BACHELOR THESIS

ARTIFICIAL INTELLIGENCE

Radboud University g4t
;l’oMlNef&

The effect of a peer persona on the user
experience for an educational chatbot

Author: First supervisor:
Sanne Janssen M.A. De S4 Siqueira
s1018595 PhD student - Behavioral

Science Institute
marianna.desasiqueira@ru.nl

Second supervisor:

dr. M.H. Vastenburg
Assistant professor -
Design for Behavior Change
martijn.vastenburg@ru.nl

2 %
g P
) QO
1, N
O’”INef@

January 28, 2022



Abstract

In the last few years, the use of chatbots has become quite popular. One of
the fields they can be used in is education, however, most implementations
in this field have failed to compare to human counterparts for the same task.
In this study, a chatbot with the persona of a student’s peer was developed
to educate users on the importance of safe internet practices. This peer
persona, as well as a neutral persona, were compared to investigate which
of the two conditions would lead to a higher user experience. The user
experience was measured using a modified Unified Theory of Acceptance
and Use of Technology. The results indicated that a peer persona compared
to a neutral persona does not have a significant effect on the overall user
experience. However, it does increase the Perceived Enjoyment of the user.
The results also confirmed that the correlations within the Unified Theory
of Acceptance and Use of Technology were accurate.
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Chapter 1

Introduction

In the last few years, the use of chatbots has become quite popular: almost
anyone who uses the internet regularly can name a website that makes use
of one. Chatbots are mainly used by companies to engage directly with
their customers through a natural language user interface, often powered
by artificial intelligence and machine learning. They are seen as a great
and promising alternative to traditional customer service, as they provide
a way to reduce costs, increase revenue, and always have help available to
customers [1][2].

Besides being used as a customer service tool, chatbots have recently emerged
in other areas, such as the educational domain [3]. The goal of deploying
chatbots in this field is to make the learning experience more motivating,
interactive, and human-like. One study used an educational chatbot for
language learning, where it imitates a language-learning partner [3]. This
study, however, discovered that users found it difficult to work with the
chatbot, and lost interest over time. Users preferred their human language-
learning partner, which led the study to conclude that they did not perceive
the chatbot as a human. Creating a human-like chatbot is a primary goal of
chatbot development that can be measured by passing the Turing test [4].
Not perceiving the chatbot as a human is a sign of a lower user experience,
since anthropomorphism in chatbots was found to lead to a higher behav-
ioral intention to use the system [5]. This is thus an important quality to
strive for.

In order to address the problem of a low user experience described above,
this thesis aims to answer the following research question:

What is the effect on the user experience of a peer persona for an educa-
tional chatbot?

Research has shown that in general, people take more advice from a peer
than they do from an expert or anyone else [6]. One study also presented



that people relate better with people who have similar personality charac-
teristics as themselves [7]. Furthermore, it is assumed that humans prefer
to attribute human traits to machines and interact with them the same way
they would with other humans, for example giving names to inanimate ob-
jects [8].

In this study, an educational chatbot with peer characteristics is used to
measure the user experience. The internet is becoming more and more in-
tegrated with our personal daily lives, and so is cybercrime [9]. This is why
the subject of the educational chatbot is online user awareness and safe com-
puting. The goal of this chatbot is to educate students about the dangers
of the internet and encourage them to practice safe computer habits in a
quiz-like conversation.

Specifically, this study is aimed at determining whether the user experience
is greater when talking to the chatbot’s peer persona, or when talking to
the chatbot’s neutral persona.

The user experience was analyzed using a technology acceptance model, as
is common when dealing with user experience. The Unified Theory of Ac-
ceptance and Use of Technology (UTAUT) was used, first introduced by
Venkatesh et al. [10], and modified by Chao & Cheng-Min [11]. The model
has been extended with the classic parameter Social Influence [12][13].



Chapter 2

Background

2.1 Chatbots

The definition of a chatbot is “a computer program designed to simulate con-
versation with human users, especially over the internet” [14]. Chatbots are
mainly used by companies to engage directly with their customers through a
natural language user interface, often powered by artificial intelligence and
machine learning. They are seen as a great and promising alternative to
traditional customer service as they provide a way to reduce costs, increase
revenue, and always have help available to customers [1][2].

For users, interacting with a chatbot might feel more natural and efficient
than using a traditional web service, as they can converse through a text
messaging interface [15].

The aim of chatbots is to have a naturally flowing conversation with the
user, ideally in which the user cannot tell that they are speaking to an ar-
tificial agent [14]. This inability to distinguish between a real human and
a machine was defined as the Turing test [4]. If one cannot distinguish be-
tween a robot and a human, it might be said that the machine can think
like a human [4]. Thus far, chatbots have not passed the Turing test.

This study focuses on an educational chatbot deployed in the field of online
user awareness and safe computing.

2.1.1 Educational chatbots

Chatbots can be applied in many fields, one of such being in education.
Recently, there has been an increase in the usage of chatbots that support
students in their e-learning [16]. It is said that the use of chatbots in an
educational context is the best way to bridge the gap between education
and technology [17].

The use of chatbots in e-learning has been studied by Eric Hsiao-Kuang Wu
et al. [18]. In this study, a chatbot was designed to not only help users with
their e-learning materials but also to have an everyday conversation with



them. During the period where users followed e-learning courses, the chat-
bot would converse with them to combat the feeling of loneliness that arose
as a consequence of the lack of interaction with teachers. Results showed
that although the chatbot indeed diminished the feelings of loneliness and
isolation, it still did not feel like a real human companion.

Another use case of educational chatbots is in the domain of language learn-
ing. Luke K. Fryer et al. implemented a chatbot that simulated a language-
learning partner [3]. Participants were paired up with either a human lan-
guage partner or a chatbot language partner, and engagement and moti-
vation to keep learning the language were measured over time. This study
discovered that users found it difficult to work with the chatbot and lost in-
terest over time. Users preferred their human language partner and working
with a human increased their interest in the language course.

