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Abstract

Chatbots have become increasingly popular in recent years. Chatbots are
one of the main focuses to improve e-learning processes. However, a reason
for dissatisfaction towards chatbots is that they may be too generic. They
often follow a one-size-fits-all approach. In this study, an educational chat-
bot was developed that teaches the user about cybersecurity. Two versions
of the chatbot were created, one with personalization aspects and one with-
out. A between-subjects design was used to measure the user experience
of both chatbots. The user experience was measured by the User Experi-
ence Questionnaire (UEQ) together with some additional questions about
Social Presence and User Satisfaction. The results show that, in the setting
of this research, personalization does not have a statistically significant ef-
fect on the user experience of chatbots. The findings also show that Social
Presence and Attractiveness appear to be good determinants of User Sat-
isfaction. Besides, research about the UEQ is supported by our findings.
Since this study is quite limited, however, it can be considered as a first en-
counter for investigating personalization. Future research needs to be done
to better understand the effects of content personalization in the usage of
chatbots.
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Chapter 1

Introduction

Chatbots have become a popular means of communication in recent years.
However, they have not always been so popular. The main reason why the
use of chatbots has increased is that the communication style has changed
[1]. Through the development of the internet and social network sites, people
now interact through brief, typed messages.

Chatbots can be used in a variety of fields, for instance, in customer
service, the financial industry [2], and the educational field [3]. As chatbots
are increasingly being used for communication, it is interesting to see what
aspects are relevant to the user. An important factor for measuring the
relevance of the aspects is user experience. The user experience can be used
to measure the quality of technology, and thus of chatbots.

This research focuses on how the user experience of chatbots could be
improved. A possible reason for dissatisfaction towards chatbots is the fact
that they may be too generic [4]. Chatbots often follow a one-size-fits-all
approach [5]. According to Fan & Poole [6], personalization has an influ-
ence on how users experience systems. It can bridge the gap between the
user and the computer. Personalization refers to the change of a system
in order to increase its personal relevance to an individual or a group of
individuals [6]. There can be a change in content, interface, functionality,
and information access, or a combination of these. It is, however, still not
clear whether users prefer a personalized chatbot or not. The research of
Duijst [7] suggests that there is no significant effect on the user experience
of a financial chatbot with respect to personalization. However, chatbots
are used in other fields as well. Therefore, it is interesting to see the effects
of personalization on the user experience in other domains. In this research,
chatbots in the educational field are considered. Therefore, the aim of this
research is to answer the following research question:

What is the effect of personalized interaction on the user experience of edu-
cational chatbots?
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To give an appropriate answer to this research question, two versions of
the educational chatbot were created. There is one general chatbot that is
the same for everyone (non-personalized) and one chatbot that adapts to the
user (personalized). For the personalized chatbot, the content of the dia-
logue was adapted to the user to make it more personal. The chatbot is used
for educational purposes, since using chatbots in education may improve e-
learning processes [8]. The chatbot teaches the user about cybersecurity.
The use of computers and networks has increased enormously and therefore
also the risks of possible attacks [9] [10]. So, it would be good to make
people more aware of how to protect themselves against these risks.

In order to compare the two versions of the chatbot, a between-subjects
design was used. The experiment was analyzed by the User Experience
Questionnaire (UEQ) [11] together with some additional questions about
Social Presence [12] and User Satisfaction [7].

To answer the research question, firstly some background information is
provided. Afterwards, the research model and hypotheses are defined. Next,
the methods are explained. Then, the analysis is done and the results are
shown. Lastly, the results are discussed.
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Chapter 2

Background

2.1 Chatbots

Chatbots refer to any software program with which humans can have a
conversation using natural language [1]. This can be done through typed
messages, but also through speech. Chatbots are used as a communication
tool for users of online stores. They are also used in, for instance, customer
service, marketing, and the entertainment sector [13]. Additionally, they can
be used in the educational domain [3]. As chatbots are used in a variety of
fields, they are developed for many different purposes. They can serve as an
entertainment tool or they can be developed to provide certain information
[14].

Chatbots can introduce benefits for both the companies that imple-
mented the chatbot and the users [15]. People use chatbots for a variety
of reasons, of which the most common one is productivity [16]. Users can
quickly and efficiently access support or information when using chatbots.
Other motivations for using chatbots are entertainment, social factors, and
curiosity. In companies, chatbots are implemented because they lower costs
and increase the number of clients they can help at the same time [17].

2.1.1 History of chatbots

Chatbots have a long history. In 1950, Turing proposed the question “Can
machines think?” [18]. He described the problem in terms of an “imitation
game”, in which an interrogator should ask questions to distinguish between
a machine and a human. The Turing test is passed, when the interrogator
is not able to make this distinction. This test is regarded as a source of
inspiration for chatbots.

ELIZA was one of the first programs that passed the Turing test [19].
It was developed in 1966 by Joseph Weizenbaum [20]. ELIZA served as a
psychotherapist that asks users to express their feelings. Although ELIZA
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was far from perfect, it served as an inspiration for the creation of later
chatbots [17].

Parry is another well-known chatbot that passed the Turing test [19]. It
was introduced by Kenneth Mark Colby in 1972. Parry has the opposite
role of ELIZA, it behaved as a schizophrenic patient [13]. Parry is seen as
more sophisticated compared to ELIZA because it has a personality [17].

Experiments with ELIZA and Parry showed that interactions between
humans and computers were possible and therefore should be investigated
further [19]. Although these first chatbots served more as an entertainment
tool, being aware of the history of chatbots can help to comprehend them
in the present [13]. Even the most recent chatbots are still based on the
pattern matching technique used in ELIZA [21].

2.1.2 Chatbots in the Educational Field

In recent years, the learning experience in the educational field has improved
through the usage of e-learning methods [8]. Chatbots are one of the main
aspects for improving e-learning processes. Actually, using chatbots is the
most innovative approach to close the gap between technology and education
[22].

Bob Heller et al. developed the Freudbot [23]. The Freudbot is a chatbot
that talks about Freudian notions and theories. The chatbot talks in the
first person to mimic Sigmund Freud. The researchers wanted to explore
the experience of the students interacting with the Freudbot. The results
suggest that the usage of well-known persons in chatbots is a promising
e-learning method.

Another study assessed 47 chatbots in the educational domain to see how
well they supported learning [24]. They suggest that educational chatbots
are still in the early phases of development. The findings show that the
responses of most chatbots were inadequate, they could not even answer
simple questions like “How are you?”. The findings also show that Quizzes
and Question & Answer modules in educational chatbots may improve the
learning processes. The International Financial Reporting Standards (IFRS)
Rookies Messenger bot was one of the chatbots that ended in the top ten,
based on the evaluations of the quality of supporting learning. This bot
teaches about International Financial Reporting Standards [25]. Many of
the participants were satisfied with the chatbot and many of them agreed
that their engagement with the chatbot was higher than it would be in a
traditional classroom.

A study about chatbots for corporate security training suggests that
people view security more positively when they are trained through the
use of chatbots rather than standard e-learning technologies [26]. In this
research, an educational chatbot that teaches the user about cybersecurity is
implemented. Cybersecurity is defined as: “the protection against malware
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and hacker attacks” [27]. In recent years, the use of computers and networks
has increased enormously. They are being used in almost every aspect of
our daily lives [9]. Because of this, the risk of possible attacks has increased
as well [10]. Therefore, it would be good to make people more aware of how
to protect themselves against malware and attacks.

More specifically, students are increasingly using the internet. This is
due to the rise of e-learning. A study has shown that most students are
unaware of the relevance of cybersecurity [10]. Thus, there is a need to
make students more aware of it, which is why they are the target audience
of this research.

2.2 Personalization

The definition of personalization differs per research field. Research suggests
that most definitions consist of the following: a goal of personalization, what
is personalized, and the target of personalization [6]. This has resulted in
the following definition:

“a process that changes the functionality, interface, information
access and content, or distinctiveness of a system to increase its
personal relevance to an individual or a category of individuals.”
[6]

Personalization can be done in various ways. Fan & Poole [6] provide a
personalization scheme, which consists of three aspects:

• What is personalized: Four elements can be personalized, i.e. content,
user interface, functionality, and channel/information access.

• To whom to personalize: Personalization can be done to a particular
individual or to a group of individuals (e.g. women).

• Who does the personalization: The personalization can be implicitly
or explicitly applied. Implicit personalization refers to personalization
that is automated by the system. This personalization is based on
information retrieved from the behavior of the users and the context
of the messages. Explicit personalization refers to personalization that
is based on choices made by the user or information given by the user.

Research found that personalization enhances the relationship, collabo-
ration, and engagement with agents [28]. Besides, personalization improves
user satisfaction [29] and trust in agents [30].
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2.2.1 Personalization in Chatbots

One of the reasons users could be unhappy with chatbots is the fact that they
can be too generic [4]. The interaction is rarely personalized and chatbots
often follow a one-size-fits-all approach [5]. However, personalization has an
influence on the user experience of systems [6]. A personalized interaction in
chatbots can improve its social intelligence [4]. This is because the chatbot
can become more aware of the context. Additionally, the chatbot can tweak
its responses and features for every single person.

As every user is different, a social chatbot should be able to personalize
the messages for individual users [31]. The messages should be empathetic,
supportive, and tailored to the user’s interests. The chatbot should lead the
dialogue and it should make the user feel understood.

Chaves & Gerose [4] propose three advantages of personalization in chat-
bots. Firstly, it enriches the relationship between the user and the chatbot.
People want the chatbot to respond differently to various users. Secondly,
personalized interactions offer unique experiences. It leads to an increase in
the value of the information that is given by the chatbot. Thirdly, personal-
ization reduces the number of interactions that are broken down. Through
personalization, the interface can be adapted to the user. This can be used
in a way that encourages users to continue talking.

