile applications
(Petter Bae & Asbjorn, 2018). With the advent of Artificial Intelligence (Al), the future of mobile
applications lies on the development of new technologies that are not based upon the usual
scrolling or swiping, but, instead, exploit the powerful capabilities of Al and natural language-based
text strings (Folstad & Brandtzaeg, 2017).

One of the leading technologies of this new era is the Chatbot or Conversational Agent (BCG,
2019). Chatbots are defined as software-based systems that imitate communication experiences
using the power of Al and natural language processing technologies (Abu Shawar & Atwell, 2007).
Due to their ability to easily communicate with customers, chatbots have been applied in various
sectors such as healthcare, education, e-commerce and entertainment (Io & Lee, 2018). According
to research conducted by Wang, 57% of surveyed companies are going to develop a chatbot for
their activities (2017). Moreover, Gartner predicted that a majority of companies would invest more
in the development of chatbots than on traditional applications by 2021 (Gartner, 2019). These data
show the popularity that this technology has gained in the last few years as well as its promise for
the future.

Chatbots have been considered the most promising technology for businesses due to their
powerful ability to handle complex processes and support multiple clients (Etlinger, 2017). This
technology is able to interact with humans and support customers in their online activities,
effectively replacing a human employee (Bakhasi, 2018). Considering the frequent interactions that
they have with humans, it is relevant to assess the societal role that chatbots have during
conversations (Al-Natour et al., 2011). As early as 1996, under the so-called ‘CASA’ paradigm or
“Computer As Social Actors”, Reeves and Nass posited that people treat computers and robots as
real social actors with gender, values as well as personality (Reeves & Nass, 1996). Personality is
defined as a set of personal behaviour and characteristics that makes it possible to distinguish
among different people (Tausczik & Pennebaker, 2010). Besides, personality traits have been
considered highly important in effective conversations (Tausczik & Pennebaker, 2010). Studies have
shown that people tend to attach personality traits to chatbots as if they were discussing with a real
human with a specific personality (Lortie & Guitton, 2011). Thus, studies have started to focus their
attention on developing conversational agents personalities (also known as “botsanalities”) (Smestad
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& Volden, 2019). Among the psychological theories proposed, the “Five Factor” model or “Big
Five” (extraversion, agreeableness, openness, conscientiousness and neuroticism) is the most widely
used approach to develop chatbot personalities. Based on this model, academics have recently
begun to design chatbot personalities with the aim of improving conversation effectiveness and the
overall satisfaction of humans interacting with these agents (Ma et al., 2019).

However, a systematic methodology for the development of chatbot personality tailored to
users has not yet been proposed (Duijst et al., 2017; J. Li et al., 2017). Therefore, this thesis aims to
understand the role that chatbot personality plays within human-computer interaction and to
explore in greater detail which personality traits perform better within this context. Understanding
these concepts will help designers to develop more effective conversational agents, and enhance the
overall customer experience.

1.2. Research Scope

This research focuses on the e-commerce domain, in which chatbots have been applied as
shopping assistants that actively support customers during their online purchases (Y. Sun & Zhang,
2018). Chatbots seem to have a significant potential for online businesses due to two main
advantages associated with this technology (Bhawiyuga et al., 2018). Firstly, chatbots are able to
process natural language strings of text and to communicate with customers almost instantly. This
speed of interaction significantly enhances the conversion rates (Bakhasi, 2018). Secondly, by
automating the customer service process, this technology can help companies reduce their labour
costs. In fact, chatbots are expected to help companies save $8 billion in cost for their operational
activities by 2022 (JuniperResearch, 2017). Thus, chatbots might be considered an essential tool to
enhance customers’ perception of the e-commerce business (Chung et al., 2018).

Chatbot personality should also be taken into consideration while developing commercial
chatbots aimed at achieving high levels of customer satisfaction (Lee et al, 2019). Although
academics have studied chatbot personality in various domains, research is still lacking on the
impact of personality on the appreciation of a shopping assistant chatbot. Thus, this research tries
to shed light on the influence that chatbot personality might have on the overall customer
satisfaction when chatbots are applied as shopping assistants. Interestingly, within the sales and
marketing domain, studies have shown that the personality of salespeople often influences the final
sales performances (DeYoung et al., 2007). Particularly, the extraversion dimension of the Five-
Factor model is highly correlated to sales revenue (Grant, 2013). Academics have found that
extravert salespeople register higher sales performances compared to others due to their ability to
easily engage with customers (Grant, 2013). Therefore, this research focuses on extraversion as a
pillar for the development of chatbot personality.

In addition to the chatbot personality domain, scientists have started to study how
consumers behave while purchasing online. They discovered that it is possible to increase customer
satisfaction and loyalty by personalizing online services, depending on the customers’ personality
(Bologna et al., 2013). Again, the chatbot literature is still lacking the analysis of the influence of
users’ personality on customer satisfaction after interacting with chatbots (Paredes et al., 2015).
Previous studies have also found that gender is a critical variable to consider while developing
personalized online services (Sarkar & Das, 2016). Males were found to have different decision-
making behaviour more focused on maximizing their outcomes while purchasing online compared
to females (Schwartz et al, 2002). Thus, different services can be developed by e-commerce
websites depending on the gender of their customers.
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In summary, this research focuses on the application of chatbots as real shopping assistants
that support customers while purchasing online. Specifically, it aims to study the influence of
chatbot personalities in relation to users’ personality when customers are interacting with shopping
assistant conversational agents while purchasing online.

1.3. Problem Definition

Although conversational agents may expand organizational opportunities and help
companies save on cost, a major practical problem of chatbots is their poor performance when
interacting with humans (Brandtzaeg & Foelstad, 2018). They simply are unconvincing in their
conversations with humans. As a result, most users are still skeptical of this technology (Elsner,
2017). Considering that chatbot interactions consist of humans and computer technology, the
chatbots’ high failure rate might be analysed from these two different perspectives. From the
computer side, there is a low perceived chatbot human-likeness that decreases the connection that
people have with the technology. On the human side, there is a low service personalization that
does not allow for tailored services based on customer needs, personalities and gender. This
problem is visualized in Figure 1 below:

PRACTICAL PROBLEM

Chatbots high failure rate

Low Perceived Low Service
Human-likeness Personalization

Figure 1: Practical Problems identified

1.3.1.The Need for Chatbot-human Likeness

Considering the chatbot perspective, users often believe that chatbots are un-intelligent and
not able to maintain a real conversation with a human being (Smestad & Volden, 2019). Research
shows that the answers a chatbot provides to users often feel unnatural and are not up to the
standards usually expected from a real human interaction (Otf, 2016). A study from Capgemini
confirmed that chatbots have a low perceived chatbot human-likeness, and people still prefer
human-human interactions when reaching out for customer support (Garcia, 2018).

One of the variables influencing this low users’ perception of chatbot human-likeness lies in
the societal role that chatbots have during the interactions with users (Al-Natour et al., 2011). Under
the so-called CASA paradigm, studies have shown that chatbots may unexpectedly exhibit specific
personality traits that might influence users’ perceived chatbots human-likeness (Paredes et al.,
2015). Thus, specialists on cognitive engagement acknowledge the necessity to create
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psychologically realistic chatbots that imitate human behaviour (R. Sun & Hélie, 2013). The
literature on chatbot personality has recently started, and academics have tried to come up with
hypotheses on how to design chatbots’ personalities that improve their human-likeness and provide
enhanced customer experiences (Ma et al., 2019). For instance, some researchers (Back et al., 2010;
Hirsh & Peterson, 2009) have focused their attention on specific language styles (such as related
words categories or conversation styles), whereas others (Butterworth et al, 2019; Miltner &
Highfield, 2017) have considered additional elements (such as images, videos, emojis or GIFs) to
express specific personality traits.

However, a systematic methodology to effectively implement specific chatbot personalities
has not been discovered yet (Duijst et al., 2017; J. Li et al, 2017). There is still room for
improvement and methodologies to be discovered in order to implement powerful chatbot
personalities that support the perception of a chatbot as real agents (Kim et al., 2019).

1.3.2. The Need for E-commerce Service Personalization

Within the e-commerce literature, customer satisfaction has shown to be influenced not
only by the chatbot personality and its perceived human-likeness but also by users’ specific
personalities (Bologna et al.,, 2013). Besides, gender was also found to play a role in customer
satisfaction, since male users registered different decision-making behaviour compared to females
(Iyengar et al., 2000). Indeed, customer services that consider users’ personality traits have shown to
ensure an increase in purchase probability (To et al., 2007). Such experiences are the result of so-
called service personalization, the process of changing the functionalities of a system to better fit its
activity with the uset’s personality and gender in order to increase his/her satisfaction (Fan & Poole,
20006). Notably, this concept was applied to e-commerce chatbots to develop better conversations
that fit customer personalities (Duijst et al., 2017; Zhou et al., 2019). For instance, one study found
that different extravert people are more willing to interact with a chatbot compared to introverts
(Fang et al., 2018).

However, few studies have studied how to develop a personalized chatbot and how to align
chatbot services with users’ personalities and gender (Brandtzaeg & Folstad, 2018). There is a need
to develop chatbots that better consider users’ personality traits during their interaction (Duijst et
al., 2017; Zhou et al., 2019). The main research focus of these personalized chatbot studies has
always been based upon users’ personality traits from the Five-Factor perspective, but not upon
their decision-making behaviour or gender. To the author’s knowledge, no research has looked into
the influence of individuals’ decision-making behaviour and gender while interacting with chatbots
within the e-commerce domain. Understanding this relationship might help understand why
chatbots are still registering a low level of personalization.

Maximization theory is a popular theory to study decision-making behaviour (Dar-Nimrod
et al., 2009). This theory posits that people differ in their decision-making behaviour in terms of the
way they make (purchasing) decisions (Schwartz et al., 2002). Maximization Theory distinguishes
between two different types of behaviour. On the one hand, there are maximizers who seek to
make the best decision possible and try to evaluate all the options available. On the other hand,
there are satisficers, who seek to make decisions based on their preferences and standards instead
(Schwartz et al., 2002). This difference was found to significantly influence customer satisfaction
within the same purchasing experience, as maximizers might feel worse off as the options that they
face an increase or they might be more sensitive to regret and feel less satisfied (Kokkoris, 2017).
Besides, it was also found that gender influences personal maximizing tendency behaviour. Men
often register a higher value of maximization compared to women (Schwartz et al., 2002). Thus,
studying the influence that personal decision-making behaviour and gender has on chatbot
interactions might shed light on the reasons why chatbots are still registering a low level of
personalization and, thus, poor customer satisfaction.
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In sum, it is a major challenge to develop more effective conversational agents that not only
exhibit higher human-likeness through their personality but also take individuals’ personalities,
gender, and decision-making behaviour into consideration. Understanding how to better align
chatbot and individuals’ personalities will allow for the development of better shopping assistant
chatbots that enhance the customer experience and, consequently, the overall customer satisfaction
for men and women.