The educational chatbot created in this study aims to teach users about
online user awareness and safe computing, as cybercrime is, unfortunately,
becoming more and more integrated with our daily lives [9]. The goal of this
chatbot is to educate students about the possible dangers of the internet and
encourage them to practice safe computer habits, by asking them questions
in a quiz-like manner.

2.2 Peer learning

While learning new things in everyday life, people take advice from people
around them. Most of the time, they don’t ask a teacher or take a course;
they consult friends, family, and colleagues, as this gets them the most in-
formation in a short period of time [19]. This way of gathering information
is known as peer learning; it is often seen as an accessible and easy way to
learn, as peers are or have been in a similar position to themselves. Lapple
& Barham showed that participants were more inclined to take advice from
peers than from an expert on the topic, which supports the idea that peo-
ple relate better with others who have similar personality characteristics as
themselves [6][7].

Furthermore, it is assumed that humans prefer to attribute human traits
to machines and interact with them the same way they would with other
humans, which is important to note since this project is focused on creating
a peer condition in a chatbot [8].

2.3 User experience

According to the international standard on ergonomics of human-system
interaction, ISO 9214-210, user experience is defined as “a person’s percep-
tions and responses that result from the use or anticipated use of a product,
system or service” [20]. Analyzing and optimizing the user experience of the



two conditions of the chatbot is the primary goal of this study given that
a good user experience ensures the users have an optimal experience while
interacting with the product, incentivizing them to use it again [21]. User
experience is usually measured using a technology acceptance model.

2.4 Unified Theory of Acceptance and Use of Tech-
nology (UTAUT)

A technology acceptance model that can be used to analyze the acceptance
and intentions of users is the Unified Theory of Acceptance and Use of Tech-
nology, abbreviated to UTAUT. This model was developed by Venkatesh et
al. and it is often used to analyze the user experience, as was also done in
this study [10]. The theory suggests that there are four key constructs: Per-
formance Expectancy, Effort Expectancy, Social Influence, and Facilitating
Conditions. The first three constructs would influence the behavioral inten-
tion and user behavior, whereas the fourth would influence user behavior
directly. The UTAUT model was made to combine eight models that try
to explain information technology usage and was thus deemed a good fit
for this project as it takes the best features from each model and combines
them. The original UTAUT model can be seen below in figure 2.1.

Performance
Expectancy

Effort
Expectancy

Behavioural Use
Intention Behaviour

b

Social
Influence

Facilitating
Conditions

Gender Age Experience Voluntariness
of use

Figure 2.1: The classic UTAUT model

The baseline model used in this study was the UTAUT model as modified



by Chao & Cheng-Min, where a few extra predictors were added to the
model, such as Perceived Enjoyment, Satisfaction, Trust, as well as Per-
ceived Risk [11]. It was also proposed that Effort Expectancy, Performance
Expectancy, and Perceived Enjoyment were directly influenced by external
variables, such as the research condition. This model is displayed below in
figure 2.2.

Effort
Expectancy

Behavioral
Intention

Perceived
Enjoyment

Mobile
Self-efficacy

Performance
Expectancy

Perceived
Risk

O Main UTAUT predictors O Contextual predictors

Figure 2.2: The UTAUT model as modified by Chao & Cheng-Min

The model in figure 2.2 was adjusted for the current study by removing
Perceived Risk and Behavioral Intention, and adding Social Influence.
Perceived Risk was removed due to the fact that using the chatbot does not
carry a risk of any kind. Behavioral Intention was removed, considering the
goal of the study was not necessarily to find out whether people would use
the chatbot again but to find out whether they were satisfied with it, which
is more in line with analyzing the user experience. Social Influence was
added because the study compares a peer persona with a non-peer persona.
Since this is a social aspect that is changing, Social Influence is an interest-
ing aspect to measure. The different factors present in the final model will
now be elaborated upon.

2.4.1 Effort Expectancy

Effort Expectancy is defined as “the degree of ease associated with the use of
the system” [10][22]. According to Venkatesh et al., this factor was inspired



by the Perceived Ease of Use factor in the Technology Acceptance Model
(TAM), as proposed by Davis [10][23].

2.4.2 Performance Expectancy

Performance Expectancy can be defined as “the degree to which an individ-
ual believes that using the system will help him or her to attain gains in a
job” [10][22][24][25]. According to Shin, the three factors that affect Perfor-
mance Expectancy are Perceived Usefulness, extrinsic motivation, and job
fit [25][22].

2.4.3 Perceived Enjoyment

According to Park et al., Perceived Enjoyment can be described as “the
extent to which the activity of using a specific system is perceived to be en-
joyable in its own right, aside from any performance consequences resulting
from system use” [26][11].

2.4.4 Trust

Trust was defined as “students’ perceptions about the reliability and trust-
worthiness of the system” by Arpaci [27]. According to previous studies,
three components make up trust: integrity, benevolence, and ability [27][28].

2.4.5 Satisfaction

The definition of Satisfaction is “users’ level of satisfaction with reports,
websites, and support services” [29]. That study also showed that Satisfac-
tion has a significant influence on whether people will use an information
System.

2.4.6 Social Influence

Social Influence, according to Diaz & Loraas, can be described as “the degree
to which an individual feels that it is important for others to believe he or
she should use the new system” [30][22]. Given that this study is about peer
conditions, Social Influence was hypothesized to be an important factor to
add back into the model.

2.5 Research Model and Hypotheses

As mentioned, the Unified Theory of Acceptance and Use of Technology as
modified by Chao & Cheng-Min was chosen for this study, extended with
Social Presence [11][12][13]. The corresponding research model is as follows:



Effort Expectancy

Perceived Enjoyment H7
/ [
Chatbot persona Satisfaction

Hg8
H3
\, Performance

Expectancy

H5 Social Influence H10

Trust

Figure 2.3: The research model

In this study, the external variable that influences the main predictors is the
chatbot persona, of which there were two. The first is the control condition,
where the chatbot is very formal, uses long and complicated words, and does
not try to connect with the user. The second condition is the experimen-
tal chatbot, which is the peer persona. In this persona, the chatbot aims
to relate and connect with the user through the use of informal, colloquial
language, emojis, and slang commonly used by the target audience. The
hypotheses are formulated as follows.