In the educational field, personalization in chatbots is seen as an im-
portant aspect [8]. It is one of the most relevant aspects with respect to
learning since it can enhance the learning process. Therefore, the chatbot
should have the ability to identify the behavior and needs of the user.

In a study about a chatbot that serves as a study buddy for students,
it is suggested that a personalized interaction might be the best way to
enhance the study habits of students [32]. The personalization was achieved
by providing (more supportive) tips appropriate for a specific individual or
by e.g. sending more reminders to students who have troubles with sticking
to schedules.

Another study investigated the extra value of personalization for the
user experience of chatbots in the financial field [7]. Two chatbots were
developed (non-personalized vs. personalized) on which users could perform
a simple task or a complex task. The study showed that personalization has
no significant effect on the user experience for both tasks. It would be
interesting to see if this is also the case in the educational field.

Research suggests that the personality of a chatbot is an appropriate
aspect for personalization [33]. Due to a lack of time, however, personality
will not be taken into account in this study. The concepts of personal-
ity and personalization are often intertwined. Personality can be defined
as: “a complex organization of mental and biological systems that uniquely
characterize an individual’s behavior, temperament and emotion attributes”
[34]. In the context of chatbots, personality is described as the characteris-

8



tics that shape the communication style and the character of the agent [4].
Personalization is concerned with adapting to users’ preferences and needs,
whereas personality focuses on personality characteristics [33].

Aside from the personalization scheme provided in the section above,
the chatbot could learn from and about the user in order to personalize the
interaction in chatbots [4]. It could learn from the information provided in
the interaction, for instance, information about the culture or behavior of
the user. Besides, if there are previous conversations the chatbot should
remember the user’s preferences. However, users should be able to choose if
the chatbot remembers these preferences. Another option for personalizing
chatbots is to let users customize the chatbot by, for instance, changing
its appearance and personality [4]. Furthermore, visual elements could be
added to make the interaction more personalized. Visual elements shape
the conversation, for instance, quick replies.

2.2.2 Personalization and Privacy

A challenge when adding personalization is the protection of privacy [35].
In order to personalize the interaction, the chatbot needs to remember the
user’s preferences and personal information. Collecting this information
introduces concerns about privacy.

Solutions to this problem may include the ability to indicate to the chat-
bot that something is private or the ability to delete the history of the
chatbot [35]. In this research, the privacy problem is partially addressed in
various ways. Firstly, it is not required to provide your name and/or age.
Besides, it is not possible to link the name to the other activities the partici-
pant performed in the experiment, i.e. the questionnaire. Also, participants
have to sign an informed consent form. Lastly, IBM Watson Assistant is
used to develop the chatbot. IBM Watson also provides some security. It
protects the data by using a three-layer model which shares the information
in a bottom-up manner.

2.3 User Experience

User experience is a relevant concept for evaluating conversational technolo-
gies [36]. However, there is no unified definition of user experience [37].
According to the International Organization for Standardization (ISO), the
definition of user experience is: “a person’s perceptions and responses result-
ing from the use and/or anticipated use of a product, system or service” [38].
Although it is difficult to obtain a shared definition, a study suggests that
the majority of researchers agree that user experience is seen as dynamic,
subjective, and context-dependent [39]. According to Peras, user experi-
ence has four determinants: usability, performance, affect, and satisfaction
[40]. In this research, the focus is on satisfaction. Multiple questionnaires
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are used to measure user satisfaction. Compared to a single questionnaire,
the usage of multiple questionnaires may lead to a better evaluation of user
satisfaction [36].

2.3.1 User Satisfaction

User Satisfaction refers to “user’s pleasure arising from the comparison of
their expectations and chatbot performance” [40]. It is a common metric
for evaluating chatbots [41]. User Satisfaction is a subjective evaluation
method. It is based on the user’s expectations and needs [42]. As mentioned
before, User Satisfaction is a determinant of the user experience.

Various questionnaires can be used to measure User Satisfaction. Duijst
used a combination of four questions from various questionnaires to assess
the User Satisfaction of chatbots [7]. One question comes from the Chatbot
Evaluation Questionnaire [43] and the other three questions come from the
happiness metric in the HEART (Happiness, Engagement, Adoption, Re-
tention, Task success) framework [44]. The questions that are being asked
are about if the user is unsatisfied with the chatbot, if functionalities are
missing, if the chatbot is fun to use, and if the user would recommend it.
Half of the questions are positively asked and half of them are negatively
asked. This prevents response bias [45].

To measure User Satisfaction in this study, the questions of Duijst are
used. A seven-point Likert scale is set for answering the questions since this
measures the user’s true attitude more precisely than a five-point Likert
scale [46].

2.3.2 User Experience Questionnaire

The User Experience Questionnaire (UEQ) can be used to measure the over-
all impression of interactive products and systems. It enables a quick and
instant evaluation [47]. Feelings about the product can be expressed imme-
diately. The UEQ focuses on the overall effect the product has on the user
and not just on one single aspect (e.g. usability). It takes into account both
the Pragmatic and the Hedonic Quality. Pragmatic Quality relates to task-
oriented quality features, like efficiency and learnability. Hedonic Quality
relates to non-task-oriented quality features, like stimulation and aesthetic
impression. [48]

The UEQ can be used to compare two products [11]. This is useful in
this study as two versions of the chatbot (personalized vs. non-personalized)
are tested and evaluated. Comparing the two versions can be done by a
statistical comparison. Besides, the UEQ can be used to evaluate the User
Satisfaction [49]. The UEQ has already been used to evaluate chatbots in
previous studies [50] [51].

The User Experience Questionnaire contains six scales:
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• Attractiveness: the overall impression towards the product.

• Perspicuity: the ease of use of the product.

• Efficiency: the fastness and efficiency of the product.

• Dependability: the user’s level of control over the product and the
safety of the interaction.

• Stimulation: how interesting, exciting, and motivating the product
is.

• Novelty: how creative, innovative, and attention-getting the product
is.

The relationship between these scales is shown in Figure 2.1 [11]. The
Attractiveness scale consists of both the Pragmatic Quality and Hedonic
Quality. Perspicuity, Efficiency, and Dependability are related to Pragmatic
Quality. Stimulation and Novelty are related to Hedonic Quality. The over-
all impression is captured by the Attractiveness scale, which is thus affected
by the other five scales [52]. Attractiveness is one of the dimensions to mea-
sure User Satisfaction [49] [53]. This may indicate a positive correlation
between them.

Figure 2.1: Dependency of the UEQ scale.
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The six scales contain 26 items in total that are rated on a seven-point
Likert scale. Each item consists of a pair of opposing attributes. Half of the
items start with the positively worded attribute and the other half start with
the negatively worded attribute. This is done in a randomized order [52].
The scores of the items are converted to a scale from -3 to +3 [48]. The
-3 denotes the most negative response and +3 denotes the most positive
response. It should be taken into account that most people avoid giving
extreme responses like -3 and +3. Thus, most responses will be between -2
and +2.

2.3.3 Social Presence

Social Presence refers to “the feeling that the conversational partner is living
in the same world, and is also capable of reacting to human queries” [12]. It
is a relevant concept in the world of human-computer interactions. Through
Social Presence, a relationship can be established between the agent and the
user [54]. Social Presence depends on the user since it is based on how the
messages are being interpreted [55]. According to research, both Social
Presence and personalization are influenced by friendliness and expertise in
online services. Besides, personalized greetings are said to improve the sense
of Social Presence [56].

Research shows that Social Presence enhances the consumer’s trust, en-
joyment, and perceived usefulness [12] [57]. Another study suggests that
Social Presence improves the experience in e-learning environments [55].

In the online service, Social Presence is found to have a positive effect
on consumer satisfaction [56]. In addition, the findings of another study
suggest that Social Presence and User Satisfaction are positively correlated
in instant messaging [58].

For the measurement of Social Presence in chatbots, Toader et al. used
five items [12]: human contact, human warmth, sociability, source of com-
fort, and sense of support when in need. These items are also used to
measure Social Presence in this research. A seven-point Likert scale is set
for those items.

2.4 Research Model and Hypotheses

For analyzing this experiment, the User Experience Questionnaire was used
together with some questions about User Satisfaction and Social Presence.
Two versions of the chatbot were tested with a difference in how personalized
the interaction between the chatbot and the user is. The personalized chat-
bot adapts the content of the dialogue to the user. The non-personalized
chatbot is the same for everyone and does not adjust the content to the
user. Users tested one of the two versions and filled out a questionnaire
afterwards. The aim is to find out if personalization improves the user
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experience of chatbots. The corresponding research model can be seen in
Figure 2.2.

Figure 2.2: Research Model.

The following hypotheses are tested:

H1: A personalized chatbot has a higher User Satisfaction than a non-
personalized chatbot.
H2: A personalized chatbot has a higher Social Presence than a non-
personalized chatbot.
H3: A personalized chatbot has a higher Attractiveness than a non-
personalized chatbot.
H4: The higher the Social Presence, the higher the User Satisfaction.
H5: A personalized chatbot has a higher Perspicuity than a non-
personalized chatbot.
H6: A personalized chatbot has a higher Efficiency than a non-
personalized chatbot.
H7: A personalized chatbot has a higher Dependability than a non-
personalized chatbot.
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H8: A personalized chatbot has a higher Stimulation than a non-
personalized chatbot.
H9: A personalized chatbot has a higher Novelty than a non-
personalized chatbot.
H10: The higher the Perspicuity, the higher the Pragmatic Quality.
H11: The higher the Efficiency, the higher the Pragmatic Quality.
H12: The higher the Dependability, the higher the Pragmatic Quality.
H13: The higher the Stimulation, the higher the Hedonic Quality.
H14: The higher the Novelty, the higher the Hedonic Quality.
H15: The higher the Pragmatic Quality, the higher the Attractive-
ness.
H16: The higher the Hedonic Quality, the higher the Attractiveness.
H17: The higher the Attractiveness, the higher the User Satisfaction.
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Chapter 3

Method

An educational chatbot is developed to test the influence of personalized
interaction on the user experience. The chatbot conducts a conversation
about cybersecurity. Two versions of the chatbot were created: a person-
alized chatbot and a non-personalized chatbot. A between-subject design
was conducted to compare the two versions. The participants were asked to
have a conversation with one of the two chatbots and fill out a questionnaire
afterwards. The sections that follow provide more details about this.