1.4. Research Objective

The literature discussed methods to attach personality traits to chatbots using the Five-
Factor model (Lee et al., 2019). Research shows that people differ in maximizing or non-
maximizing behaviour while buying products or services online — also based on gender differences.
This is the reason why the present study aims to analyse the relationship between chatbot
personality, individuals’ personal maximizing tendency behaviour, and gender differences between
them, with the following research objective:

To determine whether chatbot extraversion influences customer satisfaction within the e-commerce domain and, if so,
whether this is influenced by personal maximizing tendency behavionr and gender

Accordingly, this thesis explores how people interact with digital shopping assistants and
analyses the role that conversational agents have during their online purchasing experience. In
addition, this research aims to assess the appreciation of perceived chatbot personality and the
impact on overall customer satisfaction. From a business perspective, this research aspires to inform
organizations about how to develop and personalize their conversational agents to achieve higher
customer satisfaction.
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1.5. Research Questions

This section presents the main research question of the thesis. Along with the research
question, a group of sub-questions is presented with the aim of structuring the research, and to
meet the research objective.

1.51.Main Research Question

Considering the research objective of studying the relationship between chatbot personality
and satisfaction of male and female customers from the angle of the maximization theory, the
following is the main research question identified:

RQ: To what extent does chatbhot extraversion influence customer satisfaction within an e-commerce domain and, do
personal maximizing tendency behaviour and gender influence this relationship?

In this question, the term chatbot extraversion refers to the extraversion dimension of the
Five-Factor model. To better answer this question, a set of sub-questions is identified.

152, Sub-Research Questions

The following are the sub-research questions, of which the main research question is
composed. Addressing these questions will help to answer the general research question and to fulfil
the research objective. Considering the main focus of this thesis on e-commerce chatbots as virtual
shopping assistants and the extraversion dimension, before answering the main research question,
there is a need to understand how to effectively implement chatbot personalities (extraversion in
this case) that are perceived as different than a neutral chatbot version. Hence, the following sub-
research question is formulated:

SRQ1: Can virtual conversations for chatbots be designed to make them extravert in nature?

After the development of an effective personality-based conversational experience, the
focus of the thesis will shift to the users of the technology, so as to understand the influence of
chatbot extraversion on customer satisfaction. Accordingly, the following research question is
formulated:

SRQ2: Does the extravert nature of a chatbot influence customer satisfaction?

Besides, considering that the literature categorizes users in different groups based on their
personal maximizing tendency behaviour (in terms of maxinizgers and satisficers) and the documented
gender differences in personal maximizing tendency behaviour, this research focuses on
understanding whether there is any difference in the chatbot interaction between these groups. It
will assess the overall effectiveness of the botsanality among them. The following sub-research
questions will be answered using the results gathered through the experiment:

SRQ3: To what extent do personal maxinizing tendency behaviour and gender differences influence customer
satisfaction of chatbot use?

SRQ4: To what extent do personal maximizing tendency behaviour and gender differences influence the relationship
between chatbot extraversion and customer satisfaction?

Answering these four sub-research questions will help clarify the relationship between
chatbot personality, user characteristics, and decision-making behaviour.
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1.6. Research Approach

To answer the research questions and fulfil the research objective, a structured research
approach is followed with two main phases: Firstly, an extensive literature review to identify the
relevant articles and existing studies related to the research topic, and knowledge gaps. Secondly, an
experiment is performed with a real shopping assistant chatbot to analyse the influence of chatbot
personality on customer satisfaction of men and women. The statistical results obtained from the
experiment are used to answer the research questions. Table 1 presents an overview of the research
approach and designated output for each of the sub-questions.

# Research Question Research Approach Output
Can virtual conversations for Methodology on how to attach
1 chatbots be designed to make Literature Review personality trait in virtual
them extravert in nature? conversations

Does the extravert nature of a
2 chatbot influence customer
satisfaction?

Experiment and Shopping assistant chatbot and
Statistical Analysis statistical results

To what extent do personal
maximizing tendency behaviour
3 and gender differences influence
the customer satisfaction of
chatbot use?

Experiment and

o . Statistical results
Statistical Analysis

To what extent do personal
maximizing tendency behaviour

and gender differences influence Experiment and .
4 . . i . Statistical Results
the relationship between chatbot Statistical Analysis
extraversion and customer
satisfaction?

Table 1: Research Approach
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This M.Sc. thesis is the result of a collaboration between the Delft University of Technology
(in the context of the Management of Technology M.Sc. programme) in collaboration with
Deloitte’s Cognitive Engagement Department. Specifically, the research was part of a six-month
internship at Deloitte in Amsterdam within the Cognitive Engagement (CE) team. This team
focuses mainly on the identification and the development of chatbot strategies as well as their
implementation within organizational processes. The main focus of the Deloitte team is on Virtual
Agents (CVA), that have shown great potential for customer assistant applications (such as e-
commerce applications or customer queries management) coupled with the internal business
opportunity to support a firm’s employees internally for maintenance, human resources and
production processes. Hence, this research is supported by Deloitte’s professional expertise as well
as resources. This has enabled the author to perform experimentation required to answer the main
research question and fulfil the overall objective.

1.7. Report Structure

This thesis is organized as follows. The first chapter has introduced the research scope and
context, along with the research questions and approach. Chapter 2 presents the literature review in
which the theoretical background of all the involved variables is described. Chapter 3 described the
conceptual framework of the thesis, including the research gap and the hypothesis. Chapter 4
introduces the instrument design, delineating how the chatbot personality was developed as well as
the chatbot software used in the study. Chapter 5 describes the research methodology with the
participant description, the research procedure and the measurements. Chapter 6 presents the
results of the statistical analysis. Chapter 7 discusses the implication and analyse the findings by
delineating the consequences of the study, practical relevance and the limitations of the study.
Chapter 8 includes the conclusion of the thesis and a brief summary of the findings.
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2.

Literature Review

This chapter presents the literature review with the studies and theories relevant to this
thesis. It provides a theoretical background to support the research and development of a
conceptual framework. Firstly, this chapter presents a brief introduction of Human-Computer
Interaction (HCI) and the role of chatbots in recommender systems. Secondly, this chapter explores
the relationship between the two main subjects of HCI (chatbots and individuals) from a personality
perspective. On the one hand, an extensive review of the previous studies on chatbot personality is
given with a focus on the extraversion trait of the “Five-Factor” theoretical model. On the other
hand, the importance of individuals’ personality and gender in their decision-making behaviour is
presented using “Maximization” theory. This chapter ends with the identification of the
implications of this relationship on customers in terms of their satisfaction.

2.1. E-commerce Chatbots as Recommender Systems

Human-Computer Interaction (HCI) is defined as a scientific field, which focuses on the
design and control of the relationship between computer technologies and humans (Lazar et al.,
2017). For decades, the improvement of graphical user interfaces has been the main focus of
research in this domain (Rica & Hutchison, 2013). Nowadays, the development of Artificial
Intelligence (Al) technologies and the availability of messaging applications have shifted the nature
of these interactions with computers from the usual swiping and scrolling-based applications
towards natural language conversations (Etlinger, 2017). This advancement has inspired researchers
to redirect their emphasis on text-based user interfaces, in which humans interact with computers
using strings of natural language (Elsholz et al., 2019; Folstad & Brandtzaeg, 2017).

One of the leading technologies in language-based HCI studies is the chathot or conversational
agent, defined as a “computer program that interacts with users using natural language” (Abu Shawar
& Atwell, 2007, p.29). Compared to previous solutions, chatbots have brought a new way of
creating digital experiences, setting up conversation-based business models, in which users are
directly interacting with agents in a way more similar to how they communicate naturally (Etlinger,
2017). The main advantage of this technology is the ability to process natural language strings of
text and to provide almost instantly the most appropriate answer to customers depending on the
chatbot’s specific task (Kuligowska, 2015). Due to the ability to actively support customers
throughout their online experience, chatbots have recently been developed in the e-commerce
industry, in which businesses are always looking for innovative ways of guaranteeing a competitive
advantage and enhancing the customer satisfaction (Bhawiyuga et al., 2018). Studies have shown
that chatbot e-services allow for a more interactive and engaging service encounter by directly
communicating with customers almost instantly (Chung et al., 2018).
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Within the e-commerce domain, in parallel to the advancement of HCI studies,
organizations have always been focused on the design and implementation of other innovative ideas
that guarantee a competitive advantage by providing an enhanced customer experience — i.e. better
supports consumers during their online purchases (Srinivasan et al., 2002). One of the technologies
employed is “Recommender Systems” (RS), which refers to online systems that are able to provide
advice to users during their decision-making processes. Examples are recommender systems that
support users in the purchase of a new product or the selection of an online or offline service (e.g. a
movie or holiday destination) (Ricci et al., 2015). The most important advantage of this technology
is the ability to create recommendations tailored to different customers’ needs (Foster &
Oberlander, 2010). Thanks to the tailored services that they can provide, RSs have the ability to
improve the success rate of e-commerce businesses and to enhance customer experience (Coba et
al., 2019).

Given the high potential of RSs for e-commerce organizations, researchers have started to
consider RS methodologies to improve the effectiveness and selling ability of chatbots. By applying
RS processes in virtual conversations, researchers have found an increase in the conversion rate for
online sales and, consequently, coined the term “Conversational Recommender Systems” (CoRS)
(Narducci et al., 2019). This new technological integration benefits both systems (Y. Sun & Zhang,
2018). On the one hand, the ability to recommend products and services based on their preferences
and standards enables chatbots to enhance the user experience. On the other hand, through
conversation-based recommendations, RSs can gain important data on users that they would not be
able to grasp otherwise (e.g. price preferences or indirect purchase intentions). Within the literature,
several studies assess the overall effectiveness of CoRS systems (Iovine et al., 2020; Jusoh, 2018; Liu
et al., 2019; Narducci et al., 2019). For instance, one study developed a methodology for the design
of CoRS systems focused on persuasion features that can better fit e-customers’ needs (Jusoh,
2018). Another study compared different types of CoRS (button-based, natural language-based or
mixed), and found that the natural language version with specific closed questions was not assessed
as better than the button-based mode in terms of perceived recommendation accuracy for online
selling (Iovine et al., 2020). Flexibility and duration of interaction influenced these perceptions
(Iovine et al., 2020).

Although researchers have started to analyse this domain, additional testing and
development of CoRS methodologies are still lacking. There is a need for more reliable and robust
data (Arteaga et al., 2019). CoRS are required to have an effective and reliable conversational
strategy for online sales (Lee et al.,, 2019). One of the most crucial aspects for developing better
conversational agents is the ability to attach personality trait to chatbots to increase their human-
likeness (Gittens, 2018). The next paragraph focuses on the psychological side of conversations and
underlines the importance of developing better chatbot personalities.
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2.2. Chatbot Personality

One of the most important capabilities of e-commerce chatbots is their ability to manage
complex processes and support customers while purchasing online, effectively replacing a real
employee (Bakhasi, 2018). Chatbots actively participate and constantly interact with individuals,
creating a sort of human-computer relationship with them (Go & Sundar, 2019). Hence, in order to
better develop effective chatbots conversations, it is crucial to consider the societal role that this
technology has among users (Al-Natour et al., 2011).

