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Abstract

ChatGPT, a cutting-edge technology based on LLM, demonstrated great potential in search tasks.
While the importance and potential of ChatGPT are growing, the gap in the understanding of how
users interact and engage in ChatGPT search remains open. Past research has extensively examined
traditional information search, but there is a need for investigation into user behaviour and engagement
in LLM contexts like ChatGPT. To address this gap, our study aims to examine the impact of ChatGPT
expertise, topical expertise, and topical interest on user behaviour and user engagement in ChatGPT
search as we assume these factors play an important role in shaping user interactions with ChatGPT.
We conducted an experiment to investigate the answer by inviting users (N=198) via the crowdsourcing
platform to communicate with the mock ChatGPT application and their interactions were recorded for
subsequent analysis. Prior to and after their interaction with the mock ChatGPT application, users are
requested to complete a questionnaire to gather information about their user profiles and quantify their
engagement. Our finding indicates that ChatGPT expertise has a partial influence on user engagement
in ChatGPT search, which may highlight the importance of Al expertise in shaping user interactions.
Furthermore, our research also indicates that the Affinity for Technology Interaction (ATI) has an impact
on user engagement, which underscores the importance of understanding the psychological aspects
in the age of artificial intelligence. The results of this study will not only address the current knowledge
gap in ChatGPT search but also provide valuable information on how to improve ChatGPT to enhance
user interaction experience.
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Introduction

Information searching is a popular activity on the Internet, which is also considered one of the most fre-
quent online activities [22]. Furthermore, it is also related to the learning activity. Due to the importance
of learning in daily life, it is valuable to dive into the information search tasks. ChatGPT, a brand-new
tool based on the Large language model (LLM), showed excellent performance on language-related
tasks. Recently, ChatGPT was also tested on searching tasks and it showed outstanding performance
than supervised methods on popular IR benchmarks [57]. However, even if its importance and poten-
tial as a search tool are growing, there is still a gap in the understanding of how users interact and
engage with this novel technology. Traditional information search has been extensively studied, but
the influence of factors on user behaviour and engagement in LLM contexts like ChatGPT needs to be
thoroughly investigated.

Xu et al. [65] analyzed user behaviour across Google and ChatGPT and they found that search tasks
were completed more rapidly on ChatGPT than in Google. Similarly, Spatharioti et al. [56] compared the
user behaviour of traditional search engines versus LLM-based search tools and they also found that
the LLM-based search tool led to quicker task completion. Additionally, the prompts from LLM users
are shorter and more complicated prompts. However, even if these studies provide a comprehensive
investigation of user behaviour in search sessions in ChatGPT, the research regarding what factors
may influence user behaviour and engagement in search sessions in ChatGPT remains open. This
research gap is especially important given the potential of ChatGPT as a search tool.

To fill this need, our study aims to investigate how ChatGPT expertise, topical expertise, and topical
interest influence user behaviour and user engagement in ChatGPT search as we assume these factors
play an important role in shaping user interactions with ChatGPT. We define ChatGPT expertise as
knowledge and interest about the functionality, mechanism, strengths, and limitations of the ChatGPT.
Research [68, 52] highlight the importance of prompt formulation in the ChatGPT and they found if the
prompts are well-formulated then the answer accuracy will be increased. Otherwise, ChatGPT may
even generate unexpected answers. To be able to formulate good prompts, the users are expected
to be able to have sufficient knowledge about ChatGPT. For instance, the users are expected to know
prompt engineering [59] and knowledge about limitation ChatGPT have such as bias [50], illusion [12,
50, 64]. As mentioned earlier, ChatGPT-related knowledge facilitates the use of ChatGPT. Therefore,
it is intriguing to investigate the impact of ChatGPT expertise on user behaviour and engagement in
ChatGPT search.

Additionally, we explored the role of topical expertise on user behaviour and engagement, which is
defined as "Knowledge of the topic of the information need” [60] and research indicates that users’ level
of topical expertise influences their search behaviour. For instance, [38, 61] found that the users in
different topical expertise levels behave differently in web searches. White et al. [61] found that users
with higher topical expertise spent a longer time in search sessions and used longer queries in web
searches. And there is also a similar finding from [23]. Previous research showed [47] the reason why
users with different topical expertise levels is that high topical expertise users are more likely to provide
more controls in the search.