3.1 Materials

3.1.1 IBM Watson Assistant

The chatbot was developed by using IBM Watson Assistant, which is avail-
able in the IBM Cloud. It is an intelligent virtual agent that can be imple-
mented into any device, application, or channel. It uses Artificial Intelligence
to understand what users are saying. Watson Assistant is chosen because it
provides a simple user interface that is easy to use. Besides, it offers a con-
venient chat user interface for websites. Watson Assistant is well-developed
and has a good background in natural language understanding (NLU).

The chatbot was developed together with Serah Sommers, Sanne Janssen,
Spence van Asperdt, and Andy Huang. Together we thought about the
general topic and the sub-topics the chatbot would cover. After this, we
worked together on the chatbot, where everyone focused on different fea-
tures. Everyone built on this general chatbot by individually developing the
experimental condition. In this research, the experiment condition refers
to the personalized chatbot, while the control condition refers to the non-
personalized chatbot.
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3.1.2 Dialogue Design

The chatbot has to be able to have a conversation with the user about
cybersecurity. As the conversation should not take too long, four topics
about cybersecurity are selected: passwords, phishing, public Wi-Fi, and
(illegal) downloading. These topics are relevant for students, the population
of interest in this study. Due to the rise of the internet and e-learning
methods, students often have to deal with these kinds of topics. For instance,
phishing is the most commonly used attack and research shows that phishing
mainly occurs because of the unawareness about it [10]. Thus, it would be
good to make students more aware of phishing.

Aside from providing information on the various topics, the chatbot in-
volves the user in the conversation. This is done by asking the user questions
about their problems, knowledge, and behavior. To give proper answers to
the user, the chatbot has to recognize different types of responses. These
different types are created by ‘intents’. Intents are the different intentions
that the user might express. For example, an intent can be created for ‘yes’,
which contains many examples of how the word ‘yes’ could be phrased (‘yes’,
‘yeah’, ‘absolutely’, etc.). The dialogue flow can be modified depending on
the intent being recognized. An intent can be used in the condition of a
dialogue node. Depending on if the condition is met, the node is processed
or not.

Covering all possible intents is a challenge and due to time limits, we fo-
cused on the most important intents. This can result in situations where the
chatbot does not recognize what the user is saying. In situations like that,
the chatbot asks the users to rephrase their response. This may frustrate
the users.

Instead of recognizing an intent, a condition can also be set to true. If
this is the case, the target node is evaluated instantly regardless of what
the user says. Several conditions are set to true to prevent the user from
rephrasing their answers too many times. When conditions are set to true,
each user gets the same response from the chatbot regardless of their input.
This is another factor that may frustrate users.

The order of the topics is fixed, meaning that the dialogue flow is mostly
the same for every participant, with the exception of some side branches
due to recognizing different intents. Thus, most questions are always asked
in the dialogue and each topic is discussed. After the welcome message, the
chatbot immediately starts with the password topic. The chatbot asks if the
user ever has any problems with passwords and if yes, it asks for the kind
of problems. This way the chatbot involves the user in the conversation.
Then, the chatbot asks if the user has ever considered a password manager.
If users did consider it, they can give a reason why they are not using it right
now. Then, the chatbot provides information about password managers in
general. An example dialogue can be seen in Figure 3.1a.
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After the password topic is discussed, it will move on to the next topic:
phishing. The chatbot shows a (phishing) e-mail it just ‘received’ and asks
the user what it should do and what could happen if the user clicks on the
link. After the user answered these questions, the chatbot explains a bit
more about phishing. The user also gets the option to learn more about
how to recognize phishing or what should be done after clicking a phishing
link. An example dialogue about the phishing topic is shown in Figure 3.1b.

(a) Password topic (b) Phishing topic

Figure 3.1: Example dialogues about the password and phishing topics.

The next topic that is discussed is public Wi-Fi. The chatbot asks if the
user has ever used a public Wi-Fi network and in what places it is generally
used. Then, it asks what kind of internet activities never should be done
while on public Wi-Fi networks. After the user answers, the chatbot explains
more about the dangers of public Wi-Fi networks. An example dialogue is
shown in Figure 3.2a.

The last topic that is discussed is (illegal) downloading, of which an
example dialogue can be seen in Figure 3.2b. The chatbot asks if the user
has ever (illegally) downloaded something on the internet and if so, what it
was. The chatbot makes clear that it could be harmful to your computer
and asks the user what could be done to prevent a downloaded file from
harming the computer. Afterwards, the chatbot explains a bit about anti-
virus software.
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(a) Public Wi-Fi topic (b) Downloading topic

Figure 3.2: Example dialogues about the public Wi-Fi and (illegal)
downloading topics.

Sometimes, the chatbot gives the option to get more information about a
topic by providing links. This is done because the chatbot must not give too
much information. Providing too much information makes the interaction
less conversational. By showing links, however, users have the ability to
learn more if they wish.

At the end of the discussion about a topic, the chatbot asks if everything
is clear about the topic. This is done to make the dialogue even more
conversational. If something is not clear, the chatbot also gives a link to a
website on which the user can read more information about that topic.

The link to the questionnaire is provided by the chatbot at the end of
the conversation. This is done to ensure that users go through the entire
dialogue flow before filling out the questionnaire, without stopping earlier
or not having the conversation at all.

3.1.3 Personalized Condition

A comparison is made between the non-personalized chatbot and the per-
sonalized chatbot. The way the interaction is personalized is based on the
research discussed in the background section. Research proposes three as-
pects of personalization that should be considered: what is personalized, to
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whom to personalize, and who does the personalization [6]. In this research,
the focus is on personalizing the content of the messages rather than the
interface, channel/information access, or functionality. The content is rel-
atively easy to change with IBM Watson Assistant, while the other three
aspects are harder to change. Also, when multiple aspects are chosen in-
stead, it is difficult to say which of these aspects would cause a significant
difference. With respect to the second aspect, personalization is done to a
specific individual, rather than a group of individuals. Furthermore, explicit
personalization is implemented, instead of implicit personalization. Explicit
personalization is personalization that is tailored to the choices made by
users or information given by users. Although research suggests that users
experience implicit personalization as more human-like than explicit per-
sonalization [6], explicit personalization is more convenient to implement in
Watson Assistant.

The content is adapted to a particular individual through explicit per-
sonalization in a few ways. The name and age of the user are asked, as
well as their level of knowledge about cybersecurity. The messages include
the name and are tailored to this level of knowledge. Besides, the user can
choose the order in which the topics are discussed. More details about this
will be given below.

Another study suggests that the chatbot should learn from and about
the user and it should remember the user’s preferences from previous con-
versations [4]. However, our participants only have one conversation with
the chatbot. Therefore, it is chosen to learn from and about the user during
the interaction.

Name and Age

At the beginning of the conversation, the chatbot is personalized in a way
that it gets to know the user. The user’s name is prompted to create the
feeling that this dialogue is aimed at this individual user. The name is used
several times in the dialogue to strengthen this feeling. For the same reason,
the age of the user is asked. The age is repeated once, to show the user that
the chatbot not only asks for the age but also remembers it. By mentioning
the name and age, the content is adapted based on the information given by
a particular individual (explicit personalization). An example dialogue can
be seen in Figure 3.3a. It is not required for the user to tell their name or
age. This is shown in Figure 3.3b. It is personal information, thus it should
not be mandatory to provide this information.
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(a) Tell name and age (b) Do not tell name and age

Figure 3.3: Example dialogues with the personalized chatbot at the start
of the conversation.

In order to recognize the name and age in the input, intents and entities
are both used. Entities identify information in the user input that is appro-
priate for the user’s purpose. Intents can be seen as the action a user wants
to pursue (verbs) and entities as the context in which that action takes place
(nouns). Entities can help to respond in a more targeted way. Watson As-
sistant contains built-in system entities, e.g. ‘sys-number’. Sys-number can
be used to extract numbers (digits or written out as numbers) out of the
user input, which makes it appropriate for recognizing the age. For example,
the number 23 is extracted from “I am twenty-three years old”.

There used to be an entity ‘sys-person’. However, it was removed from
Watson Assistant in 2020. Therefore, a ‘name’ entity had to be created. A
list of all the names occurring in the United States was imported into this
entity. This CSV file with all the names was made available in Dropbox [59].
In addition, Dutch names were added manually, since most participants were
Dutch. As there is the possibility that users make a whole sentence (“My
name is Annemiek”), instead of only telling their name, an intent had to
be created as well. This intent contains many examples of how users might
mention their name in a sentence. To teach Watson Assistant the entity
(name) that should be extracted from the sentence, annotations could be
used. By annotating the name in an example, Watson Assistant can identify
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names it has not seen before, but that appear in similar sentences. For
example, in the sentence “My name is Eliza”, the word ‘Eliza’ is annotated.

The name and age that the chatbot recognizes are assigned to context
variables. Context variables can pass information through the dialogue.
These context variables can be used as conditions for nodes. For example, if
the name is known, the chatbot can provide a sentence including this name.
This can be done at any time in the dialogue, as the value of a certain
variable is saved.

Knowledge Cybersecurity

To learn even more about the user, the chatbot asks how much the user
knows about cybersecurity. The chatbot gives a definition of cybersecurity
and the user can choose between two options: having only a little knowledge
or having quite some knowledge. An example dialogue can be seen in Figure
3.4.

Figure 3.4: An example dialogue with the personalized chatbot for finding
out the level of knowledge.