As mentioned in the introduction chapter, conversational agents are often considered to be
real social actors with values, gender and personalities (Reeves & Nass, 1996). Researchers have
found that chatbot human-likeness is a crucial aspect of influencing users’ trust and perception of
the technology (Folstad et al., 2018). This new concept has contributed to the development of a
new field of study called anthropomorphism, which refers to the propensity to allocate human traits to
conversational agents (Lortie & Guitton, 2011). This domain focuses on the identification of
innovative ways of improving chatbots’ human-likeness with the final aim of enhancing customer
satisfaction (Araujo, 2018). Several studies have started exploring this new field of research (Elsner,
2017). Accordingly, physical representations such as avatars, voices and images have been added to
conversational agents to increase human-likeness (extending simple text-based conversations),
obtaining significant results in terms of enhanced user experience (Przegalinska et al., 2019). For
instance, Kuligowska has found that adding a picture that presents the chatbot as a real person

increases the overall customer satisfaction compared to a neutral conversation without any picture
(2015).

Despite these relevant results, corporal appearance is not the only factor that affects the
chatbot human-likeness perception as a good communication partner. Linguistic capabilities were
found to play a crucial role in this context (Elsholz et al., 2019). Language has been defined as the
most important humanness factor for machines, thanks to the famous studies on the Turing Test to
assess whether computers exhibit intelligent behaviour (French, 2000). Language is also seen as an
important factor for individuals to be considered as a good communicator (French, 2000).
Accordingly, Lortie & Guitton discovered that linguistic capabilities influence a chatbot’s perceived
human-likeness by using common words as well as linguistics methodologies (2011). Thus, language
is the main factor that can help develop chatbots that exhibit a higher level of human-likeness and
are seen as real social actors by users (see also Elsholz et al., 2019).

Personality is defined as a group of features that uniquely identify people behaviour,
motivations and cognitions (McTear et al., 2016). Personality plays a crucial role in how users
perceive chatbots. It can be the main factor that determines whether individuals are willing to use
the technology or not (Smestad & Volden, 2019). One study analysed the role of personality on the
perception of chatbot human-likeness and discovered that attaching personality traits to
conversation allows for a better consistency throughout the interaction, helping users perceive that
they are talking to a real person with a specific personality (Callejas et al., 2011). Thus, given the
importance of personality for language skills and the relevance of language for chatbot human-
likeness, it is important to develop personalized conversational agents that exhibit personality traits
through language-based conversations.

E-commerce applications have been used to test a conversational agent's effectiveness in
relation to customer engagement (Chung et al., 2018). Nass discovered that customers that use a
personality-matched chat with an agent feel an increased social presence as well as trust in the
technology (Nass, 2019). Another study showed that chatbot personality positively influences users’
assessment of the virtual shopping assistant (Paredes et al., 2015). Nevertheless, although these
studies have shown that chatbot personality influences customer satisfaction, a systematic design
methodology to attach personality traits to conversational agents has not been proposed yet (Kim et
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al., 2019). Thus, there is a need for discovering which personality traits perform better within a
specific domain and chatbot task with the final aim of developing more effective chatbots (Duijst et
al., 2017; Zhou et al., 2019).

In summary, although corporal factors and personality traits have shown to be crucial to
increase chatbots anthropomorphic effect on users, there is still room for improvement to develop
chatbots personalities that better fit users’ needs and requirements. The following paragraphs
present an in-depth exploration of the relevant personality theories in the literature and answer the
first sub-research question by identifying the key differentiating personality trait for shopping
assistant chatbots.

2.3. Personality Theories

Among the various personality theories available in the literature, one of the most famous
and studied ones is the ‘Five-Factor’ or ‘Big Five’ personality model (DeYoung et al., 2007). The
model was firstly introduced in 1932 by McDougall as a first attempt at systematically assessing
individuals’ personality (McDougall, 1932). However, the Five-Factor model, as it is currently
known, was formally presented a few decades later by Norman, who reviewed the previous version
and introduced five components (Norman, 1963). Accordingly, the Five-Factor theory nowadays
includes Openness, Conscientiousness, Extraversion, Agreeableness and Neuroticism (Norman,
1963). Figure 2 below shows a graphical representation of the model with a brief description of
each component (Vital, 2018).
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During the last fifty years, many studies have focused on the role and relevance of
personality traits in human interpersonal interaction (L. Barrick et al., 1991; DeYoung et al., 2007;
Meccrae & John, 1992; Weisberg et al., 2011). The Five-Factor model has related personality traits to
job performance, to identify which personality trait performs better in which specific working
environments (L. Barrick et al.,, 1991). As such, this model has been used by the majority of the
studies within this domain (De Young et al., 2013).

As an alternative to the Five-Factor model, Freedman, Leary, Ossorio and Coffrey proposed
the ‘Interpersonal Circumplex’, which refers to a circular model in which interpersonal actions and
mechanisms are organized along two orthogonal dimensions (1951): affiliation (tendency to relate
with others like sympathy) and assertiveness (tendency to influence others like suggestions or
criticism) (Freedman et al., 1951).

Although this model differs from the Five-Factor in terms of origin, context and structure,
the two variables used in the circumplex model were found to be strictly related to two dimensions
of the Five-Factor personality model: extraversion and agreeableness (McCrae and Costa, 1989).
Extraversion is significantly associated with the dynamic behaviour of social interactions (Cuperman
& Ickes, 2009). People with high extraversion are characterized by a more dynamic, powerful and
community-oriented behaviour, as opposed to introverts, who try to avoid interpersonal
connections (Mccrae & John, 1992). Agreeableness is defined in the literature by concepts such as
interpersonal warmth, empathy and friendliness (Funder & Sneed, 1993). Agreeableness may be
more related to societal aspects and interpersonal interactions than the other personality dimensions
as it refers to emotions and behaviour connected to altruism. Figure 3 depicts the graphical
illustration of the interpersonal circumplex model with the extraversion and agreeableness
dimensions from the Five-Factor framework (Park et al., 2010).
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Given the focus of this thesis on the social interaction between humans and chatbots,
especially the extraversion and agreeableness dimensions of the Big Five are considered to be
relevant dimensions for interpersonal communication. Previous studies have found a moderate and
positive correlation between agreeableness and extraversion (Rook et al., 2020). One study found
strong personality configurations with both extraversion and agreeableness (Rentfrow et al., 2013).
Thus, considering this proven relationship between these two personality traits, this thesis focuses
only on the extraversion dimension as the most relevant trait for an e-commerce shopping assistant
chatbot. The next paragraph explains more in detail the reason behind this decision.

Extraversion and Conversation styles

Extraversion has shown to be the most relevant trait in the Five-Factor framework to
influence individual behaviour in dyadic social conversations (together with agreeableness)
(Cuperman & Ickes, 2009). This personality trait was found to be significantly correlated to
individual social behaviour and the ability to establish interpersonal relationships (L. Barrick et al.,
1991). Highly extravert people tend to be more active and have a higher ability to engage in social
interactions (Mccrae & John, 1992). Besides, extravert people are more comfortable talking to
strangers and interacting with different people during their daily activities (Furnham, 1990).

As indicated above, throughout the last few decades, researchers have analysed the influence
of specific personality traits for job performance based on the Five-Factor model (Barrick et al.,
2001). Particularly, extraversion was found to be related to working positions such as marketing,
sales and customer services (DeYoung et al.,, 2007). The reasons for this correlation are three-fold
(Grant, 2013). First of all, extravert people easily engage with people and start a conversation with
strangers without difficulties (Furnham & Fudge, 2008). Secondly, extravert people are usually more
determined and persuasive and better able to convince customers to switch their behaviour or
decisions (Stewart, 1996). Finally, throughout the selling activity, extraversion performs better in
terms of enthusiasm compared to other personality traits (Vinchur et al., 1998). Accordingly,
extraversion is usually correlated with high sales performances (Grant, 2013).

However, different studies criticized the relation between extraversion and sales
performances based on the type of organisation involved (Grant, 2013). One study focused on
manufacturing sales and found that extraversion was not significantly correlated to high
performances (Barrick et al., 1993). Other researchers also found the same results for the healthcare
industry (Adrian Furnham & Fudge, 2008) as well as in sales between businesses (Stewart, 1990).
Thus, although extraversion may be related to high sales performances, it is vital to understand the
context in which this personality trait is implemented — to avoid developing the wrong chatbot
personality (Adrian Furnham & Fudge, 2008).

Considering the importance of extraversion for social interactions and sales activities,
coupled with the focus of this thesis on shopping assistant chatbots, this specific Big Five
dimension will be used to develop the shopping assistant chatbot’s personality. Besides, in line with
the extraversion and sales criticism, this research analyses the influence of chatbot extraversion for
customer satisfaction. It identifies whether this personality trait influences sales performance and or
customer satisfaction within the context of chatbot shopping assistants.
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2.4. Chatbot-Users Personality Relationship

HCI studies not only focus on machines and computers, but they also take the human side
into account, studying how users perceive technology as well as how different user profiles interact
with the same technology (Hill et al., 2015). The main objective of HCI studies is to find the most
appropriate solution for the interaction between humans and computers (Siricharoen, 2019). Hence,
it is crucial to take into consideration how users react to different services encounter with the final

aim of creating customer experiences that better fit users’ needs and requirements (Paredes et al,,
2015).

Recent studies have discovered that personality may influence consumer purchase intention
and, thus, the overall satisfaction for specific customer experience (Tsao & Chang, 2010). Different
users may have different perceptions of a product value depending on their personality (Olson &
Olson, 2003). This concept was also applied within the e-commerce domain, in which customer
satisfaction was found to be influenced not only by the chatbot personality and human-likeness but
also by users’ psychological trait (To et al., 2007). Customer services that consider users’ personality
traits have shown to ensure an increase in purchase probability (Bologna et al., 2013).

These services that suit customer’s needs and wants are related to the well-known process of
service personalization, defined as the “combined use of technology and customer information to tailor
electronic commerce interactions between a business and each individual customer” (Fan & Poole,
2000). Personalized services are able to enhance the interaction between humans and computers,
positively influencing overall customer satisfaction (Duijst et al., 2017; Siricharoen, 2019). Within
the e-commerce domain, Tsao & Chang discovered that individuals with different personality traits
and gender exhibit different shopping behaviour in terms of hedonic or utilitarian motivations,
underlining the need to align better customer experience with users’ expectation and needs (2010).
This concept was also implemented in chatbot applications in which one study showed that users
with a different personality from the Five-Factor model perceived chatbot in different ways in terms
of trust and intention to use the technology (Paredes et al., 2015). Others found that users’
extraversion predicts the evaluation outcome of the interaction with the chatbot, suggesting that
different users should have different experiences tailored to their personality (Gratch, 2010).

However, the literature is still lacking a systematic methodology to align chatbots
personalities with humans psychological traits and, thus, to enhance and tailor the customer
experience (Duijst et al., 2017; J. Li et al., 2017). Previous attempts focused on understanding the
influence of chatbot personality from the Five-Factor model perspective, and the literature falls
short in analysing this relation from a different psychological perspective (Putri et al., 2019). The
next paragraph proposes a personality model based on consumer behaviour as a different approach
in understanding how human personality may influence the interaction with a chatbot.
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2.5. Maximization Theory

With the advent of the e-commerce industry, people have been exposed to an intricate set
of choices that influence their every-day decisions (Dalal et al., 2015). Such complex decision-
making processes may positively or negatively influence consumer behaviour for two different
reasons (Iyengar & Lepper, 2000). On the one hand, people might be more satistied when they are
exposed to several options due to a sense of freedom registered within this scenario (Reibstein et al.,
1975). On the other hand, people may also feel overwhelmed when facing an enormous amount of
data and options (Iyengar & Lepper, 2000; Miceli et al., 2018). This has inspired several researchers
to explore how to support people decisions in different environments with the aim of coming up
with a systematic overview of how people make decisions in different contexts (Dalal et al., 2015).