H1: The peer persona of the chatbot is perceived as easier to use than
the neutral persona of the chatbot.

H2: The peer persona of the chatbot is perceived as more enjoyable than
the neutral persona of the chatbot.

H3: The peer persona of the chatbot is perceived as more useful than the
neutral persona of the chatbot.

H4: The peer persona of the chatbot is more socially influential than the
neutral persona of the chatbot.

H5: The peer persona of the chatbot is trusted more than the neutral per-
sona of the chatbot.

H6: The higher the Effort Expectancy is, the higher the Satisfaction is.
H7: The higher the Perceived Enjoyment is, the higher the Satisfaction is.
HS8: The higher the Performance Expectancy is, the higher the Satisfaction
is.

H9: The higher the Social Influence is, the higher the Satisfaction is.

H10: The higher the Trust is, the higher the Satisfaction is.

10



Chapter 3

Method

3.1 Chatbot Conditions

As previously mentioned, this study focused on the user experience of an ed-
ucational chatbot with a peer persona in comparison to a neutral persona.
This was achieved by creating two versions of the chatbot where the ex-
perimental condition represents the peer persona and the control condition
represents the neutral persona. The control condition was developed in a
group, which consisted of my colleagues Spence van Asperdt, Andy Huang,
Annemiek van der Leest and Serah Sommers. A chatbot was developed that
has a conversation with the user about safe computing and cyber security.
After the initial creation with the aforementioned colleagues, slight modifi-
cations were applied to the control condition to create a more neutral and
formal persona. This results in a bigger contrast with the peer condition.
The experimental condition was developed after the creation of the control
condition.

Both the control condition and the experimental condition were tested by
participants followed by a survey where the data was collected from.

3.2 DMaterials

3.2.1 Chatbot Design
IBM Watson

IBM Watson is an online platform that allows the user to create their own
virtual assistant or chatbot. It utilizes machine learning and natural lan-
guage processing to classify and understand user inputs. IBM Watson was
chosen for developing the chatbot due to its architecture, sophisticated code,
and competent capabilities for our application [31]. IBM Watson’s interface
has no learning curve and is overall familiar to users who have used a chat

11



function before. IBM Watson also provides an API key that can be pasted
into the HT'ML code of any website, making integration almost effortless.

Dialog Design

The dialog was designed within IBM Watson. The interface allows the
developer to make a dialog decision tree in which the questions and answers
are stored. The answers of users were classified using intents, which are
essentially the core meaning of what the user is trying to convey to the
chatbot. On average, around 100 examples were declared for each intent.
The natural language processing and machine learning from Watson can
classify user inputs to one of these intents. The dialog was thoroughly
tested for errors in the flow of the dialog. The dialog was designed in a way
where the chatbot guides the conversation, this makes it easier to lead the
conversation and predict possible intents the user might convey.

Peer Condition

The research- or experimental condition of this study was the peer persona
of the chatbot. Peers are “people belonging to the same societal group based
on age, grade, or status” [32]. This condition’s personality is a stark con-
trast with the control condition; the control condition is a chatbot that is
formal, distant, polite, and strictly informative. Because it does not have
a specific target audience, it is harder for users to connect with it or feel
like they can relate to the bot. It uses complicated and formal words, which
makes its language convoluted to understand.

The experimental condition was designed to be a peer of the target audience.
While designing the peer persona, it was kept in mind that the target audi-
ence for this experiment would be students aged 18-29 who are in college or
university (from now on referred to as ‘students’), and the peer persona was
developed as such. Students were chosen as the target audience because the
chatbot would mostly be tested by confidants and colleagues, who currently
satisfy all experimental criteria. Its personality is friendly, casual, colloquial,
sassy, and funny, and it tries to connect with the user and make them feel
comfortable. These characteristics were chosen because studies have shown
that peer learning relations based on friendship can positively influence the
learning process and outcome, as well as the motivation of the students [33].
This version of the bot also uses emojis and more punctuation marks, as this
is more similar to how the target audience would interact with peers through
text and adds a certain level of non-verbal communication to the chat [34].
For example, the addition of emojis and punctuation marks can make the
bot sound more sincere, enthusiastic, or sad, which helps communicate its
emotions and intent to the user. The target audience also typically uses a
lot of emojis in their texts, so this helps the conversation feel more natural

12



and human-like [35].
An example chat at the same point in the conversation with both chatbot
conditions can be seen below in figure 3.1.

Olivia - Olivia -
Have you ever (illegally) downloaded something The next question might be a little sensitive, but
on the internet? Movies, music, games, and so I promise you can tell me and I won't tell a soul
forth? ]

=t

Have you ever (illegally) downloaded something
on the internet? Movies, music, games, etc.?

m Did you... mean to say yes? ;)

Your answer indeed implied this. okay fine, yes!

What did you download?

I assume you meant to say yes?

Haha, I knew it ;)

SOIMe movies .

- What did you download? 3)

An (illegally) downloaded file could contain a
piece of malicious software, also known as

malware.
Please be careful with it! An (illegally)
Assume you have downloaded something from downloaded file could contain a piece of
an unreputable website, what could you do to malicious software, also known as malware.
prevent it from harming vour computer? M M
Built with IBM Watson® (T) Built with IBM Watson® (D)

(a) Example chat with the non-peer con- (b) Example chat with the peer-condition.
dition. Notice the formality and lack of Notice how the chatbot tries to relate to
connection with the user. the user and make them feel at ease.