Depending on which option they pick, the messages are tailored to the
knowledge level. When they only know a little bit about cybersecurity, the
chatbot will provide understandable messages. If the user has more knowl-
edge about cybersecurity, the chatbot assumes that the user already has
some knowledge about the basic cybersecurity topics and will skip explana-
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tions about this. The messages will provide more details and more complex
terms. For instance, it talks about ‘encryption’, ‘man-in-the-middle attacks’
and ‘spear phishing’. In the Figure below, the difference in messages between
the two levels of knowledge can be seen. The structure of the dialogue and
the questions the chatbot asks remain the same in both cases. The difference
is in the explanations given by the chatbot.

(a) Only little knowledge (b) Quite some knowledge

Figure 3.5: Example dialogues with the personalized chatbot for different
levels of knowledge.

By tailoring the messages to this knowledge level, the content is adapted
based on choices made by that specific user (explicit personalization). The
chatbot takes into account the user’s preferences and the content has been
changed in a way that increases the relevance of the topics to each individual.
If the content would not have been adapted to the level of knowledge, the
conversation may feel less relevant as the chatbot is saying a lot of things
the user may already know or does not understand.

The chatbot could also have asked for the user’s knowledge about tech-
nology instead of cybersecurity. However, the term ‘technology’ is very
broad. Students grew up in a world full of technology, so they might think
they know a lot about it even if they do not really know. Besides, it is
hard to relate the level of knowledge about technology to cybersecurity top-
ics. Thus, the term cybersecurity is more appropriate given the topic of the
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chatbot.
To implement the messages based on the knowledge level, the sys-number

entity and context variables are used. The value 1 is assigned to the option
“I have only a little knowledge about it” and the value 0 is assigned to “I
have quite some knowledge about it”. Thus, when one of the two options
is chosen by the user, the value will become 1 or 0. This can be recognized
by using the sys-number entity and this value is then assigned to a context
variable ($number). Watson Assistant has the ability to enable multiple
conditioned responses. This allows the chatbot to give different messages to
the same input, depending on the different conditions. This way, at certain
places in the dialogue, the chatbot provides the information either for people
who only have little knowledge ($number == 1) or for people who have quite
some knowledge ($number == 0).

Order of Topics

Lastly, the chatbot is personalized in a way that the user can control the
order of the topics the chatbot provides. The chatbot talks about four dif-
ferent topics: passwords, phishing, public Wi-Fi, and (illegal) downloading.
The user can choose the number of the topic it would like to talk about
first. This is shown in Figure 3.6a. After the first topic is discussed, the
user can indicate which of the remaining topics he/she would like to talk
about next. An example dialogue of this can be seen in Figure 3.6b. After
three topics, the user has the option to continue with the last topic or to
end the conversation.

By controlling the order of the topics, the user can indicate which topics
he/she would like to know more about. Besides, if they already know a
lot about one topic, they can skip this. This way, each conversation is
different and adapted to the order that the user prefers. The order of the
content is adapted based on the choices made by that individual (explicit
personalization).
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(a) All topics available (b) Remaining topics available

Figure 3.6: Example dialogues with the personalized chatbot for selecting
the topics.

To enable this feature, the entity sys-number and many context variables
are used. The number that the user enters, which is recognized through
the sys-number entity, becomes the value of the context variable. At the
beginning of every topic, the assistant checks the conditions. If the context
variable is set to the number of a topic, the assistant will go into that specific
topic. After the topic is discussed, that context variable is set to null such
that the same topic is not discussed again. A new context variable is created
for the number of the next topic the user wants to talk about. By managing
the context variables this way, the chatbot does not repeat topics it already
discussed and users cannot choose these topics anymore.

3.1.4 Non-personalized Condition

The non-personalized chatbot does not contain all the features mentioned
above. It does not ask for the name, age, or level of knowledge of the
user. Besides, the user cannot determine the order in which the topics are
discussed. The chatbot immediately starts with the first topic and discusses
the topics in a fixed order. An example dialogue is shown in 3.7.
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Figure 3.7: An example dialogue with the non-personalized chatbot.

3.1.5 Website Design

For the development of the website on which the chatbot is implemented,
Blogger was used. This system is specially made for blogs that are hosted
by Google through the subdomain blogspot.com. By adapting the layout,
most blog functions could be turned off. This resulted in a simple, one-page
website. A print screen of the website can be seen in Figure 3.8

Figure 3.8: A print screen of the website.
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Two websites were created: one in which the personalized chatbot is im-
plemented and one in which the non-personalized chatbot is implemented.
The website contains some basic information, which can be found in Ap-
pendix A.6. The chatbot becomes available by clicking on the chat widget
at the bottom right of the screen. The chatbot is embedded in the website
by HTML code made available by IBM.

3.1.6 Instructions and Questionnaire

Informed Consent and Task Instructions

The informed consent form, non-personalized chatbot task instructions, and
personalized chatbot task instructions can be found in Appendix A.1, A.2,
and A.3 respectively. Participants only get access to the task instructions
when they consent. The task instructions provide some instructions about
how to use the chatbot and include the link to the chatbot. Two nearly
identical forms were created. The only difference is that the link leads to the
personalized chatbot in one form and to the non-personalized chatbot in the
other form. The informed consent and task instructions are implemented
through Qualtrics, which is a survey tool available for free to students of
Radboud University.

Questionnaire

The questionnaire was also developed using Qualtrics. It can be found in
Appendix A.5. The questionnaire is provided at the end of the conversation
with the chatbot. Two identical questionnaires were created, one for the
personalized chatbot and one for the non-personalized chatbot. This way,
the control and experiment conditions were separated from each other.

The questionnaire starts with some general questions about the user’s
experience with chatbots and their knowledge about technology and cyber-
security. Experience with a system has a positive effect on the ease of use
[60], which refers to Perspicuity in the UEQ [61]. Besides, research sug-
gests that people who use a system more often seem to have a higher user
satisfaction [62].

The general questions are followed by the User Experience Questionnaire.
First, an explanation of this questionnaire is provided. The questionnaire
contains 26 items which are rated on a seven-point Likert scale (1...7). Each
item consists of a pair of contrasting attributes. The Attractiveness scale
contains six items, whereas the other scales all contain four items. The other
scales are Perspicuity, Efficiency, Dependability, Stimulation, and Novelty.
After the UEQ, the questions for measuring User Satisfaction and Social
Presence are provided. User Satisfaction contains four items and Social
Presence contains five items. The items of both concepts are measured by a
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seven-point Likert scale as well (from 1=“Strongly disagree” to 7=“Strongly
agree”).

Then, three open questions are asked for qualitative research. Questions
are asked about what they like or did not like about the chatbot. Besides, a
question is asked about if the user had the feeling that the chatbot adapted
its content to him/her individually. This is done to see if the participants
experienced a difference in personalization between the two chatbots. The
open questions are followed by some demographic questions (age, gender,
nationality, education level) to get an idea of the different characteristics of
the participants. A short overview of the questions in the questionnaire can
be found in Appendix A.4.

Debriefing

The questionnaire ends with a debriefing text, which can be found in Ap-
pendix A.5.7. This text contains an explanation of the aim of this research.
It explains which conditions were tested and gives a short definition of per-
sonalization. Apologies are made if the user still experienced some mistakes.
Additionally, the users are informed about the confidentiality and release
date.

3.2 Procedure

For this research, a between-subject design was conducted. The partici-
pants were all acquaintances. They were randomly split into two groups.
One group tested the control condition and the other group tested the ex-
periment condition. The control condition refers to the non-personalized
chatbot and the experiment condition to the personalized chatbot. After
developing the chatbots, the websites, the questionnaires, the informed con-
sent form, and task instructions, a message was sent to the participants
with a link to the informed consent form. When consent was given, the task
instructions were provided. The participants were redirected to the website
containing the chatbot. The participants were instructed to have a conver-
sation of about 5-10 minutes with the chatbot until the chatbot provided a
link to the questionnaire. This link was given at the end of the conversation.
After the conversation, the participants had to fill in the questionnaire. The
User Experience Questionnaire, questions about User Satisfaction, questions
about Social Presence, open questions, general questions, and demographic
questions were included in the questionnaire. Filling in the questionnaire
took about 4-10 minutes. After all the data had been collected, the data
analysis was performed.
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3.3 Participants

In total, there were 42 people who participated in this research. All of them
were acquaintances. In each condition, there were 21 participants who tested
the chatbot and filled out the questionnaire. On average, the participants
were 22 years old. In the control condition, the youngest participant was 19
years old and the oldest participant was 26 years old. The average age of
the participants in this condition was 22 years. In the experiment condition,
the average age was also 22 years, with the youngest participant being 20
years old and the oldest participant being 25 years old. Regarding gender,
the majority of the participants were female. 61.90% of the participants in
the control condition were female and 38.10% were male. In the experiment
condition, 71.43% of the participants were female and 28.57% were male.
As for nationality, all of the participants were Dutch.

The majority of the participants indicated secondary school as the high-
est level of education they have completed, namely 47.62% in the control
condition and 42.86% in the experiment condition. Furthermore, in the
control condition, the distribution was as follows: 14.29% higher education
bachelor (HBO), 28.57% university (WO) bachelor, and 9.52% university
(WO) master. The experiment condition was distributed as follows: 4.76%
higher education bachelor (HBO), 42.68% university (WO) bachelor, and
9.52% university (WO) master.

Some questions were asked about the user’s experience with chatbots
and their knowledge about technology and cybersecurity. The statistics in
Figure 3.9 show that most participants have used chatbots several times.

(a) Control condition. (b) Experiment condition.

Figure 3.9: Experience Statistics.
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The answers for the user’s knowledge about technology are quite divided.
The statistics of this question are shown in Figure 3.10. In both conditions,
most participants have quite some knowledge about technology. However,
there is also a considerable portion that has only a little knowledge about
it or a lot of knowledge about it.