A popular theory in the decision-making domain is the so-called maximization theory,
which distinguishes consumers based on their decision-making behaviour in terms of the way they
make purchasing decisions (Schwartz et al., 2002). This theory states that people may be defined as
maximizers or satisficers. On the one hand, maximizers are defined as people who seek for the best
option available and always consider all of the alternatives before making a decision (Schwartz et al.,
2002). On the other hand, satisficers are people who aspire to make choices that fit with their
standards and preferences without spending too much time evaluating all the possible options
(Schwartz et al., 2002).

This theory is the result of the dichotomy between two different contradictory theories
(Cheek & Schwartz, 2016). The original theory of decision-making behaviour dates back to the
1940s, when Kuhn proposed rational choice theory, that posits that people have structured and
specific set of preferences and they always behave to maximize their values and utilities (laying
down the fundamental concepts for the current definition of maximizers) (Kuhn et al., 1944). In the
1950s, this theory was criticized by Herbert Simon, who proposed that people do not always behave
as maximizers, but their every-day life decisions may be characterized by the satisficing principle
(Simon, 1955). Particularly, human decision-making is restricted within a certain range (so-called
‘bounded rationality’), and it is driven by individuals’ needs, aspirations and existing available
knowledge and computational capabilities (Simon, 1956). Accordingly, considering a large number
of options available, consumers are not able to make the best possible decision due to their limited
information processing abilities, but they usually end up making decisions that satisfy their personal
goals and aspirations, exhibiting satisficing behaviour (Simon, 1956). Schwartz et al. proposed the
maximization theory as a complementary framework that considers both theories and distinguishes
between maximisers and satisficers (Schwartz et al., 2002).

With the introduction of maximization theory, Schwartz et al. also developed the first
Maximization Scale (MS) to categorize individuals based on their personal maximizing tendency
behaviour (PMTB) (Schwartz et al., 2002). One of the most popular and reliable revisions of the
maximization scale is the work developed by Cheek and Schwartz, who posit that the personal
maximizing tendency behaviour is composed by two different components: goal and strategy
(Cheek & Schwartz, 2016). On the one hand, the maximization goa/ is defined as the ability to
choose the best, which corresponds to the original definition of Simon to make the best decision
and is considered as the definitional component of maximization (Simon, 1956). On the other hand,
the maximization straregy refers to the procedure of seeking out options and comparing them,
analysing the options available and contrasting them based on different variables. For clarity’s sake,
Figure 4 shows a graphical representation of the construct.
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Cheek, N. N., & Schwartz, B. (2016). On the meaning and
measurement of maximization. Judgment and
Decision Making, 11(2), 126—146.
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Figure 4: Maximization components (Cheek & Schwartz, 2016)

Maximization theory has been applied in the e-commerce industry, and it has been found to
significantly influence customer satisfaction (Coba et al, 2019; Dar-Nimrod et al., 2009). For
instance, maximizers may feel worse off as the options that they face increase, or they might be
more sensitive to regret and feel less satisfied compared to satisficers (Kokkoris, 2017).

More interestingly, different studies have shown that gender is one of the variables
influencing PMTB (Schwartz et al., 2002). Male customers registered different online shopping
behaviour more focused on rational factors compared to women (Sarkar & Das, 2016). Male
customers were found to exhibit different decision-making behaviour while shopping online and
showed a higher tendency to maximize compared to female customers (Iyengar et al., 2006). Thus,
these studies demonstrate that maximization theory and gender can play a role in influencing
customer satisfaction and should be taken into consideration while developing online customer
experiences.

Studying the influence that maximizing tendency behaviour and gender have on e-
commerce interactions may shed light on why chatbots are still registering a low level of satisfaction
and, thus, may help better understand how to achieve higher levels of service personalization.
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2.6. E-commerce Customer Satisfaction

One of the most popular models used to assess the effectiveness of new technologies is the
Technology Acceptance Model (TAM)(Al-Natour et al., 2011). This model was developed in 1989
by Davis, and it based on two fundamental factors (perceived ease of use and perceived usefulness)
that influence technology acceptance behaviour (Davis, 1989). On the one hand, the perceived
usefulness is defined as the “degree to which a person believes that using a particular system would
enhance his or her job performance”(Davis, 1989, p. 320). This factor is considered an important
mediator that it is still used in new versions of the TAM (Maranguni¢ & Grani¢, 2015). On the
other hand, the perceived ease of use is defined as “the degree to which a person believes that using
a particular system would be free from effort” (Davis, 1989, p. 320). Earlier versions of this model
also include social influence as well as cognitive instrumental processes as factors influencing users’
intention to use a technology (Venkatesh & Davis, 2000). This model was then completed with the
intended and actual use of the technology factors, which were related together but were found to
play a crucial role in the users’ acceptance behaviour (Ajzen & Cote, 2008)

The TAM was used in several studies to assess whether chatbots were able to provide a
sustained competitive advantage based on enhanced service quality (Kassim & Asiah Abdullah,
2010). One study found that a higher intention to use chatbots leads to higher customer
engagement and user satisfaction from the service (J. Li et al., 2017). Accordingly, researchers found
that chatbots significantly improved customer intention to use e-services and, thus, their overall
satisfaction (Chung et al., 2018).

Hence, this thesis uses the TAM as the main theoretical background to evaluate the chatbot
effectiveness for e-commerce applications due to the ability to assess the extent to which users like
the technology as well as to predict their overall service satisfaction. The intention to use the
technology coupled with customer satisfaction will be considered as the main dependent variables
to assess customer perception of chatbots during the experiment.
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3.

Conceptual Framework

This chapter presents: (1) the research gap related to chatbot personality, maximization
theory, and gender differences, (2) a conceptual framework and (3) a list of hypotheses related to
the conceptual framework.

3.1. Conceptual Framework

Previous studies on e-commerce focus on the development of chatbot personalities to
enhance customer experience and overall customer satisfaction (Gittens, 2018). In parallel, the role
of humans in HCI studies has been emphasized (Tsao & Chang, 2010). Parades et al. have shown
that specific personality traits may influence customer experience and experienced levels of
satisfaction with the same service (Paredes et al, 2015). An analysis of the influence of an
individual’s personality from the perspective of personal decision-making behaviour has yet to be
considered. This thesis explores the relationship between personal decision-making behaviour and
chatbot personality.

Figure 5 shows the graphical framework (the identified knowledge gap), in which the
chatbot personality literature is combined with maximization theory, delineating a new area of
research, focused on the identification of the influence of chatbot personality on customer
satisfaction.

MAXIMIZATION
THEORY

CHATBOT
PERSONALITY

Figure 5: Identified research gap framework
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Based on this theoretical background, an extravert shopping assistant chatbot is developed
and used to evaluate customer satisfaction. Besides, this thesis determines whether this relationship
is influenced by personal maximizing tendency behaviour. Figure 6 graphically represents the
conceptual framework for this research. The personal maximizing tendency behaviour refers to the
two constructs identified in the literature as strategy and goal. Considering its relevance for
decision-making behaviour, gender will be considered as an additional variable in the experiment to
test whether there is any difference in customer satisfaction for male and female (Dalal et al., 2015).

Personal
Maximizing
Tendency
Behaviour
(Gender)
H1
Chatbot
Extraversion Customer Satisfaction

Figure 6: The identified conceptual framework

20 | Page

%
TUDelft Deloitte



Personalized Dyadic Chatbot Conversations

3.2. Hypothesis Development

Based on the maximization theoretical background, this research predicts that customer
satisfaction will be influenced by chatbot personality. Two chatbot personalities are distinguished:
extravert and neutral. Based on the literature, it is hypothesized that chatbot extraversion will lead to
higher customer satisfaction:

Hypothesis 1: An extrovert chatbot personality increases customer satisfaction compared
to a neutral chatbot personality

Personal maximizing tendency behaviour is included as a moderator between chatbot
personality and customer satisfaction. The influence of maximization decision-making behaviour on
online chatbot conversations is explored. The following hypotheses are the focus of the second part
of this research:

Hypothesis 2: Personal maximizing tendency behaviour and gender differences influence customer satisfaction

Hypothesis 3: The relationship between chatbot exctraversion and customer satisfaction is influenced by personal
maximizing tendency behavionr and gender differences
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Instrument Design

This chapter presents the instrument design for the experiment. First, the approach used for
the experimental manipulation of chatbot personality will be introduced. Second, the chatbot
development platform is introduced.

4.1. Chatbot Personality Development

Two different versions of the chatbot (extravert vs neutral) were developed to explore the
main research question. This section explains the operationalization of this specific personality trait
and its control in the chatbot’s conversations. Afterwards, the methodology used to implement the
extraversion dimension is presented.

Express Personality Through Conversation: The Existing Literature

To design virtual conversations that successfully reflect extraversion, previous studies have
built chatbot extraversion by means of language, emoticons and GIFs.

Firstly, semantic content is a crucial social cue to express personality, behaviour or mood
during a social conversation (Walker et al., 2007). Pennebaker et al. discovered that extravert people
use more tentative words (such as “sort of”’, “quite”, “it seems that”) than introvert people (1999).
Also, extravert people use more informal language than introverts (Furnham, 1990) to exaggerate
more and to be more concerned about the hearer (DeYoung et al., 2007). These findings were also
found in online conversations or blogs (Foster & Oberlander, 2010). Using the Linguistic Inquiry
and Word Count (LIWC) software, extravert people were found to use more social and emotional

words, less complicated language and fewer significant words than introverts (Qiu et al., 2012).

Researchers have used these findings to develop a chatbot conversation that expresses
specific personality traits, including extraversion (Ma et al., 2019). Table 2 presents a summary of
the relevant findings on the extraversion language.

Introvert Findings Extrovert Findings Studies Parameters + Examples

Tentative words (high) Tentative words (Low) (Pennebaker & King, 1999) Softener Hedges:
(Sort of, somewhat, quite, rather, it
seems that, like)

Formal Language (low) Informal Language (high) (A Furnham, 1990) Acknowledgement:

(Yeah, right, ok, I see, Well)
Realism Exaggeration (Oberlander & Gill, 2004) Emphasize Hedges:

(Really, Basically, Actually, Just)
Not sympathetic (Low) Sympathetic, concerned about (Hirsh & Peterson, 2009) Tag Questions

hearer (High)

Strict Selection Think out loud (A Furnham, 1990) Repetition and Openness
LIWC Categories
Low scores on these categories You, social, family, space, (Tausczik & Pennebaker, 2010)

Number of words, question marks

Table 2: Findings on language cues for Extraversion
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Second, with the advent of social media and online instant-messaging platforms, ewoji or
emoticons have become popular additions to textual communication (Butterworth et al., 2019).
Emoticons are pictographs that can be used in virtual conversations to express an emotional
context. They can strengthen the interpretation and meaning of a specific message (Ganster et al.,
2012). Marengo et al. found that several emoticons significantly are related to three personality
traits, including extraversion (2018). One study discovered that when a sales assistant uses
emoticons during an online conversation, customers are more likely to feel warmth and satisfaction
with the service encountered (X. Li et al., 2019). Considering these advantages, emoticons were used
as an additional cue for the chatbot to express extraversion in the conversation. Table 3 presents the
set of emoticons used in the experiment.