Our study also considers the impact of topical interest. We assume that topical interest could also
play an important role in the behaviour and engagement in the informational search sessions since
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2 1. Introduction

sometimes users have topical expertise not because of the interest. Edward et al. [15] found different
levels of topical interest lead to different levels of user engagement in Interactive information retrieval
(IIR). Fox et al. [19] found there users with higher topical interest will also present higher page activity
in the meanwhile. Furthermore, [53] intrinsic motivation could be the reason why users with different
topical interest levels behave differently.

In light of this background, we propose the following research questions:

RQ1: Do ChatGPT expertise, topical expertise, and topical interest influence user behaviour in
informational search sessions in ChatGPT?

+ H1a: People with relatively higher ChatGPT expertise behave differently compared to people with
relatively lower ChatGPT expertise

* H1b: People with relatively higher topical expertise behave differently compared to people with
relatively lower topical expertise

* H1c: People with relatively higher topical interest behave differently compared to people with
relatively lower topical interest

RQ2: Do ChatGPT expertise, topical expertise, and topical interest influence user engagement in
informational search sessions in ChatGPT?

* H2a: People with relatively higher ChatGPT expertise exhibit different levels of engagement com-
pared to people with relatively lower ChatGPT expertise

* H2b: People with relatively higher topical expertise exhibit different levels of engagement com-
pared to people with relatively lower topical expertise

* H2c: People with relatively higher topical interest exhibit different levels of engagement com-
pared to people with relatively lower topical interest

To address the research questions, we designed an experiment wherein participants were assigned
a topic from the dataset at random. Subsequently, we will request them to complete a questionnaire
to assess their ChatGPT expertise, topical expertise, and interest in that topic. Afterwards, the par-
ticipants will be directed to use the mock ChatGPT application to collect information regarding the
allocated topic. Their usage behaviours within the mock ChatGPT, such as prompt information and
session length, will be documented during the experiment. And the end of the experiment, we will ask
participants to answer a questionnaire to measure their engagement during the task and also their Affin-
ity for Technology (ATI). With a series of structured tasks in the experiment and subsequent analyses,
we aim to explore how different user profiles lead to diverse interaction patterns. The findings of this
research will not only fill the current knowledge gap but also yield insights into optimizing LLM-based
search tools for enhancing user interaction.

1.1. Contribution

» Findings of the influence of factors (ChatGPT expertise, Topical expertise, and topical interest)
on the user behaviour and engagement in search sessions in ChatGPT.

+ A data set containing the participant’s interactions with ChatGPT-based ChatBot and their profile
information.

* Mock ChatGPT source code and required analysis script.

1.2. Outline

This thesis follows the structure: In Chapter 1 we present the motivation and contribution of this re-
search. In Chapter 2 we provide the related research including existing research about the influence
of the factors on the user behaviour and engagement in web search. In Chapter 3 we elaborate on
how the experiment is designed for reaching the research goal. In Chapter 4 we cover quality control,
how the data is processed, and how the ChatGPT expertise, topical expertise, and topical interest of
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users are classified into different levels. In Chapter 5 we share the statistical test results, and we also
present our findings about how other interesting factors may affect user behaviour and engagement
like ATI, usage frequency, and usage experience of chatbots. In Chapter 6 we discuss our findings and
compare our results with existing research. In Chapter 7, the last chapter, we draw a conclusion based
on our findings and explorations and share potential research directions in the future.






Related work

This chapter covers the literature on the topic of search. Initially, we present the development of user
behaviour and engagement in the search field. Next, we depict the development of research regarding
expertise, and topical interest in this area.