(a) Control condition. (b) Experiment condition.

Figure 3.10: Technology Knowledge Statistics.

The statistics of the question about the user’s knowledge of cybersecurity
can be seen in Figure 3.11. The majority of the participants have either only
a little knowledge or quite some knowledge about cybersecurity.

(a) Control condition. (b) Experiment condition.

Figure 3.11: Cybersecurity Knowledge Statistics.
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Chapter 4

Results

In this section, the results of this research are presented. The data from the
questionnaire is used for the analysis. First, the quantitative results will be
presented and afterwards the qualitative results.

4.1 Quantitative Analysis

The User Experience Questionnaire, questions about User Satisfaction, and
questions about Social Presence were analyzed for the quantitative results.
All the items in these questionnaires were evaluated by means of the Likert
scale. For each concept included in the questionnaires, a composite score
was computed. This was done by taking the average of the scores of all items
belonging to that concept. The UEQ consists of six concepts: Attractive-
ness, Perspicuity, Efficiency, Dependability, Stimulation, and Novelty. Aside
from these concepts, the concepts of User Satisfaction and Social Presence
were measured as well, using their corresponding questionnaires. In addi-
tion, composite scores were computed for Pragmatic Quality and Hedonic
Quality. Pragmatic Quality depends on Perspicuity, Efficiency, and Depend-
ability. Hedonic Quality is based on Stimulation and Novelty. One-way
ANOVA and Pearson’s Correlation coefficient were performed on the scores
for each concept per participant. One-way ANOVA was used to compare
the personalized and non-personalized chatbots. Pearson’s Correlation Co-
efficient was used for analyzing the correlation between two concepts. There
has been some discussion about the usage of ANOVA and Pearson’s correla-
tion coefficient in combination with the Likert scale. However, according to
[63] and [64], both parametric and non-parametric tests can be used for ana-
lyzing Likert scale data. Thus, ANOVA and Pearson’s correlation coefficient
(both parametric tests) are suitable.

ANOVA can be used to compare the means of two (or more) groups.
One-way ANOVA is ANOVA where only one independent variable is con-
sidered [65]. Therefore, one-way ANOVA is suitable for this research. Three
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assumptions should be met when conducting ANOVA: the data is normally
distributed, the distributions have equal variances, and the data of the two
conditions are sampled independently [66]. ANOVA is robust against viola-
tions of these assumptions [67] [68]. The significance level was set to 0.05, a
typically used value in many fields [69].

Pearson’s correlation is a measure for the linear correlation between two
variables [70]. It has values between -1 and +1, where a minus sign means
a negative correlation and a plus sign means a positive correlation. A value
of zero means that the two variables are uncorrelated. Pearson’s correlation
is extremely robust against assumption violations [68] [71].

The analysis was done by using Excel, Python, and Jupyter Notebook.
The modules NumPy, Pandas, Scipy, Seaborn, and Matplotlib were used.
Before analyzing the results, the scale was converted and possible outliers
were removed.

4.1.1 Converting Likert scale

The User Experience Questionnaire is rated on a seven-point Likert scale
from 1 to 7. To prepare the data for analysis, the scores of the items are
converted to a scale from -3 to +3 [48]. The -3 refers to the most negative
response (e.g. boring) and +3 refers to the most positive response (e.g.
exciting).

In order to compare this with the concepts of User Satisfaction and
Social Presence, the scores of these Likert-scale items should be converted
to a scale from -3 to +3 as well. This can be done as the response scale is a
linear scale [72] [73]. The scores of the negatively stated items are reversed
(-2 will become 2), such that the attitude is interpreted in the right way
[45] [74]. An example can be seen in Table 4.1. When someone rates the
statement “The chatbot is fun to use” with “Agree”, the corresponding score
is 6. This number will be converted to the number 2. The statement “I miss
functionalities in this chatbot” is negatively stated, meaning that a score of
7 will be converted to a value of -3 to show the real attitude. This is done
for all the items of User Satisfaction and Social Presence.

Item Rating Score Converted score

This chatbot is

fun to use
”Agree” 6 2

I miss functionalities

in this chatbot
”Strongly Agree” 7 -3

Table 4.1: Examples of converting the scale.
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4.1.2 Outlier Removal

A common outlier removal technique is the Interquartile Range (IQR) method.
It is a well-known and easy-to-use method. This method can be applied even
when the data does not follow a normal distribution [75], as it makes use
of the median. This makes it an appropriate method for this research since
Likert scale data does not (necessarily) result in a normal distribution.

The interquartile range is the difference between the third quartile (Q3)
and the first quartile (Q1), where the third quartile is the 75th percentile
of the data and the first quartile is the 25th percentile of the data. The
interquartile range is multiplied by a constant, which is usually 1.5 [76].
Outliers are detected when they are outside the range of Q1 - 1.5*IQR to
Q3 + 1.5*IQR.

After detecting outliers, there are different methods to handle the outliers
[77]. The outliers could be kept and treated in the same way as any other
data point. The outliers could be removed by dropping all data from that
participant. Lastly, the outliers could be replaced by values that are closer
to the other data points (e.g. mean or median). The choice is made to
remove the outliers when only a few outliers are detected (three or less).
If there are more outliers, the outliers are kept and treated as normal data
points. This way, not too much data will be removed, as the data size is
already small.

With this technique, outliers were detected for five participants. Four of
these participants were in the control condition. Outliers were found for the
concepts Perspicuity, Dependability, and two times for Stimulation. The
other participant was in the experiment condition. For this participant,
outliers were detected in the concepts of Attractiveness, Social Presence,
and User Satisfaction. As more than three outliers were found, the outliers
were kept and treated as normal data points. Thus, the analysis is done
with all data.

4.1.3 Analysis

Through the conversion of the Likert scale, the data is now scaled from −3
to +3. The descriptive statistics of each concept are shown in Table 4.2.
It can be seen that for Novelty the mean in the experiment condition is
considerably higher than in the control condition. For User Satisfaction and
Hedonic Quality, this is also the case, but to a lesser extent. The other
concepts do not show a noticeable difference.
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Control Experiment

User Satisfaction 0.583 ± 1.210 0.940 ± 0.993

Social Presence -0.314 ± 1.379 -0.038 ± 1.264

Attractiveness 1.174 ± 0.676 1.278 ± 0.870

Perspicuity 1.917 ± 0.704 1.952 ± 0.522

Efficiency 1.452 ± 0.744 1.489 ± 0.777

Dependability 1.202 ± 0.551 1.155 ± 0.490

Stimulation 0.536 ± 0.906 0.560 ± 0.925

Novelty -0.071 ± 1.102 0.619 ± 0.947

Pragmatic Quality 1.524 ± 0.516 1.532 ± 0.449

Hedonic Quality 0.232 ± 0.843 0.589 ± 0.872

Table 4.2: Means and Standard Deviations of each concept (Mean ± Std).

For the hypothesis H1 until H3 and H5 until H9, one-way ANOVA is
used to analyze the results. ANOVA is conducted to see if a personalized
interaction has a significant effect on each concept in these hypotheses. The
concepts are User Satisfaction, Social Presence, Attractiveness, Perspicu-
ity, Efficiency, Dependability, Stimulation, and Novelty. First, the three
assumptions were checked before conducting a one-way ANOVA.

The first assumption is that the data is normally distributed. This can
be checked by using the Shapiro-Wilk test. For the concepts of Perspicuity
in the experiment condition and Efficiency in the control condition, the p-
values are below 0.05. This means that for these concepts the null hypothesis
of the Shapiro-Wilk test is rejected and therefore these concepts are not
normally distributed. However, assumptions may be violated when using
ANOVA. For all other concepts, the p-values are above 0.05, meaning that
these concepts are normally distributed.

The second assumption is that the distributions have equal variances.
To see if this is the case, the Levene test can be performed. The Levene
test is robust against non-normality [78]. The p-values for all concepts are
higher than 0.05, meaning that for all concepts the conditions have equal
variances.

Independence is assumed because the two conditions were randomly al-
located to the users and a between-subject design was conducted.

One-way ANOVA

After checking the assumptions, one-way ANOVA was conducted to compare
the effect of personalization on the concepts. In Table 4.3, the computed
degrees of freedom, F statistics, and corresponding p-values of the test are
shown.
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dfbetween, dfwithin F statistic p-value

User Satisfaction 1,40 1.093 0.302

Social Presence 1,40 0.458 0.503

Attractiveness 1,40 0.184 0.670

Perspicuity 1,40 0.035 0.853

Efficiency 1,40 0.023 0.880

Dependability 1,40 0.087 0.769

Stimulation 1,40 0.007 0.933

Novelty 1,40 4.743 0.035

Table 4.3: One-way ANOVA statistics

Each concept has a p-value higher than 0.05, except for Novelty (F (1, 40) =
[4.743], p = 0.035). This means that for Novelty, the null hypothesis of
ANOVA is rejected. For the other concepts, the null hypothesis of ANOVA
is accepted. The null hypothesis of ANOVA states that two conditions have
the same mean. Therefore, the hypotheses H1, H2, H3, H5, H6, H7, H8
have to be rejected and hypothesis H9 is accepted.

Correlation

The hypotheses H4 and H10 until H17 are analyzed by Pearson’s correla-
tion coefficient. Pragmatic Quality is based on the concepts of Perspicuity,
Efficiency, and Dependability. The correlation between each of these con-
cepts and the Pragmatic Quality is measured. The coefficients are shown
in Table 4.4. A positive value indicates a positive correlation. This means,
for example, the higher the Perspicuity, the higher the Pragmatic Quality.
The higher the coefficient, the stronger the correlation. As can be seen, the
concepts of Perspicuity and Pragmatic Quality are highly positively corre-
lated. The same holds for Efficiency and Pragmatic Quality. Dependability
is only moderately positively correlated with Pragmatic Quality.