Figure 3.1: Example chats with both research conditions

3.2.2 'Website Design

The website that was used to host the chatbot was created with Blogger, a
free online blogging system that allows you to set up multiple customizable
blogs [36]. Two different web pages were created, one for each research
condition.

An API key provided by IBM Watson was pasted on the website to provide
a weblink. This way, the chatbot did not need to be hosted on a server
and was hosted by IBM itself. To access the chatbot, users need to click on
the chat icon in the lower right corner, similar to chatbots commonly used
in webshops [37]. Instructions to return to the questionnaire after finishing
the conversation were given to the participants through the text in the top

13



portion of the screen. A visualization of the website along with the chat
button can be seen below in figure 3.2.

Thesis'- Chatbot

READ MORE

5]

Figure 3.2: The website on which the chatbot is hosted, along with the chat
button

The chat windows that are visible after clicking the chat button are shown

below in figure 3.3. Note that both windows are identical in makeup. The
only differing features are the personas.
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Olivia - Olivia -

| Greetings. [ am an educational chatbot and I | Heya!! I'm Olivia, an educational chatbot! Today
will conduct a conversation about the following I wanna talk to you about some really
topics: interesting topics:
- Passwords - Passwords
- Phishing - Phishing
- Public Wi-Fi - Public Wi-Fi
- (Illegal) Downloading - (Illegal) Downloading
Are you ready to proceed? You ready to get started? ;)
Built with IBM Watson® (1) Built with IBM Watson®* (T)

(a) The chat window of the control chat- (b) The chat window of the experimental
bot chatbot

Figure 3.3: The chat windows of both research conditions

3.3 Procedure

For this study, a between-subject design was chosen. This method was
determined to be fitting because it was preferable to have people give their
full attention to one chatbot conversation and one survey, instead of making
participants have the same conversation twice with the only difference being
the persona, as well as doing the same survey twice. Research has shown
that the prospect of multiple surveys can reduce the response rates [38]. The
aim was to acquire at least 20 participants per research condition that use
the chatbot and fill in the associated survey. The two research conditions
were distributed evenly and randomly among the participants. They were
instructed to have a conversation with the chatbot, which takes 5 to 10
minutes, and afterward fill in a questionnaire in which all factors presented
in the research model were measured. The link to the chatbot and survey
was distributed through social media such as LinkedIn and SurveyCircle,
and with confidants such as family members and colleagues.

15



3.3.1 Questionnaire

The questionnaire was made using Qualtrics, which is a platform where in-
tricate surveys can be developed for free, as provided by Radboud University
[39]. The full questionnaire can be found in the Appendix. The setup of the
questionnaire was as follows.

First, the participants were shown an informed consent form, which informed
them about the study, and told them how their data would be processed,
to keep in line with the GDPR law [40]. After giving consent, the par-
ticipants were shown task instructions, which consisted of useful tips they
should keep in mind while conversing with the chatbot. Next, users were
directed to the website where they could converse with the chatbot. At the
end of the conversation, a password was disclosed that allowed access to the
survey, preventing participants from skipping the dialog with the chatbot.
The participants were directed back to the survey, where the password was
filled in. A question was asked about the users’ experience with chatbots
since this might affect the way participants interact with the system and
their ease of use [41].

After this question, participants were asked to fill in four to five statements
about each of the UTAUT predictors. The answers were given in a Likert-
scale format, ranging from 1 to 5, with 1 being “Strongly disagree” and
5 being “Strongly agree”. After the multiple-choice questions, users were
asked some open questions about their experience, with the mandatory ones
being what they did and did not like about the chatbot. Participants were
also given the chance to give any other remarks they might have, though
not mandatory.

Finally, some demographic questions were asked, such as age, gender, na-
tionality, education, and work field. This was to get some insight into the
participant sample for the study. In table 3.1, a quick overview of the ques-
tionnaire is given, along with the sources upon which the questions were
inspired.

16



Number
Aspect measured of state- | Example statement References
ments
. “Have you ever used a chatbot
Technology Experience 1 before today?” N/A
Effort Expectanc 5 “Learning how to use the | ;410049174
P Y chatbot was easy for me”
Perceived Enjoyment 5 .I ﬁnd”usmg the chatbot en- [11]]42][44]
joyable
“The chatbot is a useful way
Performance Expectancy | 4 to learn about cyber security” [11]]42][43][44]
. “In general, people would sup-
Social Influence 4 port the use of the chatbot” [42][43][44]
Trust 4 1 behe:/e the chatbot is trust- [11]
worthy
. . “Overall, I was satisfied with
Satisfaction 4 the chathot” [11]
. “What did you like about the
Open Questions 3 chatbot?” N/A
Demographic Questions 5 “What is your age?” N/A

Table 3.1: Overview of the buildup of the questionnaire

3.4 Demographic

In total, this study had 45 participants test the chatbot and fill out the ques-
tionnaire. As mentioned before, the participants were randomly assigned a
condition, either the “control condition”, which is the neutral persona, or
the “experiment condition”, which refers to the peer persona.

3.4.1 Control Condition

There were 23 participants in the control condition. Their ages ranged
from 16 to 74, with the average age being 31, and the median age being
24. 47.8% of participants were male, 47.8% were female, and 4.4% were
non-binary. One participant was English, everyone else was Dutch. As for
their education, 26.1% had finished secondary school as their highest level
of education, 17.4% had finished an HBO Bachelor, 13% an HBO Master,
17.4% a WO Bachelor, and 26.1% had finished a WO Master.

17



3.4.2 Experiment Condition

In the experiment condition, there were 22 participants, with the youngest
participant being 18 and the oldest 51. The average age was 26 and the
median age was 23. In this group, 31.8% was female and 68.2% was male. All
of these participants were Dutch, and their highest level of finished education
was as follows. 40.9% had finished secondary school as their highest level
of education, 22.7% had finished an HBO Bachelor, 9.1% an HBO Master,
18.2% a WO Bachelor, and 9.1% had finished a WO Master.