2.1. User behaviour in informational search sessions

Numerous studies have demonstrated that understanding user behaviour in search contexts plays an
important role in enhancing search support and efficiency [25, 38, 22, 11]. As an example, Holscher et
al. [25] how web expertise influences user behaviour in the web search and how they found the web
experts are more likely to use query formatting in the search as compared to non-web experts. Mao et
al. [38] investigated the influence of topical expertise on user behaviour in web search and they found
users with topical expertise tend to spend less time on search tasks. However, even if it is important
to figure out user behaviour in the search, the research regarding behaviour in the ChatGPT context
is still limited. Hence, one of our goals is to figure out how users with different features behave in the
ChatGPT search. Metrics such as query length, number of inquiries, and session duration are often
used to gauge the user behavior [22, 25]. Our research employs similar metrics in the experiment,
facilitating comparisons with the findings of other studies and enabling additional exploration.

2.2. User engagement in informational search sessions

This research also examined how user engagement may be influenced in ChatGPT search sessions.
Lalmas et al. [34] pointed out user engagement is one of the important metrics for the success of online
service. Additionally, Hwang et al. [26] also conducted a meta-analysis to investigate the role of user
engagement in system success and they found a correlation between user engagement and system
success. Furthermore, Masrek et al. [40] investigate the relationship between satisfaction and user
engagement in the web and digital library environment and found that user engagement is a strong
predictor of user engagement.

Currently, there are various methods for quantifying user engagement. Lalmas et al. [35] proposed
to use of mouse movement to detect user engagement. However, due to the difference between the
SERP page and ChatGPT, it is not easy to adapt the existing method to the ChatGPT interface. Due to
this feature of ChatGPT, we used the user engagement scale short form (UES-SF) proposed by [46],
which is widely used for user engagement measurement. And it measures user engagement from four
different dimensions namely Aesthetic Appeal (AE), Perceived Usability (PU), Focused Attention (FA),
and Reward (RW). For this questionnaire, we also introduce the details about it, which can be found in
Chapter 3. Zhuang et al. [66] investigated how to leverage user behaviour to predict user engagement
as it is possible that the questionnaire is obtrusive in the experiments. In this research, they explored
37 different user behaviour features like the number of queries, task length, and number of numbers
and investigated their relationship with the dimensions of user engagement mentioned before. And
they found that the query-related features are most suitable for predicting Perceived Usability. The
time-related features and query-related features performed best in user engagement as compared to
other types of features. However, due to the difference between web search and ChatGPT search, the
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relationship between implicit features and user engagement is still an open question in the ChatGPT
contexts. In addition, eye tracking is often utilised for measuring user engagement [6, 4, 31]. Never-
theless, the eye-tracking measurements may result in a reduction in the sample size due to increased
expenses for employment and time allocation. After comparing different methods, we would like to
propose using the user engagement scale short form (UES-SF) to measure user engagement in our
experiment.

2.3. ChatGPT

ChatGPT is a nascent application built on LLM technology. Even though there are also available LLM-
based applications like Bart from Google. However, due to the popularity of ChatGPT, we chose Chat-
GPT as our research object to look into user behaviour and engagement while searching for the LLM-
based application. Sun et al. [57] investigated the search performance of ChatGPT and GPT-4 on
popular information retrieval (IR) benchmarks in relevant ranking tasks and the experiment results in-
dicated that these two LLM models showed better performance than the popular supervised model on
these benchmarks. Similarly, Askari et al. [7] explored the capability of training data generation of LLM
for cross-encoder re-rankers. They found that the response is more effective than the data generated
by humans while evaluating the popular benchmarks and this result shows the strong potential of LLM
to be used for training data generation in the web search field. Spatharioti et al. [56] compared the user
behaviour in the traditional search and LLM-based model search and they found that the LLM-based
searching tool users finished tasks in a shorter time as compared to the users using a traditional search
engine. Furthermore, the prompts from LLM users are also shorter and more complicated. Chen et
al. [11] experimented to monitor the performance of ChatGPT-3.5 and ChatGPT-4 in four different tasks
namely math problems, sensitive question answering, code generation, and visual reasoning. And they
the performance of ChatGPTs differs over time. For instance, ChatGPT-4 performed well on math prob-
lem tasks with an accuracy of 97.6% on March 2023. However, the accuracy dropped to 2.4% on June
2023. Due to this property of the ChatGPT, we also specify what version of ChatGPT was utilized in
Chapter3 and it may facilitate other researchers to conduct evaluation results comparison in the future.