Extravert Emoticons Findings Studies

nr

>
.
.

Positive emotion emojis (X. Li et al., 2019); (Bai et al., 2019)

(
W

&
¢
¢

Table 3: Emoticons related to extraversion:

Finally, Animated Graphical Interchange Formats (GIFs; short animated image sequences
which convey a specific message to the end-user), see (Chen et al., 2017) allow for higher user
engagement compared to other digital contents. This is due to their ability to quickly and intuitively
express emotions and moods within virtual environments (Bakhshi et al., 2016; Yang et al., 2019).
Researchers from the Media Lab of the MIT have developed a database of emotion-related GIFs
(Rich et al., 2014) that is widely used to study the effectiveness of GIFs (Chen et al., 2017). In the
present research GIFs from this database were included in the extravert chatbot conversations as a
way to better engage with users, as well as to express the extraversion dimension more efficiently.
Figure 7 presents an example of a sequence of images from a GIF included in the chatbot
conversation.

- A

Figure 7: Sequence of images from GIFs used within the chatbot conversations
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Personalized Dyadic Chatbot Conversations

Taken together, linguistic cues, emoticons and GIFs were used to develop an extravert
chatbot for the experiment. Figure 8 presents the comparison of the first message of the two
different versions of the chatbot (extravert and neutral) and a few examples of the extravert

conversations.

Yeah! Let me have a look.
You are looking for your next
pair of shoes and | will
recommend you some
options available!

| will just need some more

information, let me know for
which event you are looking
for the next pair of shoes

Hil I'm a dress shoes

shopping assistant

Do you already have
somathing in mind or do you
1o recommend
something based on your

want

preferances?

Don't worry, | got you

a;
LGIF
-~
. =
-
covered! | will give you all the

information that you need on
dress shoes.. g You'll avoid a
the intoxicating confusion of

entering a proper shoe maker

shop for the first time! &

Figure 8: Example of extravert chatbot conversation compared to the neutral version
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4.2. Chatbot development platform

The online experiment on which this thesis reports used a dedicated website in which
participants interacted with a button-based e-commerce shopping assistant chatbot. The chatbot
was designed to recommend a specific pair of formal dress shoes. The task users were asked to fulfil
was to find/choose a pair of shoes for one of the user’s male friends. The design and
implementation of the chatbot conversations were conducted in the online conversational Artificial
Intelligence (AI) platform Boost.ai®. This software was made available by Deloitte’s Cognitive
Engagement department. This platform provides solutions for the banking, insurance as well as in
the e-commerce domain.

Two different versions of the chatbot (one extravert and the other neutral) were developed
to answer the main research question. These two versions were created using the intent-based
hierarchy technology included in the platform. Intents are the pre-defined topics on which
information can be provided and used to structure conversations in a hierarchical way — i.e., to
simplify and rationalize the development of a conversation. Figure 9 presents the intent hierarchy
used to structure both of the two different types of chatbot conversations distinguished in this
thesis.

Intents + ® Y Q Intents + ® Y Q

v v 01 Dress Shoes Assistant v v 01 Dress Shoes Assistant

v v Extrovert Extrovert

. Neutral
v Closing

. Closing
v Information Extrovert
Information Neutral
v Maintainance Extrovert
Maintainance Neutral
Order Shoe Extrovert
Order Shoe Neutral

Price Range Details Extrov...New

Price Range Details

Shoe Recommender Extro... S L ———

Size_order Size_order

Size_Recommender Size_Recommender

Welcome Extrovert Welcome Neutral

Figure 9: Intent hierarchy used for the experiment

Three different recommendation strategies were distinguished: First, an “Inspire me”
storyline that proactively provides users with a recommendation for a specific pair of shoes based
on their needs and preferences (based on specific events, suit colour and preferred decoration style).
Second, an “I know shoe details” storyline designed to interact with users who know (believe they)
what they are looking for. In this last case, users are prompted to select a preferred pair of shoes
based on shoe details (such as style, decoration and colour). Third, an “Inform Me” part to allow
unknowledgeable users to gain information about the different style of shoes available.
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These strategies were implemented in conversations using the so-called ‘Entity Extraction’
methodology. Each strategy extracts words from the user’s input to determine the right
recommendation to be provided to the user based on the shoe logic. For example, when a user

selects the “Inspire me” strategy and selects a pair of shoes for a “wedding”,

I <

with a “Blue suit” and

a “Plain Style”, the chatbot is able to recommend a “Plain Black Oxford” shoe based on the
designed shoe logic. Figure 10 depicts a graphical representation of the process flow of

conversations.

Step 1

Entity
Extraction

Figure 10: Chatbot process flow

This structure enables the chatbot to recommend different shoe styles depending on users’
specific needs. Table 4 presents a list of the specific entities related to each of the recommendation

strategies.
Recommendation Entity Name Description Options Available
strategy
Inspire me Event For which event the shoes will be used Business Casual, Business Professional, Date
(Pennebaker & King, 1999) Night, Formal-ish Event, Job Interview
Suit colour Refers to which suit colour shoes need to be  Blue, Black, Grey, Brown
matched for the event
Decoration Different shoe decoration style Plain, Brogue
Price Shoe price range 100€-150€, 250€-300€
I know shoe details Style Style of shoes Oxford, Detby, Monk Strap, Chukka, Chelsea
Decoration Type of decoration Wingtip, Brogue, Whole cut, Cap Toe,
Single/Double Strap, Plain
Price Shoe price range 100€-150€, 250€-300€
Inform me Style Style of shoes Description of the different shoe styles
Decoration Type of decorations Description of the different decorations
available
Table 4: Three recommendation strategies
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Research Methodology

This chapter presents the research design and methodology used for this research. Based
on the literature review and the proposed conceptual framework, an online experiment was
delineated to answer the main research question. First, the experimental design, the procedure, and
the main components of the study are introduced. Second, the measures are presented.

5.1. Ethics Approval

This experiment and the protocol received official approval by the Human Research and
Ethics Committee (HREC) of TU Delft.

5.2. Research Design and Participants

This study was conducted as an online experiment, in which participants interacted with a
button-based e-commerce shopping assistant chatbot. Participants were asked to virtually order one
pair of shoes for one of their male acquaintances based on their preferences. Participants were
randomly assigned to one of the two versions of a chatbot (neutral or extravert). In both cases, the
chatbot recommended a specific pair of formal dress shoes for one of a user’s male acquaintances.
Interactions with the chatbot varied only in terms of the amount of extraversion. Table 5 shows the
distribution of chatbot personalities among participants.

Chatbot Personality
Frequency Percent
Personality Extravert 58 48.3
Neutral 62 51.7
Total 120 100.0

Table 5: Chatbot personality distribution

Participants were recruited through the author's personal and professional network,
including co-workers, friends, university colleagues, as well as acquaintances. Participation in the
experiment was on a voluntary basis, and participants were not paid to complete the experiment.
Considering the limited time and resources available, the classic rule of thirty participants per
chatbot and user personality was used (O'Gorman & Macintosh, 2014). The initial sample consisted
of 130 participants. The data of participants with missing values and outliers (N=10, 7.7%) was
omitted from the research sample. The final sample size consisted of 120 participants (41 female
and 79 male, the majority of which between 18 and 34 years old). The following tables present the
descriptive statistics for the final sample.
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Nationality Age Range

Frequency Percent Frequency Percent
Belgium 1 8 18 - 24 51 425
China 1 8 25 - 34 67 55.8
Colombia 1 .8 35-44 1 .8
Estonia 7 5.8 55-064 1 .8
Germany 2 1.7 Total 120 100.0
Greece 4 3.3
India 7 5.8 Gender
Indonesia ? 7> Frequency Percent
Traly 46 383 Valid  Female H 342
Mexico ! 8 Male 79 658
Nethetlands 29 24.2 Total 120 1000
Pakistan 1 8
South Aftica 1 8 .
Spain 3 25 Education
Sweden 1 8 Frequency Percent
Switzerland 2 1.7 Bachelor degree 46 38.3
Syrian Arab Republic 1 .8 College 3 2.5
Turkey 1 8 Doctorate 2 1.7
United Kingdom 1 .8 High school graduate 12 10.0
Viet Nam 1 8 Master degtee 57 47.5
Total 120 100.0 Total 120 100.0

5.3. Research Procedure

Participants received an URL link that directed them to the landing page of the experiment
hosted in Qualtrics and the chatbot platform. Participants were introduced to the research and were
required to provide informed consent for their data to be used for research purposes. The
experiment was divided into three different parts: demographic questions, chatbot interaction and
post-interaction questionnaire. First, participants were asked to provide their demographic
information (including age, gender, nationality, education level, e-commerce and chatbot
experience), that was used to create their profiles. Next, participants were introduced to the
experiment as follows:
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DRESS SHOES SHOPPING ASSISTANT

Shortly, you will be redirected to a webpage in which you will interact with a button-based shopping assistant chatbot for dress/formal shoes that will
recommend you some shoes based on your preferences.

You will be asked to 'order’ one pair of dress shoe for one of your Male acquaintances (brother, father, friend, boyfriend, etc.) and select the
recommended options based on your preferences:

Once you complete the virtual order and the interaction, you will be redirected to the second part of the experiment for a pest-interaction
guestionnaire.

IMPORTANT PRE-INTERACTION DECISIONS:

- FIRST: please decide to whom you would like to order the pair of shoes

- SECOND: we would like you to start the research by identifying a specific simation in which your ma/k acquaintance needs a formal dress shoe berween
the following categories: (please select only one based on your preferences or what vou think best fits his needs):

1) Job interview

2

3
4
5

Business Casual (everyday business, office outfit, versatile, etc.)

Date Night

Business Formal (Client meetings, official meetings, corporate gatherings, etc.)
Formal-ish events (Weddings, ceremonies, etc.)

THIRD: Once vou place a virtual order, you will be redirected to the second part of the survey
! REMINDERS
= For the sake of the research objective, you are only allowed to press buttons on the conversation. Please DO NOT write any texct in the text input space.
- The virtual order that you are placing is fictitions, does not bave any payment involved and if is meant for the purpose of this research only.

- The research assumes that all of the shoe sizes are available and ready for your order.

The website redirected them to the chatbot conversation website, in which the participant
was requested to interact with the chatbot, and virtually place an order for dress shoes for their
acquaintance based on their preferences. Participants were randomly assigned to one of the chatbot
personality versions (neutral vs extravert). Figure 11 represents a picture of the user interface that
participants used during the interaction (extravert version).

Hello!
I'm your dress shoes
shopping assistant, | am
hand-made with ltalian charm
and | will find the best pair of
shoes that you desirel @

Do you already have
something in mind or do you
want me to recommend

something based on your
preferences?

Do not write here

Figure 11: Chatbot interaction website

Once participants had “virtually” ordered a pair of shoes, they were automatically redirected
to a post-interaction questionnaire. In this section, participants were asked to evaluate the chatbot
personality based on their interaction and to complete a customer satisfaction section and two
personality measures. The details are presented in the following paragraphs. The experiment took
about 10-15 minutes to complete depending on the amount of time spent on the chatbot
conversation.
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5.4. Measures

This section presents the measurement scales used in the research to measure the relevant
variable of the conceptual framework. Firstly, the approach used for manipulation of the chatbot
personality is presented. Afterwards, the scales for extraversion, maximization tendency behaviour
and operationalization of customer satisfaction are presented, together with the related literature.