3.4.3 Technology Experience

Since the question about technology experience was answered pretty much
identically by both groups, the combined graph will be shown below with
the statistics of how often participants used chatbots before, as can be seen
in figure 3.4. The majority of people had used chatbots several times before,
or at least once before. A small group of people had used it lots, and three
participants had never used a chatbot before.

Have you ever used a chatbot before

today?
30
25
o 20
2
5 15
S
10
5 -
. — I
No, never I've used it once I've used it several I've used it a lot

times
SCORE

Figure 3.4: Technology Experience graph
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Chapter 4

Results

The data from the questionnaire was used for the analysis of this study.
Since each UTAUT-aspect in the questionnaire had four to five statements,
all measuring approximately the same aspect, these statements were grouped
and averaged to calculate the mean, standard deviation, and median [45].
This also allowed for ANOVA analysis and correlation analysis using Pear-
son’s correlation coefficient, and allowed for the comparison of the scores for
each predictor.

In order to answer hypotheses H1 through H5, one-way ANOVA was used,
since the means of both conditions must be compared to draw conclusions
[46]. ANOVA has three assumptions that must hold for it to be valid: inde-
pendence, normality, and equal variance. However, these assumptions may
be violated since ANOVA is assumed to be robust, which is described as
“the extent to which the test will give the right answer even when assump-
tions are violated” [47]. It has been shown that accurate ANOVA analysis
can be done on data that is not normally distributed, for example.

For hypotheses H6 through H10, Pearson’s correlation coefficient was used.
The significance level of this study was set at a = 0.05 [48].

4.1 Statistical Analysis

4.1.1 Outliers

Since outliers can influence the overall analysis and accuracy of the exper-
iment, all survey data was first checked for outliers. This was achieved by
evaluating which data points fell outside of 1.5 times the interquartile range.
This method was chosen because mean and standard deviations are relatively
more influenced by outliers, while the interquartile range is more resilient
[49]. In the control condition, two participants showed outliers in Effort Ex-
pectancy, three participants had outliers in Performance Expectancy, one
had outliers in Trust, and two had outliers in Satisfaction. These outliers
were all distributed among the same participants, so in total three partici-
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pants with outlier values were found in the control condition.

In the experimental condition, one participant showed outliers in Effort Ex-
pectancy, two participants had outliers in Perceived Enjoyment, two had
outliers in Performance Expectancy, two had outliers in Trust, and also two
participants had outliers in Satisfaction. Again, these were the same par-
ticipants across all factors, so in total two participants with outliers were
found in the experimental condition.

In conclusion, five participants out of 45 participants were considered out-
liers. That is é, or roughly 11% of the total sample size. This was deemed
too great a number to remove the outliers since it would shrink the sam-
ple size and thus alter the results significantly [50]. By this reasoning, the
outliers were not removed.

4.1.2 General Overview

In table 4.1, a general overview of the predictor’s means and their respective
standard deviation can be seen.

Predictor Control Experiment
Effort Expectancy 4.226 £ 0.795 4.373 £ 0.776
Perceived Enjoyment 3.261 + 1.163 3.700 £+ 1.080
Performance Expectancy 3.435 £ 1.122 3.580 + 1.111
Social Influence 2.946 + 0.906 2.966 + 1.011
Trust 3.587 £+ 1.029 3.591 £+ 0.978
Satisfaction 3.587 £+ 1.007 3.693 £+ 1.097

Table 4.1: Overview of the means and standard deviations

For all predictors, the mean of the experimental condition was higher than
the control condition. The table above can be seen in graphical form in
figure 4.1.
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Figure 4.1: Predictor’s means and standard deviations

The counts of the scores of each aspect can also be seen in graph form in
figure 4.2.
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Figure 4.2: Likert Counts of the predictors

4.1.3 ANOVA Analysis
Assumptions

As mentioned before, hypotheses H1 through H5 had to be analyzed using
one-way ANOVA. This meant analyzing Effort Expectancy, Perceived En-
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joyment, Performance Expectancy, Social Influence, and Trust. The three
ANOVA assumptions first had to be checked, otherwise, the analysis would
not hold. The first assumption is independence. Since this was a between-
subject design, and both the research conditions were randomly assigned to
the participants, it can be assumed that the data is independent. Partic-
ipants were also unknowing that there were two conditions, making this a
blind study.

The second assumption is normality. The data from each predictor was
evaluated for normality using the Shapiro-Wilk test. All predictors were
found to have a p-value < 0.05, which meant the null hypothesis of Shapiro-
Wilk was not accepted, and therefore the data was not normally distributed.
However, as mentioned previously, ANOVA is robust, so an assumption may
be violated and the analysis would still work [47].

The third assumption is that of equal variance. The Brown-Forsythe test
was used to check if the population variances were equal. It used the me-
dian instead of the mean, which made it better suited for this study than for
example Levene’s test due to the data not being normally distributed [51].
All factors were found to have a p-value > 0.05, which indicated the null
hypothesis of Brown-Forsythe was accepted, and thus the variances were
equal and the assumption was met.

ANOVA Results

A one-way ANOVA analysis was performed on the first five concepts. The
results of the test can be seen in table 4.2. The degrees of freedom are de-
noted with between-groups first, and within-groups second.

Predictor df F P

Effort Expectancy 1, 223 1.956 0.163
Perceived Enjoyment 1, 223 8.595 0.004
Performance Expectancy 1, 178 0.756 0.386
Social Influence 1, 178 0.020 0.887
Trust 1, 178 0.001 0.979

Table 4.2: Overview of the predictor’s one-way ANOVA test

Table 4.2 displays that only Perceived Enjoyment has a p < 0.05. This
meant ANOVA’s null hypothesis was rejected, and the alternative hypoth-
esis, H2, was accepted; The peer persona of the chatbot was perceived as
more enjoyable than the neutral persona of the chatbot. Hypotheses H1,
H3, H4, and H5 were rejected.
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4.1.4 Pearson Correlation

In order to answer hypotheses H6 through H10, the correlation between all
the aspects and Satisfaction had to be computed. The results are visible in
table 4.3.