2.4. Expertise

As discussed in Chapter 1, our study examines the impact of ChatGPT expertise and topical expertise.
In this section, we would like to introduce some related expertise in this area.

2.4.1. User expertise in ChatGPT

Current research regarding the influence of expertise on user behaviour in ChatGPT is still limited. In
this case, we looked into research about the user behaviour in the web search as what we are focusing
on is the search behaviour and web search is one of the most popular search ways in real life [8].
After looking into the search behaviour in the web search. We found there are different kinds of search
behaviours. Abhishek et al. [32] looked into user behaviour in the conversational search and they used
four different metrics to measure search behaviour namely No. of interactions, Average time per search,
No. of documents per interaction, No. of Search tasks. They classified the behaviour of participants
into four different categories based on the number of queries and number of opened documents in the
search session. Liu et al. [36] compared the search behaviours between conversational search and
traditional search and the number of queries, the number of cases, task time (s), dwell time per case
(s) are used to measure the search behaviour. Schneider et al. [54] looked into the Search Behavior in
the conversational search for the domain exploration and used in this research. However, not all the
behavioural measurements are suitable for searching in the ChatGPT as the ChatGPT does not behave
similarly to the search engine. In this case, we tried to adapt the existing behavioural measurement
into the ChatGPT.

2.4.2. Topical expertise

White et al. [60] looked into how topical expertise may affect the interaction in the web search. They
use log information from the internet and classify the users into expertise/non-expertise based on the
website they visit. For instance, if a user visits medical-relevant website frequently then they will be
considered as having medical expertise. They investigated four different topics and they found that top-
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ical expertise will send more queries and spend more time on the tasks. They think it is the information
being sought is more important for the experts so they put more effort into the search. Mao et al. [38]
conducted research on how the search interaction is affected by topical expertise and they found there
is a relationship between topical expertise and search performance. They found that the topical ex-
pertise may spend less time on searching and have shorter queries. This is because participants with
relevant topical expertise are able to conduct a search with less effort due to the knowledge. However,
this finding contradicts the results reported by [60] and they assume that is because of different exper-
imental setups because the experiment of [60] is based on the existing daily activity log information on
the Internet and there was no specific tasks assigned and the users may put more effort to ensure infor-
mation is well-round. As compared to [38]'s experiment, participants have specific tasks then they may
tend to stop searching while the information is enough for answering the questions. Freund et al. [21]
looked into the difference in web search behaviour between expertise and newbie and they found that
the expertise may have longer queries. Hembrooke et al. [23] examined the impact of domain expertise
on the choice of keywords in the web search. It was shown that domain expertise may send longer
queries and more complicated queries. Vakkari et al. [58] conducted a study on the change of queries
over the knowledge gained in web search and they found the query gets more complex as they gained
more knowledge about this field. OBrien et al. [45] conducted a study on the influence of interest on
user engagement and the research shows that there is a correlation between user engagement and
topical interest. However, the reasons why topical interest could correlated with user engagement are
not mentioned in the paper. Kelly et al. [33] examined the relationship between familiarity and the in-
formation search behaviour and they found that as the theme familiarity increases, the reading time
will decrease. Xu et al. [65] investigated the difference in user performance while using ChatGPT and
Google. The participant tends to spend less time while conducting the search in ChatGPT generating
wrong information but it significantly enhances the performance of users disregarding the educational
level. In this case, it is worth investing in the ChatGPT model due to its great potential.

As topical expertise can affect user behaviour and engagement by offering more control in search,
we would like to look into how the topical expertise affects them in the ChatGPT search session. Fur-
thermore, we also summarise the result of different user behaviour metrics as shown in the Table 2.1
and there is no existing summation regarding topical expertise in the existing literature. With this table,
the researchers may be able to compare their results with existing works in terms of topical expertise.