Pragmatic Quality

Correlation Coefficient P-value

Perspicuity 0.806 1.158e-10

Efficiency 0.821 2.671e-11

Dependability 0.626 9.117e-6

Table 4.4: Pearson Correlation Coefficients and the corresponding p-values
between Perspicuity, Efficiency, Dependability and Pragmatic Quality.
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The concepts of Stimulation and Novelty determine the Hedonic Quality.
Thus, the correlation between each of these concepts and the Hedonic Qual-
ity is measured. The coefficients are presented in Table 4.5. Both concepts
are highly positively correlated with Hedonic Quality.

Hedonic Quality

Correlation Coefficient P-value

Stimulation 0.852 8.666e-13

Novelty 0.897 8.740e-16

Table 4.5: Pearson Correlation Coefficients and the corresponding p-values
between Stimulation, Novelty and Hedonic Quality.

Attractiveness is influenced by both the Pragmatic and the Hedonic
Quality. The correlation between those concepts is shown in Table 4.6.
As can be seen, both concepts are moderately positively correlated with
Attractiveness.

Attractiveness

Correlation Coefficient P-value

Pragmatic Quality 0.674 1.016e-6

Hedonic Quality 0.674 9.807e-7

Table 4.6: Pearson Correlation Coefficients and the corresponding p-values
between Pragmatic Quality, Hedonic Quality and Attractiveness.

Besides, the correlation between Attractiveness and User Satisfaction
is computed, as well as the correlation between Social Presence and User
Satisfaction. The correlations between those concepts are shown in Table
4.7. Attractiveness is highly positively correlated with User Satisfaction,
whereas Social Presence is only moderately positively correlated with User
Satisfaction.

User Satisfaction

Correlation Coefficient P-value

Attractiveness 0.736 2.728e-8

Social Presence 0.527 0.334e-3

Table 4.7: Pearson Correlation Coefficients and the corresponding p-values
between Social Presence, Attractiveness and User Satisfaction.

The information in the tables above is supported by the correlation plots
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shown in Figure 4.1. The plots show that all variables have a positive cor-
relation. The slopes give information about the strength of the correlation.
The plots show that the correlation between Social Presence and User Satis-
faction is the lowest. The correlation between Novelty and Hedonic Quality
is the highest.

Figure 4.1: Correlation Plots.

The hypotheses are accepted or rejected based on the analysis above. As
can be seen in the tables above, the p-values for the relevant hypotheses are
all below 0.05. This means that the hypotheses H4, H10, H11, H12, H13,
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H14, H15, H16, and H17 are all accepted.
Figure 4.2 shows which hypotheses in the research model are accepted

and rejected. The hypotheses in green are accepted and the hypotheses in
red are rejected.

Figure 4.2: Research Model with accepted and rejected hypotheses.

4.2 Qualitative Analysis

The qualitative data was collected through the open-ended questions in the
questionnaire. Some notable observations can be drawn from the responses
to these questions:

• In both the control and experiment conditions, participants found
the chatbot fast, friendly, supportive, and motivating. For instance,
some participants in the control condition mentioned the following: “It
was supportive and cheerful, responded quickly ...” and “It was really
friendly and motivating”. In the experiment condition, someone noted
that she really liked the fast reply and the cheeriness: “The fast reply,
the cheeriness (a lot of ‘great!’, ‘indeed!’) ...”. Another participant
mentioned: “It was clear, fast and friendly”.
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• Both conditions noted that the information was valuable and clearly
explained. In the control condition, a participant noted: “It gave
clear and elaborate answers about the subjects.”. A participant in the
experiment condition wrote the following: “It responded quickly and
gave valuable and useful information that was easy to implement.”

• According to some participants in both conditions, the right amount of
information was given: “The chatbot was able to give the right amount
of information.”. Others mentioned that the chatbot provided too
much information at once. The possibility to get more information by
clicking on links was liked by some participants: “There was nothing I
didn’t like, yet it gave a lot of information after answering one question.
Maybe linking to another page could change that.”. However, there
are also some participants who wanted the chatbot to explain this
extra information: “It referred me to external websites. I wanted the
chatbot to have the information”.

• In the experiment condition, participants mentioned that they liked
it that the chatbot was using their name. They got the feeling that
the chatbot spoke to them specifically: “I liked how it spoke to me
specifically (using my name).” and “It felt more personal because it
repeated my name.”.

• Quite some participants in the experiment condition also liked that
they could pick the topics that interested them the most: “It was
nice getting some knowledge, and choosing what I wanted to know.”.
However, a few others mentioned that they wanted the opportunity to
come back to previous questions and that picking themes by numbers
felt less human-like. Someone in the control condition suggested the
following: “Maybe shuffling the topic content a bit would make the
conversation more dynamic (now it was more like: topic 1, done, topic
2, done, etc)”.

• Some participants in both conditions noted that the chatbot parsed
most of the responses correctly: “It parsed most of what I said cor-
rectly and the sentences did show some emotion, as far as that is
possible.”. Others mentioned that they did not like the fact that the
chatbot could only respond well to straightforward answers: “He did
not respond very well to answers such as ‘not sure’. Only very straight-
forward answered he did respond to well”.

• Participants in both conditions mentioned that they did not like the
general, standardized response. They did not get the feeling that the
chatbot was reacting to their messages and they got the idea that
every user followed the same path. In the control condition, there
were twice as many participants who did not like this compared to in
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the experiment condition. In the control some participants mentioned:
“It could not move from the path it chose.” and “That it answers in
a very non-specific way”.

• In the control condition, a lot of participants (10 out of 21 partici-
pants) did not have the feeling that the content was adapted to them
individually. They believed that everyone received the same messages
in a pre-determined way: “No, because the way the bot displayed the
content was quite general and felt more like a basic decision tree, where
every decision lead to the same answer”.

There were, however, six participants in the control condition that had
the feeling that the content was adapted to them individually. They
noted that the chatbot responded well to their answers: “Yes, because
I gave answers that weren’t only yes or no and still the chatbot gave
answers to my questions perfectly.”.

Also, five participants noted that they only slightly felt that the con-
tent was adapted to them individually: “it did react to what I said
back but because it were easy answers I feel like the answers from the
chatbot could be said to multiple answers”.

• A part of the participants (9 out of 21) in the experiment condition
noted that they had the feeling that the content was adapted to them
individually. Many of them mentioned that this was because the chat-
bot was using their name, asked them for their level of knowledge
about cybersecurity, and asked for the order of the topics: “Yes, it
used my name and made it feel like a conversation. Also, giving me
the choices of difficulty and order makes it more personal.” and “yes,
because you had to make the choices yourself and it adapted to your
wishes.”. A few mentioned the same reason as in the control condition,
i.e. that the chatbot provided the right messages to their answers.

Five of the participants in the experiment condition did not have the
feeling that the content was adapted. They had the feeling that the
messages were general and standardized: “No, the messages seemed
very much standard. My name was integrated, sure, but all messages
seemed like a simple if-then situation”.

Besides, seven participants only slightly felt that the content was
adapted to them individually: “A bit, since the answers were adapted
with synonyms to my answer, so it understood well what I was say-
ing. However I don’t know if the content changed much because of my
answers”.
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Chapter 5

Discussion

The participants in this study interacted with either the personalized or the
non-personalized chatbot and this gave us interesting insights. The results
show that there is no statistically significant difference in user experience
between the two chatbots.

For the concepts of Perspicuity and Efficiency, no statistically significant
difference was found between the control and experiment conditions. This
means that hypotheses H5 and H6 are rejected. In the open questions, many
participants mentioned that the chatbot was pretty fast and clear. However,
this was found in both conditions, meaning that this was not caused by the
personalized interaction.

The results also did not show a statistically significant difference between
the personalized and the non-personalized chatbot for Dependability and
Stimulation. Thus, hypotheses H7 and H8 are rejected as well. The open
questions supported this because participants in both conditions found the
chatbot supportive and motivating. In addition, they found the information
given by the chatbot valuable.

In contrast, a statistically significant difference between the control and
experiment conditions was found for Novelty (in favor of the experiment
condition), meaning that H9 is accepted. This indicates that participants
found the personalized chatbot significantly more creative, innovative, and
attention-getting than the non-personalized chatbot. The open questions
show that participants in the experiment condition liked it that the chatbot
used their name and that they could pick the topics that interested them
the most. These factors could be related to Novelty, as they can make the
conversation more creative, innovative, and attention-getting. The fact that
messages were tailored to the user’s level of knowledge could also be related
to Novelty. Participants barely mentioned this in the open-ended questions,
but this may be because participants could not specifically observe that
there were some differences in messages.

For both conditions, Social Presence was slightly below zero, meaning a
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neutral answer. The results show that personalization did not have a sta-
tistically significant effect on Social Presence. Therefore, hypothesis H2 is
rejected. Many participants mentioned that in both conditions the messages
of the chatbot were general and standardized. The chatbot could only re-
spond to straightforward answers. Perhaps, using less general messages in
the experiment condition could result in a higher Social Presence. It could
even result in a significant difference between both conditions. Less gen-
eral messages could be given when more different intents are used and fewer
conditions are set to true.

As expected, hypotheses H10 until H16 are all accepted. A positive
correlation was found for these concepts. These hypotheses are based on
the User Experience Questionnaire [11], which is a validated model that has
been well explored. The hypotheses H4 and H17 are also accepted. These
hypotheses were not based on the UEQ, but on other research [53] [56] [58].
This research and the research about the UEQ are supported by our results.