Predictor Pearson’s r o)

Effort Expectancy 0.282 0.0001
Perceived Enjoyment 0.695 < 0.00001
Performance Expectancy 0.695 < 0.00001
Social Influence 0.429 < 0.00001
Trust 0.543 < 0.00001

Table 4.3: Predictor’s correlation with Satisfaction

The remaining hypotheses, H6 through H10, had to be accepted or rejected
based on these values. H6, for example, was “The higher the Effort Ex-
pectancy is, the higher the Satisfaction is.” The p-value must be < 0.05
to be statistically significant and to be able to accept a hypothesis. Since
all coefficients showed a p < 0.05, this meant the aspects were significantly
correlated with the user’s Satisfaction. It also meant that H6 through H10
were accepted.

Since all hypotheses had now been either accepted or rejected, the research
model can now be shown with the hypotheses having either a red box or a
green box around them. The red boxes represent rejected hypotheses while
the green ones represent accepted hypotheses.
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4.2 Qualitative Analysis

The open questions shed some more light on how participants experienced
the chatbot. Their experiences are summarized below, along with examples

of what users commented.

4.2.1 Control group

e Participants often noted that the chatbot gave quick responses. They

for example said “It was quick, gave elaborate answers,” “Quick re-
sponses,” “Quick answers.”

The chatbot was also found to be clear, straight-to-the-point, efficient,
concise, and informative by many participants. They illustrated this
by saying “It provides clear and straight-to-the-point information,”
“Clear answers”, “It is very informative”, “Clear use of language,”
“Clear and concise information.”

It was also commented that the chatbot gave relevant information
about the topics that were discussed. One participant noted that “it
looked like the chatbot knew a lot.” Others said “It gave me useful
information, phrased in a way that’s easy to understand,” “It gave
relevant and useful information about the topics.”

The links given by the chatbot were found to be “very useful links to
enhanced information about the topic” by one participant, while other
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participants noted that they didn’t trust the links the chatbot gave,
as it had warned them about phishing beforehand. They said “warned
me about not clicking links, but then suggested me links??” and “It
is very controversial to give information about phishing, while at the
same time sharing links with more information.”

e Many participants noted that the chatbot felt “very impersonal,” “Con-
versation didn’t really feel personal, I had no connection to it,” “It’s
not personal in its communication,” “The fun was missing, the chatbot
was very professional.”

e It was found to be annoying that the chatbot sometimes didn’t rec-
ognize an answer as a correct one. This also happened the other way
around; some questions were marked as correct while they weren’t.
Users said “Some answers | gave were marked as correct even though
they were not,” “It did not reply correctly to the question: have you
ever used public wifi before,” “It did not understand me well,” “First
time using it, it went into a closed-loop, it kept on stating: I didn’t
understand please rephrase,” “It didn’t always understand the way I
answered.”

4.2.2 Experiment group

e Similar to the control group, participants noted the chatbot gave quick,
clear, useful information. They for example said “It was quick and gave
clear answers,” “It gave clear answers and simple explanations,” “The
chatbot was very clear with the answers it gave.”

e The humor and emojis were found to be enjoyable by many partic-
ipants. They said they liked “the humor :)” and “the smileys and
human tone.”

e It was also expressed frequently that the conversation felt natural,
supple, casual, and pleasant to speak to. Users also expressed that the
bot was easy to talk to and came across as friendly and helpful. This
was illustrated by users commenting they liked that the bot was “very
informal, it felt like an actual conversation. It understood ‘ye, yuh’,
etc,” “It was pleasant to speak to,” “It came across as friendly and
helpful,” “I like the way the chatbot talks to me,” “It was easy to talk
to,” “It responded quite positive about everything,” “The conversation
felt natural, not like a bot,” “I liked that the chatbot was very casual
in vocab and that I got accurate responses to my answers.”

e Participants commented that the chatbot was a useful, easy and en-
gaging way to learn about cyber security. They said “it gave useful
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information about cyber security,” “It made learning about cyber se-
curity easy and fast,” “It was a strong method for learning because
you are engaging more in the topic, than just reading the Wikipedia

page.”

e Some participants found that the conversation still felt like a bot con-
versation. They said “it’s a bot and not a human,” “You can still feel
that it’s a program. The chatbot is not always reacting to the answer
of the person talking to it.”

e A few users said that the answer options were a bit limited. They
commented that they didn’t like “the lack of answering possibilities
aside from yes or no,” “The same answers over and over. Not much
variation,” “The answers felt a bit generic.”

e Just like with the control condition, participants noted that sometimes
the chatbot didn’t understand their answer. They said things like “It
rated my answers as incorrect, while it wasn’t,” “It didn’t seem to
handle complex sentences very well,” “When asked about the phishing
email it did not understand my reply completely I think.”

This qualitative data could be used to support the results of the quantitative

data and provided some insight into why some values were the way they were.
This will be further elaborated upon in the discussion.
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Chapter 5

Discussion

5.1 Interpretation

This study aimed to find out whether the user experience is higher when
conversing with a chatbot that has a peer persona, than with a chatbot that
has a neutral persona. The experiment condition was developed with this
peer persona, while the control condition remained neutral. It was found
that the persona of the chatbot did not have a significant effect on the Effort
Expectancy of the chatbot. This indicates that the ease of use was relatively
equal for both conditions, and a peer persona did not influence the way users
handled the chatbot environment. This meant H1 had to be rejected.
Performance Expectancy was also found not to have a significant difference
between the two chatbot conditions, indicating that participants did not
show a preference for either one of the conditions concerning how useful
they thought the chatbot was. This could have to do with the fact that
both chatbots gave the same information about cyber security, just with a
different tone of voice. This claim is supported by the comments made by
participants since in both groups users noted the chatbot gave them useful
and clear information. This led to H3 being rejected too.