Query Session
Authors Number | Length | Complexity Length
Duggan et al. [14] ! l
White et al. [60] ) T
Mao et al. [38] | l
Freund et al. [21] 1
Hembrooke et al. [23] 1 1
Vakkari et al. [58] 1
Kelly et al. [33] l

Table 2.1: Research regarding influence of topical expertise in search and corresponding results of user behaviour metrics

2.5. Topical Interest

In our research, we investigate how topical interest may influence user behaviour and engagement in
the ChatGPT search. Research [24] indicates that topical interest is considered an important motiva-
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Type Topical interest modelling Paper
Implicit feature Click history record [48, 2, 41]
Implicit feature Datasets with topical interest information [1]

Self-reported Self-reported questionnaire [45]
Implicit feature Topic ranking [15]
Implicit feature Reading time [44]
Implicit feature Clickthrough rate [29]
Implicit feature | Search queries, Rank of clicked documents [3]
Implicit feature Annotations [27, 9]

Table 2.2: Measurement of topical interest in topical interest related papers

tional variable. Currently, motivation has been used to predict user behaviour in mobile applications [5].
In our research, we assume that users with different levels behave and engage in different levels. Be-
sides, topical interest also plays an important role in web search modelling and has been used in several
research [3, 43, 62].

Currently, Research investigating the relationship between topical interest and user behaviour and
engagement in the search field is limited. O’Brien et al. [45] investigated how the topical interest, topical
complexity, and user behaviour in search tasks could affect user engagement in web search. In this
research, the topic interest is measured by a self-reported questionnaire and the participant is asked
to fill in how interested they are in a series of topics based on a 5-likert scale the result showed that the
topical interest will affect the user engagement in web search. Edward et al. [15] found that different
levels of topical interest may lead to different levels of focused attention in user engagement. In this
research, they investigate the relationship between user engagement and topical interest in Interactive
information retrieval (IIR). By manipulating the topical interest, they found that user engagement will
become higher. Furthermore, they also found that the participants show longer stroll times and longer
query intervals, which indicate there are more interactions between high topical interest participants
and the system. Besides, they also found that the participants showed lower heart rates and stronger
electrodermal activity in the topic that they were interested in.

To investigate how to model the topical interest properly, we also look into different manners for
topical interest modelling. Fox et al. [19] investigated whether the implicit metrics can measure user
interest effectively since the explicit metrics like questionnaires sometimes be time-consuming or have
some influence on the use pattern in the search. They found that there is a positive correlation between
the results of implicit metrics and explicit metrics, which uncovered the possibility of using explicit met-
rics to measure topical interest. Qiu et al. [48] leveraged the user interest to personalize the search
result. And the preference can be learned for the click-history data. In this research, they found that
there is relation between user interest and search results. Based on this finding, they build a model to
predict user interest based on the click history.

Furthermore, we also summarized the popular methods to model the topic interest in Table 2.2.
Even if the advantages of using the implicit feature to measure the topical interest were discussed in
the [19], in our research, we selected a 7-likert scale to measure the topical expertise since some of
the existing implicit features are probably not capable of the accusatives in ChatGPT or are investment
consuming. Besides, the topical interest questionnaire used in the experiment is also concise and it
could probably reduce the influence to the users.
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2.6. Usage Experience

The research regarding the influence of experience in ChatGPT or conversational agents is limited.
However, due to the overlap between web search and conversational search, there is a possibility of
gaining insight into this field by looking into the development of experience in traditional search. There
is some research regarding the web experience in traditional search so far. Most works classified the
novice users and experienced users according to how long they have used the laptop. For instance,
Jenkins et al.[28] distinguish novice users and experienced users according to the experience of the
computer. If the participants have used more than five years, then they will be classified as experienced
users. However, Aula et al. [8] thought the experience is not a valid method to distinguish between the
expert and non-expert as The level of expertise is not always influenced by experience and whether
the users are able to use an efficient search method also played an important role. However, since
the influence of usage experience is still a disrupted topic, the usage frequency is still used as an
exploratory variable in our research.