Extraversion Scale

To assess chatbot extraversion, the Extraversion items of the International Personality Item
Pool (IPIP) were used (Goldberg, 1992). Participants were asked to answer to what extent they
agree or disagree on ten different statements describing the chatbot extraversion on a five-point
Likert scale (from 1: “Very Inaccurate” to 5: “Very Accurate”) as shown in Appendix A. The ten
items related to the extraversion had high reliability (Cronbach’s « = 0.908), and consistently loaded
on one factor (Appendix B).

Personal Maximizing Tendency Behaviour Scale

Personal maximizing tendency behaviour (PMTB) was measured for two different aspects:
maximization goals and maximization strategy (Cheek & Schwartz, 2016) as follows:

PMTB (Goal): PMTB goal was measured using the seven-item Maximizing Tendency Scale (MTS-7;
Turner et al., 2012). The items in the scale were measured on a five-point Likert scale (from 1:

“Strongly Disagree” to 5: “Strongly Agree”) as shown in Appendix A. The scale was reliable
(Cronbach's « = 0.843).

PMTRB (Strategy): PMTB (Strategy) was measured using the twelve-item ‘Alternative Search’ subscale
of the Maximization Inventory (Turner et al., 2012). Again, the items in the scale were measured on
a five-point Likert scale (from 1: “Strongly Disagree” to 5: “Strongly Agree”) as shown in Appendix
A. The scale was teliable (Cronbach's o = 0.907).

Confirming the different aspects of PMTB, both scales recorded high loadings on two
different constructs, confirming the two factors structure (Appendix B). Only the item ‘T never settle”
did not register high loadings.

Dependent Measures

The outcomes in the experiment relate to customer satisfaction. The dependent variable was
operationalized in three different ways: using a Customer Satisfaction measure, with the help of the
Intention to Use the Technology measure, and via the Net Promoter Score (NPS).

Customer Satisfaction

The scale developed by Chin et al. for evaluation of human-computer interfaces (Chin et al.,
1988; Lee & Choi, 2017) was used to assess customer satisfaction. The scale showed high loadings
on one factor (Appendix B). Participants assessed customer satisfaction using the original seven-
point Likert scale (from 1: “Strongly Agree” to 7: “Strongly disagree”) presented in Appendix A.
The scale had a high level of reliability (Cronbach's a = 0.868).
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Intention to Use the Technology

A modified version of the scale developed by Davis in 1992 was used (Benbasat & Wang,
2005; Davis et al., 1992) to measure intention to use. This scale was adapted from the original
version (Cronbach’s « of 0.89) to assess the intention to use the technology for conversational
agents (Benbasat & Wang, 2005). All items registered high loadings on one component, confirming
previous findings (Appendix B). The scale was assessed using the seven-point Likert scale (from 1:
“Strongly Agree” to 7: “Strongly Disagree”) that is presented in Appendix A. The scale was reliable
(Cronbach’s a = 0.893).

Net Promoter Score

Finally, the Net Promoter Score (NPS) was used to test whether users were willing to
recommend the chatbot to a friend or a colleague (Reichheld, 2003). The score of this scale ranges
from 0 to 10 and divides customers into three different categories: Detractors, Passives and
Promoters. Detractors are people that scored lower than six on the NPS and are not willing to
recommend the technology. Passives are people that are indifferent on the technology and can
easily switch to competitors or other products. Promoters are extremely satisfied with the
interaction and likely to encourage other people to use the technology (Reichheld, 2003). The NPS
is computed as the difference between the percentage of promoters and the percentage of
detractors. Within this study, in line with the original NPS scale, participants were asked to answer
the question “how likely are you to recommend the chatbot to a friend or colleague?” on a scale
from 1 to 10.
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Results

This chapter presents the results obtained from the experiment. The chapter starts with the
manipulation check for the chatbot personality, and then presents the descriptive statistics,
correlations and overall distributions. Finally, the hypothesis testing is reported introduced with the

results for customer satisfaction.

6.1. Manipulation Check

To assess to what extent participants had perceived chatbot extraversion or chatbot
neutrality as such, they were asked to identify the chatbot’s personality. Table 6 shows the results
from the ANOVA table with an F-test. A Levene’s test or equality of variances revealed that the
variances in the two conditions (extravert and neutral) were equal (Sig.>.05). The 58 participants
that interacted with the extravert chatbot (Mesuaver=4.0879, SDryravern=.048) compared to the 62 in
the control group Mneurai=2.985, SDxeura=.824) registered a significantly higher level of perceived

chatbot personality, F(1,116)=65.337, p<0.001.

Tests of Between-Subjects Effects
Dependent Variable: CP_Mean

Partial Eta
Source Type 1T Sum of Squares df Mean Square F Sig. Squared
Cortected Model 36.9872 3 12.329 22.073  .000 363
Intercept 1499.403 1 1499.403 2684.423  .000 .959
MTB Goal .009 1 .009 015 .902 .000
MTB Strategy 271 1 271 485 488 .004
Personality Chatbot 36.494 1 36.494 65.337  .000 .360
Error 64.793 116 .559
Total 1587.220 120
Cortected Total 101.780 119

a. R Squared = .363 (Adjusted R Squared = .347)

Table 6: F-test table for chatbot personality

These results show that participants were able to distinguish between an extravert chatbot
and a neutral version, confirming a successful manipulation of chatbot personality.
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6.2. Sample Characteristics, Correlations and Overall Distribution

Table 7 shows that the majority of participants (98.4%) purchased at least one purchase
online in the past, and had had at least one chatbot interaction (83.2%) prior to this experiment.

Online Purchase Experience

Frequency Percent Valid Percent Cumulative Percent
Valid Yes 123 98.4 98.4 98.4
No 2 1.6 1.6 100.0
Total 125 100.0 100.0
Chatbot Usage Experience
Frequency Percent Valid Percent Cumulative Percent
Valid No 21 16.8 16.8 16.8
Yes 104 83.2 83.2 100.0
Total 125 100.0 100.0

Table 7: Frequencies Online Purchase Experience and Chatbot Usage

Table 8 shows the descriptive statistics for the variables included in the research, including
the arithmetic means, standard deviations, skewness and kurtosis. For all of the variables involved,
the level of kurtosis and skewness registered value within the acceptance range for a normal
distribution with skewness levels between -1 and 1, and kurtosis levels between 1 and -1. Thus, the
variables included in the experiment were normally distributed (Field, 2008). Appendix D shows the
histograms for the three research factors.

Descriptive Statistics

N Mean  Std. Deviation Skewness Kurtosis

Statistic Statistic Statistic Statistic Std. Error Statistic Std. Error

Intention to Use 120 4.8226 1.00641 -535 221 -.010 438
Customer Satisfaction 120 5.5604 76060 -.634 221 -204 438
MTB (Strategy) 120 3.7833 .80065 -.610 221 -413 438
MTB (Goal) 120 3.5036 74149 -562 221 .080 438

Table 8: Descriptive Statistics for research factors

Table 9 shows the correlation matrix for all of the variables. As expected from the literature,
customer satisfaction was significantly correlated to the intention to use the technology (r = 0.732).
Second, both components of maximizing tendency behaviour were strongly correlated (r = 0.9).

Correlations
1 2 3 4. 5 6
1. Customer Satisfaction 1
2. Chatbot Personality 136 1
3. Intention to Use 732+ .092 1
4. Maximizing tendency behaviour (Goal) .047 -.029 .062 .902** 1
5. Maximizing tendency behaviour (Strategy) .046 .042 .063 .908** .638™ 1

**, Correlation is significant at the 0.01 level (2-tailed).

Table 9: Summary of correlations for scores on Customer Satisfaction, Intention to Use and PMTB (Goal and Strategy)
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6.3. Hypotheses Testing

An Analysis of Covariance (ANCOVA) was conducted to determine to what extent
personal maximizing tendency behaviour (PMTB) (Goal and Strategy) and gender moderated the
relationship between chatbot personality and customer satisfaction or intention to use (Aiken &
West, 1991). PMTB Goal and Strategy were separately entered as covariates in the model and
analysed for both customer satisfaction and intention to use. Besides, the ANCOVA analysis was
used to determine whether there was a significant main effect between chatbot personality and
PMTB on customer satisfaction and intention to use (Aiken & West, 1991). The following
paragraphs present the results of the analysis and hypotheses testing.

©.51. Customer Satisfaction

An ANCOVA revealed a moderation effect of PMTB Goal on the influence of chatbot
personality and uset's gender on customer satisfaction, F(1, 112)=4.367, p =.039, partial n* =.038
(Figure 12). Customer satisfaction differed between male and female, and it was influenced by the
chatbot personality and the consumet's PMTB Goal. The PMTB Goal negatively influences
customer satisfaction for the neutral chatbot personality (for female) and the extravert chatbot (for
male). Besides, when male used the neutral version, the PMTB Goal positively influenced customer
satisfaction. Simple effect analysis showed a significant effect of PMTB Goal and gender for the
neutral chatbot, F(1,112)=5.857, p=.017, but not for the extravert chatbot, F(1,112)=.229, »s. These
findings confirm Hypothesis 3 on the moderation effect from the perspective of PMTB Goal factor
and customer satisfaction. No significant results were found with the PMTB Strategy (Appendix E).

Chatbot Personality: Neutral Chatbot Personality: Extravert
7= J Gender 74 Gender
’ Male oo = Male
. . ‘
g -»- Female & “s e e -~ Female
-3 3 oo ‘ .
o -
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o + °
z & «
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3 . 3 . .
.
.
.
4 - 4 -
. o
[ T T I 1 [ I I T 1
1 2 3 4 5 1 2 3 4 5
PMTB Goal PMTB Goal

Figure 12: Scatter Plot for customer satisfaction, PMTB, chatbot personality and gender

In addition, the main effect of chatbot personality on customer satisfaction did not register
significant results, F(1,112)=.043, »s. Also, the main effect of PMTB Goal, F(1,112)=.948, s, and
the main effect of PMTB Strategy, F(1,112)=.0018, #s, did not register any significant result on
customer satisfaction (Appendix E). Thus, from the perspective of customer satisfaction,
Hypothesis 1 and 2 need to be rejected.
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0.32. Intention to Use

An ANCOVA revealed a significant main effect of PMTB Goal with gender on Intention to

Use, F(1,112)=5.352, p=.023, partial n*> =.046 (Figure 13). As shown
negatively influenced intention to use for female users, whereas PMTB

in Figure 13, PMTB Goal
Goal positively influenced

the intention to use the chatbot for male users. This finding allows for the acceptance of Hypothesis

2 from the perspective of PMTB Goal, gender and intention to use.

Intention to Use

g

1
2

PMTB Goal

Figure 13: Scatter plot for Intention to Use and PMTB Goal

Gender
-~ Male

-~ Female

A main effect of gender on the intention to use also registered a significant result,
F(1,112)=4.525, p=.036, partial 1~ =.039. As shown in Figure 14, contrast analysis confirmed that
male had a higher level of intention to use the technology (M=4.883, SD=0.923) compared to

women (M=4.716, SD=1.122), F(1,112)=7.343, p=.007.

5.4
5.3
5.2
5.1
5.0
49 -
4.8 -
4.7 -

Intention to Use

.