Social Influence also did not have a significant difference between the exper-
iment group and the control group, meaning H4 was rejected. Compared
to the means of the other predictors, Social Influence had the lowest mean,
with both the control-mean and experiment-mean falling below a value of
3. This might indicate that the usage of the chatbot is something relatively
personal, and not influenced by other people around you. It is quite surpris-
ing that the mean of the experiment group was not significantly higher than
the control group, since the experiment condition targeted students with the
chatbot as its peer. It was expected that relating to the chatbot’s personality
would lead to the feeling that other students would advise a student to use
the chatbot, but this was not the case. This might be indicative that talking
to the chatbot did not come across as an actual human conversation. This is
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supported by multiple participants in the experiment group who commented
that the chatbot did not understand some of their simpler answers, with a
few comments also emphasizing the conversation still felt like talking to a
bot. These factors might have contributed to the lower scores given to the
Social Influence factor. Improving the quality of the conversation as well as
the anthropomorphism might lead to higher scores in this regard.

The final hypothesis that had to be rejected was H5, which measures the
Trust aspect. It was unexpected that the experimental group did not have
higher scores for this aspect than the control group, since the experiment
condition was developed with one of the key concepts being trustworthiness,
and making the user feel at ease. This was also supported by the comments
made by participants. A few participants in the control group noted that
they did not trust the chatbot because it told the participants to be careful
with phishing emails and links but still offered them links with additional
information. It is noteworthy that these comments were not made in the
experiment group. The trustworthiness of the chatbot might be improved
by the aforementioned aspects such as a more robust dialog and a bot that
is (even more) anthropomorphic.

One hypothesis that had to do with the difference between the chatbot
conditions was accepted, namely H2. This hypothesis stated that the peer
condition leads to a higher Perceived Enjoyment than the control condi-
tion. The significant difference found between the means of the control-
and experiment-group might have to do with the phrasing that the chatbot
used. Participants in the experiment condition also noted the chatbot was
friendly and helpful, while participants in the control group found the bot
impersonal.

All other hypotheses, H6 through H10, were accepted. This was expected
since these are based on the UTAUT model and confirm that the correlations
inside the model are indeed accurate. In the next section, a few limitations
of the conducted study are discussed.

5.2 Limitations

Firstly, this study was conducted during the COVID-19 pandemic. This
meant that the development experienced more challenges than initially an-
ticipated. The pandemic also meant that the testing of the chatbot, as well
as the questionnaire, had to be done without any contact between the re-
searcher and the participants. This meant the participants could not be
monitored while doing the survey and therefore might take it less seriously
or rush through it. If this study was to be repeated, it might be a good idea
to have the participants be in the same room as the researcher to simulate
better experimental conditions.

Second, it was noted by multiple participants that the answering options in
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the dialog were a bit limited and that the chatbot didn’t always understand
what the user was trying to say. The chatbot was developed in a little over
a month, which of course is an extremely short time, and could be one of the
reasons the chatbot wasn’t as robust as the researchers would have liked.
The bot was tested beforehand by multiple people, but not enough to simu-
late all user inputs that one might give. If the testing phase had been more
extensive, it might have improved the accuracy of the chatbot.
Furthermore, five participants with outliers were found during the data anal-
ysis. It was decided not to omit these participants from further analysis, as
the sample size would shrink too much. However, when looking at the indi-
vidual responses from these participants, it gives a strong impression that
they most likely did not take the study seriously. Most of them answered
“Strongly Disagree” to all questions, which doesn’t match up with any an-
swers from other participants. This data was kept, and thus influenced the
result of the study. In the future, this could be circumvented, for example
by being in the same room as the participants which might make them take
the study more seriously, or by significantly increasing the number of partic-
ipants so that outlier removal doesn’t have such a big impact on the sample
size.

Continuing on the sample size, increasing the number of participants could
increase the reliability and statistical power of the study. This research only
had 22 or 23 participants per condition and it is recommended that the
amount at least be doubled to produce more reliable results.

Finally, it is noteworthy that the participants did not represent the general
population, as everyone except one participant was Dutch. Most of them
also had experience with using chatbots, which likely doesn’t represent the
entire population. As a result, it is difficult to generalize the findings of this
study. A more diverse group of participants might produce a more general
outcome.

5.3 Recommendations

Educational chatbots, as well as peer personas in chatbots, are still relatively
new and largely unexplored. The research conducted could be expanded
upon, and some directions future research may take will now be proposed.
As discussed previously, it might be advisable to conduct a similar study
with a more diverse group of participants by including people of other na-
tionalities, ages, and varying experiences with technology. This study was
focused on students, so it may be interesting to see what a similar study
would result in, in other target audiences such as adults aged 30-65 or chil-
dren aged 10-14. Of course, the chatbot’s personality would have to be
adjusted to align with the targeted audience. Most participants had also
used chatbots before, so a group of users who have no experience whatso-
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ever might react differently in a chatbot study.

Moreover, as mentioned in the previous section, a more robust dialog with
more testing and a longer development cycle might enhance the robustness
of the chatbot dialog and provide users with a better experience.

As far as use cases go, it might be worthwhile to see how an educational
chatbot that converses with the user could be employed in schools and other
learning institutions. Participants noted that the chatbot felt like an easy
and accessible medium to learn about cyber security, so it might prove useful
to apply and integrate such a chatbot in a course curriculum.
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Chapter 6

Conclusion

In this thesis, a study was conducted about the effect of a peer persona on
the user experience for an educational chatbot. The results of this study
suggest that conversing with a chatbot that has a peer persona does not
improve the overall user experience, however, it does increase the Perceived
Enjoyment of the participants. Apart from the Perceived Enjoyment factor,
no significant difference was found between a chatbot that had a neutral
persona and a chatbot that had a peer persona. The data does suggest that
the UTAUT model’s factors indeed predict the satisfaction of users. Previous
research suggests that talking to a peer increases feelings of relatability, so
the outcome that the overall user experience was not higher in a peer persona
was not expected. Possibly, the surprising outcome of the study was caused
by the limited dialog ability of the chatbot, the relatively small number of
participants, or outliers that were kept in the analysis. In the future, it is
recommended that researchers develop a chatbot with a more robust and
well-constructed dialog that can handle all types of answers. This type of
chatbot can then be used in education to aid students with their learning.
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Appendix A

Appendix

A.1 Informed Consent Form

Information
Purpose of the Study

This study is conducted within the Bachelor Thesis of the Artificial Intelli-
gence Programme of Radboud University.