Attractiveness was measured directly by six Likert-scale items. The re-
sults show that no statistically significant difference was found for Attrac-
tiveness between the control and experiment conditions. Therefore, H3 is
rejected. This is partially supported by the qualitative research, as it shows
that for both conditions the chatbot was considered friendly. Besides, At-
tractiveness is influenced by the concepts of Perspicuity, Efficiency, Depend-
ability, Stimulation, and Novelty, of which most did not show a significant
difference. As mentioned before, hypotheses H15 and H16 are accepted. This
means that there was a positive correlation between Pragmatic Quality and
Attractiveness and between Hedonic Quality and Attractiveness. Further-
more, a positive correlation between Attractiveness and User Satisfaction
was found. The higher the Attractiveness, the higher the User Satisfaction.
Therefore, hypothesis H17 is accepted as well.

The User Satisfaction was measured directly and indirectly. It was in-
directly measured by the terms Social Presence and Attractiveness. As
mentioned above, hypotheses H4 and H17 are accepted. Besides, User Sat-
isfaction was directly measured through four Likert-scale items. The results
show that there was no statistically significant difference between the control
and experiment conditions for User Satisfaction, meaning that hypothesis
H1 is rejected.

Overall, the findings in this study suggest that no statistically signifi-
cant difference was found between the personalized chatbot and the non-
personalized chatbot. The concepts in the research model are positively
correlated and only a significant difference between the control and experi-
ment conditions was found for Novelty. As there was no significant difference
caused by personalization for the majority of the concepts, there was no sig-
nificant difference caused for User Satisfaction. Thus, it can be concluded
that, in the setting of this research, a personalized interaction does not im-
prove the user experience of a chatbot. This finding is supported by the
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research of Duijst [7], which suggests that there is no significant effect on
the user experience of a financial chatbot with respect to personalization.
Furthermore, the findings show that Social Presence and Attractiveness ap-
pear to be good determinants of User Satisfaction. In addition, research
about the UEQ is supported by our findings. However, this study also has
some limitations, which are mentioned in the next section.

5.1 Limitations

Several limitations emerged over the course of this research. Firstly, only
21 participants for each condition conducted the experiment, which could
have an impact on the findings. The focus of this study was on quantitative
research based on the research model. Through this quantitative research, an
overall impression of the user satisfaction of the chatbots could be obtained.
The qualitative research supports the findings of the quantitative research.
As user satisfaction is subjective, it would be better to have a larger sample
size for quantitative research. This way, a better overall impression of the
chatbots could be obtained. A good sample size would be 60 participants
for each condition [7].

Because of the small sample size, the outliers were not removed. They
were treated as normal data points. This may also have an impact on the
results. Furthermore, the participants may not be representative of the
student population, as all the participants were Dutch. Thus, it can be
hard to generalize the findings.

Another limitation is that, by no means, all participants in the experi-
ment condition had the idea that the content was adapted to the user indi-
vidually. This may indicate that some participants did not experience the
interaction with the chatbot as personalized. It is not necessary to perceive
the personalization, since there still is a difference between the two chat-
bots (although the users do not know this). However, it could indicate that
the personalization should be better implemented. This is hard, as people
consider various things as personal. In addition, some participants in the
control condition did have the feeling that the content was adapted to them
individually. Thus, it could also be the case that the interaction in the con-
trol condition contained too many personalization features. The difference
between the two conditions might not have been big enough, which may
affect the results. This is something that should be investigated further.

As mentioned before, it is difficult to cover all possible intentions that
users might express and due to time limits, the focus of this research was
only on the most important intents. It was often noted by participants in
both conditions that the chatbot responded quite general and standardized,
which they did not really like. This general response was often the reason
why participants did not think the chatbot adapted its responses to the
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user individually. This limited interaction could influence the findings of
this research.

This study is also limited in a way that the participants only interacted
with the chatbot for about 5-10 minutes. Research suggests that when
adding personalization, the chatbot should learn from and about the user
and that it should remember the user’s preferences from previous conver-
sations [4]. In this study, there was only one interaction, thus the chatbot
could not remember the preferences. In addition, ten minutes may be fairly
short to really get to know the user. It may be that the dialogues were not
rich and extensive enough to properly investigate the results of personaliza-
tion.

In literature, there is no unified definition of user experience. In this
research, the focus was on User Satisfaction, which is one of the determinants
of user experience. However, it is disputable if User Satisfaction is sufficient
to measure the overall user experience.

To get a more complete impression of the User Experience, the interac-
tions of the users with the chatbot could be analyzed as well. Due to time
limits, this was not done in this research. By doing this, however, it would
be possible to see if there are differences in participants’ behavior between
the two chatbots.

5.2 Future work

Chatbots in the educational field are becoming popular for improving learn-
ing processes. However, educational chatbots in combination with person-
alization is still a fairly unexplored area. Due to time limits, not all aspects
of educational chatbots in combination with personalization could be inves-
tigated in this study. In this section, some aspects for future research are
proposed.

First of all, not all participants in the experiment condition had the feel-
ing that the content was adapted to them individually. So, they may feel
that the interaction was not personalized that much. As mentioned in the
limitations, it is not necessary to perceive this personalization. However, it
would be interesting to investigate if perceiving the personalization would
improve the user experience of chatbots. In case the chatbot was just not
personalized enough, more personalization features could be added. Adding
a larger extent of personalization can be done by covering more of the possi-
ble intentions that users might express and setting fewer conditions to true.
For example, when the chatbot asks for examples of public Wi-Fi places,
no matter what the user answers, the chatbot responds with “Okay, many
people have used it there.”. When more intents are created (e.g. one with
examples of public transport), more different conditions could be set and
thus the chatbot could react more specifically. This way, the messages are
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more specific to what the user is saying. This may result in users experienc-
ing the interaction as more personalized. Exploring more possible intentions
can be achieved by extending the testing phase.

Besides, everyone considers different aspects as personalized. Therefore,
it may help to explore what aspects people think fall under personalization.
This information can be gathered by means of a survey before developing
the personalized chatbot.

Another way to add more personalization is by taking into account more
of the aspects proposed in research. Not only the content can be personal-
ized, but also the user interface, channel/information access, or functionality.
It would be interesting to look at these aspects as well. Additionally, im-
plicit personalization could be done instead of explicit personalization. It
would also be interesting to see how this affects the experience of users, since
implicit personalization is experienced as more human-like than explicit per-
sonalization.

In addition, research proposes that the chatbot’s personality may influ-
ence personalization. Adding a personality to the chatbot is something that
can be further explored in the field of personalization. It may also be inter-
esting to ask some questions about the user’s personality (by the chatbot or
in a survey beforehand) and adapt the interaction based on this personality.

During the interaction, the users could choose which topic they want
to know more about by choosing the corresponding number. However, it
may feel more human-like if they can enter the topic in words instead of
entering the number. This is something that could make the interaction
more personalized as well.

To properly investigate the results of personalization, a richer and more
extensive dialogue could be developed. This could, for instance, be done by
having a longer conversation or by having more than one interaction with
the chatbot, such that the chatbot could remember the user’s preferences.

Another suggestion for future research is to measure more aspects aside
from User Satisfaction. For instance, Usefulness, Perceived Enjoyment, or
Anthropomorphism could be measured. Besides, other research models
could be used to measure the user experience, for instance, the Technol-
ogy Acceptance Model or the Unified Theory of Acceptance and Use of
Technology model.

Besides, further research is necessary to generalize the findings for all
kinds of chatbots. In this research, the focus was on the educational field.
However, personalization should be investigated in other fields to generalize
the findings, e.g., in healthcare or e-commerce. In the educational field, it
would be interesting to investigate the effects of making the chatbot more
goal-oriented. The chatbot in this research is quite general about cyberse-
curity. It could be made more specific for the cybersecurity aspects covered
within universities (or within companies).

In this study, the focus was on students. However, it would also be
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interesting to focus on another target audience, like working people. Finally,
a study with more participants could be conducted, possibly with a more
diverse population (e.g. not only Dutch students).
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Chapter 6

Conclusions

In this study, the influence of a personalized interaction on the user expe-
rience of educational chatbots is researched. The findings suggest that no
statistically significant difference is found between the two chatbots. This
means that, in the setting of this research, a personalized interaction does
not improve the user experience of a chatbot. The findings also show that
Social Presence and Attractiveness appear to be good determinants of User
Satisfaction. Furthermore, research about the UEQ is supported by our
findings. As this study is quite limited, however, it can be seen as a first en-
counter for investigating personalization. Future research needs to be done
to better understand the impacts of content personalization in the use of
chatbots. To further investigate the effect of personalization on the user
experience of chatbots, a study with more participants could be conducted.
This could be done in either the same domain or in a different domain. Be-
sides, a richer dialogue with less general and standardized messages could be
applied, which could be achieved by extending the test phase. Additionally,
the length of the conversation could be extended or the amount of conversa-
tions could be increased. Finally, additional personalization features could
be added to the personalized chatbot.
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Appendix A

Appendix

A.1 Informed Consent Form

Information

Purpose of the study
This study is part of a Bachelor Thesis of the Artificial Intelligence Program
of Radboud University. The study involves an educational chatbot that will
teach the user (you) about cybersecurity. You will converse with the chatbot
and afterwards you will fill out a questionnaire.

Voluntary Participation
Your participation should be voluntary. During the study, you can indicate
at any time that you want to quit participating. You do not have to give a
reason.

Anonymity
All collected information and data is processed anonymously: the results
cannot be traced back to you later on. This also means that we cannot in-
form you about your personal results when the study is completed. However,
if you are interested, we can inform you about the results of the complete
study. If you wish to be informed about these results, please let us know.

Data Usage
The (anonymous) data that is collected about you will be used as part of data
sets, articles, and presentations. It will be accessible to other researchers for
a period of at least 10 years. However, as this is anonymous data, it cannot
be traced back to you. The data is collected from the chat history and the
questionnaire forms.
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Contact
If you have any further questions about this research or if you are interested
in the results of the study, you can contact us at the following email address:
annemiek.vanderleest@ru.nl

Consent
By giving consent as a participant of this study, you agree with the following
statements:

• I have read the provided information about this research study and
understand it.

• The aim of this research study has been made clear to me.