Male Female

Gender

Figure 14: Gender on Intention to Use

The main effect of chatbot personality did not register any signifi

cant results, F(1,112)=.3068,

ns, rejecting Hypothesis 1 from the intention to use perspective. The moderation effect of PMTB
Goal, F(1,112)=2.737, ns, and PMTB Strategy, F'(1,112)=.948, xs, did not register any significant
results (Appendix E). Thus, Hypothesis 3 also needs to be rejected from the perspective of the

intention to use the chatbot.
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6.4. Net Promoter Score

Finally, the experiment results for the Net Promoter Score (NPS) are presented (Table 10).
The NPS scores for the extravert and the neutral version were compared. Table 10 presents the
frequencies for the NPS scores. On the one hand, for the extravert chatbot, Detractors (participants
who evaluate the chatbot between 1 and 6) were 11 (19%). Passive participants (scored 7 or 8) were
36 (62%), whereas Promoters (scores 9 or 10) were 11 (19%). Thus, the NPS for the extravert
version has a value of 0, calculated by subtracting the percentage of Promoters with the percentage
of Detractors. On the other hand, for the neutral chatbot, Detractors were 21 (33.9%). Passive
participants were 30 (48.4%), whereas Promoters were 11 (17.7%). Thus, the NPS for the neutral
version is -16.2. The extravert chatbot registered a higher NPS score compared to the neutral
version. These results suggest that, although it registered an NPS of 0, the extravert chatbot is more
likely to be recommended and promoted by users to friends or colleagues compared to the neutral
version. Thus, chatbot personality influenced customer satisfaction from the perspective of the

NPS.
NPS Extravert chatbot
Frequency Percent Valid Percent Cumulative Percent

Valid 2 1 1.7 1.7 1.7
4 1 1.7 1.7 3.4
5 2 3.4 3.4 6.9
6 7 12.1 12.1 19.0
7 17 29.3 29.3 483
8 19 32.8 32.8 81.0
9 9 15.5 15.5 96.6
10 2 3.4 34 100.0
Total 58 100.0 100.0

NPS Neutral chatbot

Frequency Percent Valid Percent Cumulative Percent

Valid 2 1 1.6 1.6 1.6
3 1 1.6 1.6 3.2
4 2 32 3.2 6.5
5 4 6.5 6.5 12.9
6 13 21.0 21.0 339
7 17 274 27.4 61.3
8 13 21.0 21.0 82.3
9 14.5 14.5 96.8
10 2 3.2 3.2 100.0
Total 62 100.0 100.0

Table 10: Net Promoter Score for chatbot personalities
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7.

Discussion

The main objective of this research was to understand to what extent chatbot extraversion
influences customer satisfaction within the e-commerce domain for a dress shoes shopping assistant
chatbot. This thesis also explored if the relationship between these two variables is related and
influenced by personal maximizing tendency behaviour (PMTB), and gender differences in users.
The following paragraphs present the scientific implications of the results obtained in the
experiment, the practical relevance, the research limitations, and suggestions for future research.

7.1. Chatbot Extraversion Recognition

The first relevant variable for the study was the chatbot extraversion. Overall, users were
able to recognize the chatbot extraversion and distinguish it from the neutral version. These
findings have different implications. Firstly, these results have shown that social cues extracted from
human activities (offline and online conversations) can be used to express specific personality traits
(in this case, extraversion) while developing online chatbots. Secondly, this study has confirmed
previous findings on the ability of informational cues (such as linguistic capabilities, emoticons and
GIFs) to infer the extraversion personality trait in online conversations (Butterworth et al., 2019;
Chen et al,, 2017; Tausczik & Pennebaker, 2010). Thus, although this research has not come up
with a systematic methodology for developing chatbot personality, it has shed some lights on which
kind of conversational cues future research should focus on while designing chatbot personalities.
The fact that users were able to distinguish between the two chatbot versions enabled to reliably
compare the two versions, test whether the chatbot extraversion influenced the customer
satisfaction and assess whether this relationship was influenced by the personal maximizing
tendency behaviour and gender. This result enables to answer the first sub-research question and
confirms that it is possible to develop virtual conversations for chatbots that are extravert in nature.

7.2. Personal Maximizing Tendency Behaviour Scale

This research has used the two-component model of maximization developed by Cheek and
Schwartz (2016) to express PMTB. The results obtained in the experiment have replicated the high
reliability of the scales used and the existence of two components for the personal maximizing
tendency behaviour. Thus, this study has confirmed the results obtained in previous research and
has confirmed the high reliability of this two-component model for maximization (Cheek &
Schwartz, 2016). Future research can use this model to measure personal maximizing tendency
behaviour.
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7.3. Scientific Relevance

This study hypothesized that (1) an extravert chatbot leads to higher customer satisfaction,
(2) that maximizers (with different gender) have different customer satisfaction compared to
satisficers and (3) that PMTB (together with gender) is moderating the relationship between chatbot
extraversion and customer satisfaction. The following paragraphs present the implications of the
obtained results and discuss the scientific relevance of each hypothesis.

751 Chatbot Extraversion and Customer Satisfaction

This study hypothesized that an extravert chatbot would lead to increased customer
satisfaction. However, the extravert chatbot did not perform better than the neutral version in terms
of customer satisfaction (or intention to use). This is in line with previous studies on Human-
Computer Interaction (HCI), which did not find any significant results for this main effect (Smestad
& Volden, 2019; Zhou et al., 2019). Thus, this result rejects Hypothesis 1 on the main effect of
chatbot personality and customer satisfaction.

7.5.2. Personal Maximizing Tendency Behaviour and Satisfaction

Before checking for the moderation effect, Hypothesis 2 was developed to understand
whether PMTB and gender directly influence customer satisfaction. Results showed that after
controlling for PMTB Goal, male participants were more willing to use the technology than female
participants. Male maximizers registered a higher level of intention to use the technology than
satisficers, whereas female satisficers registered a higher level of intention to use than maximizers.
Previous studies found that the desire of choosing the best is particularly relevant when shopping
online since satisficers in that case just buy the first thing that matches their limited standards (i.e.
brand name or price). Maximizers, on the other hand, continue to look for the best option even
after they found one that matches their numerous standards (Cheek & Schwartz, 2016). Considering
that the focus of the research was on the end goal of the purchasing experience rather than on the
decision-making process, it is clear how the influence of choosing the best option (PMTB Goal
factor) was more relevant for the experiment.

Therefore, the results obtained in the experiment confirm Hypothesis 2 from the
perspective of PMTB Goal, gender and intention to use the technology. The chatbot application for
male dress shoes differently influenced the intention to use the technology for men and women,
and a participant registered a different level of intention to use depending on their level of PMTB
Goal.

7.3.3. The Moderation Effect of PMTB

Hypothesis 3 on the moderation effect of PMTB was formulated as the main hypothesis.
Results showed that, for male participants, the neutral version of the conversation registered a
higher level of customer satisfaction for maximizers, while the extravert version performed better
with satisficers. For female participants, only the neutral version registered a higher level of
customer satisfaction for satisficers. From the perspective of male satisficers, the fact that the
extravert version of the chatbot performed better than the neutral version confirms findings in
previous studies about the higher persuasion ability of extravert salespeople (Grant, 2013).

Therefore, these findings confirm Hypothesis 3 from the perspective of the PMTB Goal
factor and gender. Personalizing the chatbot personality depending on customers’ PMTB is a
successful tool to enhance customer satisfaction and, thus, the overall customer experience.
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7.4. Practical Relevance

This research studied the influence of chatbot extraversion on customer satisfaction for
applications within e-commerce. First of all, this study showed that it is possible to attach
extraversion traits in online conversations, which are also recognized as such by users interacting
with those chatbots. This finding has practical relevance because the insight can be used to increase
customer engagement and human-likeness of the chatbot by attaching specific personality trait to
the conversations. As mentioned in the literature, successfully attaching a personality trait to a
chatbot increases its human-likeness and overall customer satisfaction (J. Li et al., 2017).

In addition, this research showed the importance of the personality trait PMTB Goal on
customer satisfaction and chatbot personality. Developers should align chatbot personality with a
user’s PMTB Goal to better improve online customer experiences for the e-commerce domain. For
instance, an e-commerce platform with many female clients characterized by high PMTB Goal
should adjust the personality of the chatbot according to the findings of this research in order to
offer an enhanced service personalization.

7.5. Limitations

First of all, the experiment was conducted in an uncontrolled space without any supervision
(i.e., it was administered in an online form). Participants were able to complete the experiment
wherever and whenever they wanted to. Experiments developed in a lab tend to be more reliable
due to the ability to control any external variable that might influence the results (Sekaran & Bougie,
2016). On the other hand, this online format was closer to the real-life search, browse, and
shopping experiences that people nowadays have in e-commerce. Secondly, this research used self-
report questionnaires to measure the different variable involved in the research. However, such
approaches only measure the perception of what people think they are, and it might not truly reflect
how they actually behave (Hoskin, 2012). Thirdly, there might have been sampling issues in this
online research. The selection of the sample was conducted through a convenience sampling, using
people related to the authot’s personal network. Thus, individuals in the population did not have
equal chances of being selected within the sample, and this might have influenced the final results
(Sekaran & Bougie, 20106). Finally, the experiment was developed completely in English, and some
participants might not have had sufficient language fluency to understand all the contents due to a
different primary language. This deficiency should be taken into consideration for future research
since it might have influenced the perception and interpretation of participants of specific parts of
the research (Sekaran & Bougie, 2016).
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7.6. Future Research

This research is one of the first attempts at understanding the interaction between a chatbot
and users’ personality, and it has shed some lights on the role of the alighment between chatbot and
users’ personality within the e-commerce domain. First of all, future research could focus on other
personality traits in order to understand which dimension is crucial for a chatbot personalization in
e-commerce apart from the extraversion dimension.

Secondly, future research might integrate the chatbot conversation with an existing e-
commerce website in order to exploit the capabilities of both tools and allow customers to interact
with both the chatbot and the website. The chatbot interaction in the present study happened in a
dedicated interface focused only on the conversation. However, chatbots are usually implemented
in an existing website (in this case, dress shoes websites) as small pop-up windows.

Thirdly, this study has explored a dedicated and specific chatbot application, and design
focused on male dress shoes and button-based interactions. Future research could focus on
different design and applications in order to test the generalization of these results and compare
them with different contexts. For instance, later studies could focus on different products or
applications (i.e. government services) or on developing a natural language-based chatbot that
enables consumers to interact with it by typing messages similar to how they are currently
communicating with other real people (i.e., virtual chat). These analyses will help to understand
which personality traits perform better depending on different chatbot applications and designs.
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Conclusion

The advent of chatbots in e-commerce has introduced a new way of thinking about how to
communicate online with customers. The ability to simultaneously and automatically reach
numerous customers allowed for the development of new business models based on innovative
conversational strategies. However, chatbots also come with several problematic issues. Customers
are increasingly complaining about their high failure rate and low human-likeness. One of the main
solutions to increase chatbot effectiveness is the ability to attach to the agent specific personality
traits in order to make them more similar to humans. However, chatbot personality has revealed to
be only one side of effective chatbot interactions due to the major influence of users’ personalities
while interacting with chatbots. Specifically, developers should take into consideration how different
chatbot personalities interact and perform with different users’” personality. Thus, there is a need to
understand how to better align chatbot and users’ personality in order to develop enhanced chatbot
conversations that better fit customers’ needs and wants.