The study involves an educational chatbot that will teach you about Cyber
Security. Afterward, 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 can stop without
having to explain why you want to quit. You can leave the study at any
moment if you want.

Anonymity

All collected information and data are processed anonymously: the results
cannot be traced back to you later on. Therefore, this also means that we
cannot inform 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
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be traced back to you. The data is collected from the chat history and the
questionnaire forms.

Contact

If you have any further questions about this research or if you are interested
in the results of the study, you can contact the following email address:
sanne.janssen@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 voluntarily.

I understand that I am allowed to stop at any time during this research
study, should I wish to do so.

[ 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 participate in this research study.

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

O
O

I consent

I do NOT consent
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A.2 Task Instructions

You are going to have a short conversation with a chatbot for about 5-10
minutes. The chatbot is an educational chatbot that aims to teach you
about cyber security. Your task is to converse with the chatbot and fill in a
questionnaire about the chatbot. Please read the following instructions
very carefully:

Please make sure you are running the chatbot in Google Chrome.
Other browsers have not been tested.

Use your computer or laptop for this session. Mobile phones and other
devices are not supported.

Please make sure you are in an environment that is distraction-free.
Close any unnecessary program on your computer, interact with no
other persons 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.
Open any links given during the conversation in a separate 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 look up translations.

Make sure NOT to respond to the chatbot before it is done typing
itself (indicated 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 dialogue will otherwise shut down.

Keep this page open and return to it once you are finished con-
versing with the chatbot.

The link to the chatbot is:

https://thesischatbot.blogspot.com for the experiment condition

https://chatbotthesis.blogspot.com for the control condition

For any questions regarding the task, please contact the researcher at:
sanne.janssen@ru.nl
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A.3 Questionnaire

A.3.1 Check if the chatbot has been used

Please enter the password the chatbot gave you at the end of your conver-

sation.

A.3.2 Technology Experience

Have you ever used a chatbot before today?

(O No, never

(O T've used it once

(O T've used it several times

(O T've used it a lot

A.3.3 UTAUT questions

Strongly . Neither Strongly
. Disagree agree nor Agree
disagree - agree
disagree

Learning how to use the chat- O O O
bot was easy for me
Interacting with the chatbot O O O
is clear and understandable
I find the chatbot easy to use O O O
It would be easy for me to be- O
come skilful at using the chat- O O O O
bot
Using the chatbot makes it O
easier to learn about cyber se- O O O O

curity

Table A.1: Effort Expectancy
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Neither

S!:rongly Disagree agree nor Agree Strongly

disagree disagree agree
I find using the chatbot enjoy- O
able O O O
It is fun to talk to the chatbot O O O O O
Learning about cyber security O
from the chatbot was pleasant O O O O
The chatbot is entertaining O O O O O
I had fun using the chatbot O O O O O

Table A.2: Perceived Enjoyment
Strongly . Neither Strongly
. Disagree agree nor Agree

disagree disagree agree
The chatbot is a useful way to O
learn about cyber security O O O O
The chatbot allows me to
learn about cyber security O
more quicky than other meth- O O O O
ods
Using the chatbot increases O
my productivity O O O O
Using the chatbot increases O
my chances of learning about O O O O

cyber security

Table A.3: Performance Expectancy
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Neither

S!:rongly Disagree agree nor Agree Strongly
disagree - agree
disagree
People who influence my be- ®
haviour think I should use the O O O O
chatbot
People who are important to O
me would encourage me to use O O O O
the chatbot
People who influence my be- O
haviour could assist me in us- O O O O
ing the chatbot
In general, people would sup- O
port the use of the chatbot O O O O
Table A.4: Social Influence
Strongly . Neither Strongly
. Disagree agree nor Agree
disagree - agree
disagree
I believe that the chatbot is O
trustworthy O O O
I trust the chatbot O O O O O
I do not doubt the honesty of O
the chatbot O O O O
I trust the chatbot gives me
: 0 e O O ©

reliable information

Table A.5: Trust
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Neither

S.trongly Disagree agree nor Agree Strongly

disagree disagree agree
I was very content while using O
the chatbot O O O
I was satisfied with the chat- O
bot efficiency O O O O
I felt delighted with the chat-
| el dells 0 O O O ©
Overall, 1 was satisfied with

0 O O O ©

the chatbot

A.3.4 Open questions

What did you like about the chatbot?
What did you not like about the chatbot?

Table A.6: Satisfaction

Are there any other things you would like to say about the chatbot? (op-

tional)

A.3.5 Demographic questions

What is your age?

What is your gender?

(O Female
O Male

(O Non-binary

(O Prefer not to say

What is your nationality?

(O Dutch
(O German
(O French
(O English
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(O Other:

What is the highest level of education that you have finished?
(O None
(O Primary school
(O Secondary school
(O Higher education bachelor (HBO)
O Higher education master (HBO)
(O University bachelor (WO)
(O University master (WO)
O PhD

What is your work- or studyfield?
(O Artificial Intelligence
(O Computer Science

(O Psychology
(O Other:

A.3.6 End of survey

Thank you for your time spent taking this survey, your response has been
recorded.

For SurveyCircle users (www.surveycircle.com): The Survey Code is: 5YS7-
V2U7-QEIP-MZXG6
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