• I have been given the opportunity to ask questions regarding the re-
search study.

• I participate in this research study on a voluntary basis.

• I understand that I am allowed to stop at any time during this research
study, without having to give a reason.

• I understand that the data gathered from this research study is anony-
mous.

• I understand how the data gathered from this research study will be
stored and used.

• I consent to participating in this research study.

By clicking on ‘I consent’ below, you consent to participating in this study.

gI consentgI do NOT consent

A.2 Task Instructions Non-personalized Chatbot

In this study, you are going to have a short conversation for about 5-10
minutes with a chatbot. The chatbot is an educational chatbot that aims to
teach you about cybersecurity. Your task is to conversate with the chatbot
and fill out a questionnaire about the chatbot. Thus, the whole experiment
will take about 15 minutes. The link to the chatbot is given after the task
instructions. Please read the following instruction rules very carefully:

• Both mobile phones and computers/laptops support the participation
of this research, but we advise you to use your computer/laptop.
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• Please make sure you are in an environment that is distraction-free.
Close every unnecessary program on your computer, interact with no
other person, and put your mobile phone on silent mode.

• Keep this instruction page open at all times, so you can re-read the
instructions if things are unclear to you.

• Do NOT close the chatbot window during the conversation session.

• Interact with the chatbot until you receive a link to the questionnaire.
This link will be sent by the chatbot at the end of the conversation.

• If you click on any link given during the conversation it opens in a new
tab.

• As this is an English chatbot, it expects English responses from the
user. Make sure you ONLY answer in English. You are allowed to
quickly lookup translations.

• Make sure not to respond to the chatbot before it is done typing (in-
dicated by the ‘. . . ’).

• Only respond with ONE message at a time.

• Do not wait too long (more than a minute) to respond to the chatbot,
as the dialog will otherwise shut down.

• If you do not receive the link to the questionnaire within 15 minutes
of testing the chatbot, please contact the researchers.

Now that you have read the instruction rules, you can start the actual re-
search. The link to the chatbot is https://chatbot-thesis-2021.blogspot.
com/. It will open in a new tab.

If you still have any questions regarding this study, please contact the re-
searcher at: annemiek.vanderleest@ru.nl

A.3 Task Instructions Personalized Chatbot

In this study, you are going to have a short conversation for about 5-10
minutes with a chatbot. The chatbot is an educational chatbot that aims to
teach you about cybersecurity. Your task is to conversate with the chatbot
and fill out a questionnaire about the chatbot. Thus, the whole experiment
will take about 15 minutes. The link to the chatbot is given after the task
instructions. Please read the following instruction rules very carefully:

• Both mobile phones and computers/laptops support the participation
of this research, but we advise you to use your computer/laptop.
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• Please make sure you are in an environment that is distraction-free.
Close every unnecessary program on your computer, interact with no
other person, and put your mobile phone on silent mode.

• Keep this instruction page open at all times, so you can re-read the
instructions if things are unclear to you.

• Do NOT close the chatbot window during the conversation session.

• Interact with the chatbot until you receive a link to the questionnaire.
This link will be sent by the chatbot at the end of the conversation.

• If you click on any link given during the conversation it opens in a new
tab.

• As this is an English chatbot, it expects English responses from the
user. Make sure you ONLY answer in English. You are allowed to
quickly lookup translations.

• Make sure not to respond to the chatbot before it is done typing (in-
dicated by the ‘. . . ’).

• Only respond with ONE message at a time.

• Do not wait too long (more than a minute) to respond to the chatbot,
as the dialog will otherwise shut down.

• If you do not receive the link to the questionnaire within 15 minutes
of testing the chatbot, please contact the researchers.

Now that you have read the instruction rules, you can start the actual re-
search. The link to the chatbot is https://chatbot-thesis.blogspot.

com/. It will open in a new tab.

If you still have any questions regarding this study, please contact the re-
searcher at: annemiek.vanderleest@ru.nl
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A.4 Short Overview Questionnaire

Measurement Number of Questions Questions

General Questions 3

How much experience do you have with chatbots?

How much knowledge do you have about technology?

How much knowledge do you have about cybersecurity?

Attractiveness 6

Annoying/Enjoyable

Good/Bad

Unlikable/Pleasing

Unpleasant/Pleasant

Attractive/Unattractive

Friendly/Unfriendly

Perspicuity 4

Not understandable/Understandable

Easy to learn/Difficult to learn

Complicated/Easy

Clear/Confusing

Efficiency 4

Fast/Slow

Inefficient/Efficient

Impractical/Practical

Organized/Cluttered

Dependability 4

Unpredictable/Predictable

Obstructive/Supportive

Secure/Not secure

Meets expectations/Does not meet expectations

Stimulation 4

Valuable/Inferior

Boring/Exciting

Not interesting/Interesting

Motivating/Demotivating

Novelty 4

Creative/Dull

Inventive/Conventional

Usual/Leading edge

Conservative/Innovative

User Satisfaction 4

The chatbot is fun to use

I miss functionalities in this chatbot

I would recommend this chatbot to a friend

I am unsatisfied with this chatbot

Social Presence 5

I felt a sense of human contact when interacting with the chatbot

Even though I could not see the chatbot in real life, there was a sense of human warmth

When interacting with the chatbot, there was a sense of sociability

I felt there was a person who was a real source of comfort to me

I felt there was a person who is around when I am in need

Open Questions 3

What did you like about the chatbot?

What did you not like about the chatbot?

Did you have the feeling that the chatbot adapted its content to you individually? Why (not)?

Demographic Questions 4

What is your age?

What is your gender?

What is your nationality?

What is the highest level of education you have completed?

Table A.1: Short overview of the questionnaire.
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A.5 Questionnaire

The questionnaire can be found on Qualtrics. The link of this can be pro-
vided when requested.

A.5.1 General questions

How much experience do you have with chatbots?gI have never used themgI have used them only oncegI have used them several timesgI have used them a lot

How much knowledge do you have about technology?gI have no knowledge about technologygI have only a little knowledge about technologygI have quite some knowledge about technologygI have a lot of knowledge about technologygI know everything about technology

How much knowledge do you have about cybersecurity?gI have no knowledge about cybersecuritygI have only a little knowledge about cybersecuritygI have quite some knowledge about cybersecuritygI have a lot of knowledge about cybersecuritygI know everything about cybersecurity

A.5.2 User Experience Questionnaire (UEQ)

This part of the questionnaire consists of pairs of contrasting attributes that
may apply to the chatbot. The circles between the attributes represent gra-
dations between the opposites. You can express your agreement with the
attributes by ticking the circle that most closely reflects your impression.

Example:

This response would mean that you rate the application as more attractive
than unattractive.

Please decide spontaneously. Don’t think too long about your decision to
make sure that you convey your original impression.
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Sometimes you may not be completely sure about your agreement with a
particular attribute or you may find that the attribute does not apply com-
pletely to the particular product. Nevertheless, please tick a circle in every
line.

It is your personal opinion that counts. Please remember: there is no wrong
or right answer!

Please assess the chatbot now by ticking one circle per line.
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Figure A.1: User Experience Questionnaire

A.5.3 User Satisfaction Questionnaire

Strongly

disagree
Disagree

More or less

disagree

Neither

agree nor

disagree

More or less

agree
Agree

Strongly

agree

This chatbot is

fun to use
g g g g g g g

I miss functionalities

in this chatbot
g g g g g g g

I would recommend this

chatbot to a friend
g g g g g g g

I am unsatisfied

with this chatbot
g g g g g g g
Table A.2: User Satisfaction
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A.5.4 Social Presence Questionnaire

Strongly

disagree
Disagree

More or less

disagree

Neither

agree nor

disagree

More or less

agree
Agree

Strongly

agree

I felt a sense of human contact

when interacting with the chatbot
g g g g g g g

Even though I could not see

the chatbot in real life,

there was a sense of human warmth

g g g g g g g
When interacting with the chatbot,

there was a sense of sociability
g g g g g g g

I felt there was a person who

was a real source of comfort to me
g g g g g g g

I felt there was a person who

is around when I am in need
g g g g g g g

Table A.3: Social Presence

A.5.5 Open Questions

What did you like about the chatbot?
What did you not like about the chatbot?
Did you have the feeling that the chatbot adapted its content to you indi-
vidually? Why (not)?

A.5.6 Demographic Questions

What is your age?

What is your gender?gFemalegMalegPrefer not to answergOther:

What is your nationality?

What is the highest level of education you have completed?gNonegPrimary schoolgSecondary schoolgHigher Education (HBO) BachelorgHigher Education (HBO) MastergUniversity (WO) BachelorgUniversity (WO) MastergOther:
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A.5.7 Debriefing text

Your response has been recorded.

Thank you for participating in this research. The aim of this research is to
find out what aspects affect the user experience of chatbots. One condition
was tested against a neutral condition: personalized chatbot vs. general
chatbot. A personalized chatbot is a chatbot that adapts to the user. In
this research, the focus is on adapting the content of the messages. The
general chatbot gives the same messages to everyone. Apologies if you still
perceived some mistakes during the conversation with the chatbot.

Your participation will remain confidential. Individual results will not be
available, as all results will be grouped together. The final results of this
research will be available at the end of January 2022. If you would like to
read about the research or if you have remaining questions, please contact:
annemiek.vanderleest@ru.nl
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A.6 Website text

Educational Chatbot

This website is created for the Bachelor Thesis of the Artificial Intelligence
Program of Radboud University.

The website revolves around an educational chatbot. The chatbot will teach
you about cybersecurity. The conversation will take about 5-10 minutes.
Please click on the chat widget at the bottom right of your screen to test
the chatbot.

At the end of the conversation, the chatbot sends you a link to the ques-
tionnaire. It would be of great help if you fill out this questionnaire.

If you have any questions regarding the chatbot, please contact: anne-
miek.vanderleest@ru.nl

Thank you!
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