This thesis has developed an experiment that tried to shed some light on the complementary
interaction between chatbot and users’ personalities. Considering the focus on shopping assistant
chatbots, the extraversion dimension of the Five-Factor model has been selected as the most
relevant personality trait for salespeople. Besides, the users’ personality was analysed from the
perspective of Personal Maximizing Tendency Behaviour (PMTB). The main objective was to
“determine whether chatbot extraversion influences customer satisfaction within the e-commerce domain and, if so,
whether this is influenced by personal maximizing tendency behaviour and gender”. In order to fulfil the main
objective, a real male dress shoe, button-based chatbot was developed with two different
personalities (extravert and neutral), and users were able to interact through a dedicated website.
Customer satisfaction was measured with an online questionnaire, and statistical analysis was
conducted to test the hypotheses.

This study registered a significant result for the moderation effect of PMTB and gender on
the relationship between chatbot extraversion and customer satisfaction. Table 11 presents the
results for the three hypotheses formulated for the experiment. Significant results were found for
the predicted higher-order interaction effects of chatbot personality, PMTB, gender and customer
satisfaction. PMTB (only the Goal factor) was found to influence customer satisfaction with
differences in gender, confirming Hypothesis 2 from the perspective of gender. Besides, this study
discovered that PMTB Goal (together with gender) moderated the relationship between chatbot
personality and customer satisfaction confirming Hypothesis 3. Maximizers/Satisficers Male or
Female registered a different level of customer satisfaction depending on the chatbot personality
they interacted with during the experiment.
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# Hypothesis Result

An extrovert chatbot personality
increases customer satisfaction .
1 Rejected
compared to a neutral chatbot

personality

Personal maximizing tendency
2 behaviour and gender differences Accepted
influence customer satisfaction

The relationship between chatbot
extraversion and customer
3 satisfaction is influenced by personal Accepted
maximizing tendency behaviour and
gender differences

Table 11: Research Result

Thus, these results have shown that chatbot personality does not directly influence customer
satisfaction, but customers’ gender and personal maximizing tendency behaviour while shopping
online play a crucial role as moderating variables in the relationship between chatbot personality and
customer satisfaction. This study aims at inspiring future research on a deeper understanding of the
relationship between chatbot and users personalities. The ability to effectively adjust chatbot
services to different customers depending on their personalities will allow companies to achieve a
greater level of customer experiences and will ensure them a secure and reliable competitive
advantage.
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Appendix

Appendix A: Measurement Scales

Construct Item

Extraversion 1. The chatbot might be the life of a party

2. The chatbot feels comfortable around people

3. The chatbot starts conversations

4. The chatbot talks to a lot of different people at parties
5. The chatbot does not mind being the centre of attention
6. The chatbot does not talk a lot

7. The chatbot keeps in the background

8. The chatbot has little to say

9. The chatbot does not like to draw attention to itself

10. The chatbot is quiet around strangers

Customer Satisfaction 1. T was satisfied with the experience of using a dialogue with the chatbot to
complete tasks
2. T am satisfied with the chatbot's recommendation service
3. Interacting with the chatbot was a pleasant and satisfactory experience
4. The dialogue with the chatbot gave me useful information
5. T am satisfied with asking the chatbot for information because it is easier than
trying to find it myself
6. I feel that the chatbot is an expert
The chatbot's responses in the interaction were appropriate
8. The overall assessment of conversing with the chatbot was satisfactory

~

Intention to use I would use the chatbot again

I would recommend the chatbot to others

If this chatbot is commercially available, I will purchase it

I would like the chatbot to assist me in making decisions

I am satisfied with using the chatbot because it is easy to use and better than having
to do it my self

When looking for dress shoes, I will watch the content recommended by the chatbot
If I had the chance to use this chatbot again, I want to talk a lot with it

SAEEaIRl N

N

Maximizing Tendency Scale (MTS-7) I don't like having to settle for good enough

I am a maximizer

No matter what I do, I have the highest standards for myself
I will wait for the best option, no matter how long it takes

I never settle for second best

I never settle

No matter what it takes, I always try to choose the best thing

NoumA e

'Alternative Search' subscale Maximizing Inventory (MI) I can't come to a decision unless I have carefully considered all of my options

I take time to read the whole menu when dining

1 will usually continue shopping for an item until it reaches all of my criteria

I usually continue to search for an item until it reaches my expectations

When shopping, I plan on spending a lot of time looking for something

When shopping, if I can't find exactly what I'm looking for, I will continue to

search for it

7.1 find myself going to many different stores before finding the thing I want

8. When shopping for something, I don't mind spending several hours looking for it

9. I take the time to consider all alternatives before making a decision

10. When I see something I want, I always try to find the best deal before purchasing it
11. If a store doesn't have exactly what I'm shopping for, then I will go somewhere else
12. I just won't make a decision until I am comfortable with the process

S AN

43 | Page

%
TUDelft Deloitte



Personalized Dyadic Chatbot Conversations

Appendix B: Factor Analysis

Component Matrix for Chatbot Extraversion (IPIP)

Component
1
The chatbot might be the life of the party .644
The chatbot feels comfortable around people 727
The chatbot starts conversations .755
The chatbot talks to a lot of different people at parties .659
The chatbot does not mind being the centre of attention 713
The chatbot does not talk a lot .832
The chatbot keeps in the background .738
The chatbot has little to say .805
The chatbot does not like to draw attention to itself .803
The chatbot is quiet around strangers .708

Pattern Matrix for personal maximizing tendency behaviour (strategy and goal construct)

Component
1 2
I don't like having to settle for good enough -022 744
I am a maximizer -006 .825
No matter what I do, T have the highest standards for myself -093 .864
I will wait for the best option, no matter how long it takes 476 .442
I never settle for second best 327 553
I never settle 341201
No matter what it takes, I always try to choose the best thing 355 .499
I can't come to a decision unless I have carefully considered all of my options 787 -.093
I take time to read the whole menu when dining 590 164
I will usually continue shopping for an item until it reaches all of my criteria .698 108
I usually continue to search for an item until it reaches my expectations 718 125
When shopping, I plan on spending a lot of time looking for something .809 -.051
When shopping, if I can't find exactly what I'm looking for, I will continue to search for it .676 221
I find myself going to many different stores before finding the thing I want 596 167
When shopping for something, I don't mind spending several hours looking for it 713 .022
I take the time to consider all alternatives before making a decision .835 -.185
When I see something I want, I always try to find the best deal before purchasing it 568 -.095
If a store doesn't have exactly what I'm shopping for, then I will go somewhere else 505 229
T just won't make a decision until I am comfortable with the process .694 -138
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Component Matrix for customer satisfaction

Component
1
I was satisfied with the experience of using a dialogue with the .861
chatbot to complete tasks
T am satisfied with the chatbot's recommendation service .766
Interacting with the chatbot was a pleasant and satisfactory experience .835
The dialogue with the chatbot gave me useful information .691
I am satisfied with asking the chatbot for information because it is easier than trying .655
to find it myself
I feel that the chatbot is an expert .535
The chatbot's responses in the interaction were approptiate 574
The overall assessment of conversing with the chatbot was satisfactory .856
Component Matrix for intention to use the technology
Component
1
I would use the chatbot again .818
I would recommend the chatbot to others .883
If this chatbot is commercially available, I will purchase it 762
I would like the chatbot to assist me in making decisions 772
I am satisfied with using the chatbot because it is easy to use and better than having .842
to do it my self
When looking for dress shoes, I will watch the content recommended by the chatbot .766
If T had the chance to use this chatbot again, I want to talk a lot with it .655
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Appendix C: Manipulation check analysis

Descriptive Statistic Chatbot Personality
Personality Chatbot N Mean Std. Deviation Std. Error Mean

CP_Mean Neutral 63 2.9952 .82098 .10343
Extravert 62 4.1016 .63672 .08086
300
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Boxplot with perceived chatbot personality and actual personality

Appendix D: Distributions
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Appendix E: ANCOVA Results

Personalized Dyadic Chatbot Conversations

ANCOVA — Customer Satisfaction

Cases Sum of Squares df Mean Square F P 7’
Personality_Chatbot 0.025 1 0.025 0.043 0.835 3.489¢ -4
Gender 0.833 1 0.833 1.467 0.228 0.012
MTBG_Mean 0538 1 0.538 0.948 0.332 0.008
Personality_Chatbot * Gender 2130 1 2.130 3.754 0.055 0.030
Personality_Chatbot * MTBG_Mean 0.102 1 0.102 0.180 0.672 0.001
Gender * MTBG_Mean 0984 1 0.984 1.734 0.191 0.014
Personality_Chatbot *k Gender *k MTBG_Mean 2478 1 2.478 4.367 0.039  0.035
Residuals 63.559 112 0.567
Note. Type 111 Sum of Squares
ANCOVA - Customer Satisfaction
Cases Sum of Squares df Mean Square F P n?
Personality_Chatbot 0.016 1 0.016 0.027  0.870 2.275¢ -4
Gender 0.098 1 0.098 0.166 0.684 0.001
MTBS_Mean 1.070¢ -4 1 1.070¢ -4 1.818¢ -4 0.989 1.540¢ -6
Personality_Chatbot ¢ Gender 1.455 1 1.455 2473 0.119 0.021
Personality_Chatbot 3 MTBS_Mean 0.073 1 0.073 0.124 0.726 0.001
Gender ** MTBS_Mean 0.157 1 0.157 0.268 0.606 0.002
Personality_Chatbot *¢ Gender ¥ MTBS_Mean 1.743 1 1.743 2.963 0.088 0.025
Residuals 65.900 112 0.588
Note. Type III Sum of Squares
ANCOVA - Intention to Use
Cases Sum of Squares df Mean Square F P 7n?
Personality_Chatbot 0.390 1 0.390 0.388 0.535 0.003
Gender 1.212 1 1.212 1.205 0.275 0.010
MTBS_Mean 0.134 1 0.134 0.133 0.716 0.001
Personality_Chatbot % Gender 0.638 1 0.638 0.634 0.428 0.005
Personality_Chatbot 3 MTBS_Mean 0.105 1 0.105 0.104 0.747 8.907¢ -4
Gender *k MTBS_Mean 1.665 1 1.665 1.656 0.201 0.014
Personality_Chatbot * Gender *¢ MTBS_Mean 0.954 1 0.954 0.948 0.332 0.008
Residuals 112.615 112 1.005
Note. Type III Sum of Squares
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ANCOVA - Intention to Use

Cases Sum of Squares df Mean Square F P 7’
Personality_Chatbot 0.096 1 0.096 0.100 0.752 7.868¢ -4
Gender 4328 1 4.328 4.525 0.036 0.035
MTBG_Mean 0715 1 0.715 0.747 0.389 0.006
Personality_Chatbot *¢ Gender 2.088 1 2.088 2183 0.142 0.017
Personality_Chatbot ** MTBG_Mean 6.757¢ -4 1 6.757¢ -4 7.065¢-4 0.979 5.535¢ -6
Gender *k MTBG_Mean 5119 1 5.119 5.352 0.023 0.042
Personality_Chatbot * Gender *¢ MTBG_Mean 2618 1 2.618 2737 0.101 0.021
1
Residuals 107.124 1 0.956
2

Note. Type III Sum of Squares
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