2.7. Prompt formulation

There is a correlation between the prompt quality and answer quality in ChatGPT. Because of this, there
are many researchers looking into the query formulation in ChatGPT. There is a popular term called
prompt engineering in the LLM field and it is defined as "the means by which LLMs are programmed
via prompts” [59] and it plays an important role in the response quality. Zuccon et al. [68] looked into
the influence of knowledge involved in the prompt on the correctness of the answers and they found
if users provide prompts with wrong information then the correctness of the answer will be degraded
because the ChatGPT may overturn the initial answers due to the knowledge in the prompt, which
reflect the prompt knowledge can impact the response quality and reflect the importance role of prompt
quality in the ChatGPT. White et al. [59] proposed to use a fixed pattern to frame the query and there
are 16 patterns mentioned. It is likely to ensure the answers in good quality. However, it is not handy to
remember so many different patterns and due to the rapid development of ChatGPT, the pattern could
get outdated soon. Salle et al. [52] also found that ambiguous terms will have negative impacts on
conversational search performance, which leads to worsening ranking performance. However, there
are still no common definitions of good formation of prompts in ChatGPT since ChatGPT is also being
enhanced over time. In our research, we will look into how the participants formulate the prompts since
using different kinds of formulation ways could also contribute to a good search experience instead of
sticking to the existing patterns.






Experimental Setup

As the literature introduced in the previous chapter, to understand how user behaviour and user en-
gagement influence search in ChatGPT, we designed an experiment and, in this Chapter, we present
the setup of the experiment. At first, we introduce the whole procedure of the experiment including the
introduction regarding worker selection criteria, instruction, and questionnaires. Next, we introduce all
variables measured in this experiment. In the end, we motivate the selection of the statistical tests and
the decision on the sample size.

3.1. Experiment procedures

To investigate the user behaviour and user engagement in the ChatGPT search sessions, we designed
an experiment and it procedures mainly comprise of five steps (worker selection, instruction, pre-task
questionnaire, informational search session, post-task questionnaire) as shown in Figure 3.1. The
details of each steps are provided as followed:

Pre-task Informational Post-task

Worker Selection Instruction . : . : .
guestionnaire search session questionnaire

Figure 3.1: Data collection procedure

3.1.1. Worker selection
Worker selection are based on the criteria below:

» Speaking English fluently
» Acceptance rate above 90% in the Prolific
» Age above 18 years

Workers are expected to speak English fluently as the experiment will be conducted in English. By
ensuring that the workers are less likely to misunderstand the contents of the experiment, and there
is the probability to increase the credibility of the outcome. Furthermore, only workers who performed
well were hired for the same purpose. Additionally, the participants must be older than 18 as required
by law.

Regarding the worker salary, they were compensated by the UK minimum wage if their results are
taken into account when the experiments are completed.

11
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3.1.2. Instruction

Qualified workers was invited to participate in this experiment. After getting into the experiment, the
first page to be shown is the consent form, which introduces the aim of the research and how the data
will be processed after the experiment. Furthermore, participants can also find the contact emails from
this page if they have any questions or concerns regarding this research.

3.1.3. Pre-task questionnaire
The subsequent step is to complete the pre-task questionnaire if agree with the content of the consent
form, which aims to gather the following data:

Demographic information

To verify the representativeness of data, we collected data regarding the gender, age, and highest
level of education completed and it can be realized by comparing their distributions to the distributions
of populations.

ChatGPT expertise

Due to the limitation of existing research, we adapted the technical expertise questionnaire to capture
the ChatGPT expertise [67]. Furthermore, to be able to obtain balanced data, we intend to control
the number of data points of each ChatGPT expertise category to reach this goal. Specifically, when
we have collected enough data points with specific ChatGPT expertise, the users classified as the
same level of ChatGPT expertise were stopped to conduct the subsequent experiment and receive
compensation.

Topical interest

In most research [30, 13, 45], the topical interest was gauged by asking the level of interest to a specific
topic directly and we would like to follow the same way to measure the topical interest. Specifically, the
topical interest is measured by the question "THow much interest do you have in the [Topic]” [30].

Topical expertise
In this research, we leveraged knowledge test designed by experts to measure the topical exper-
tise [22]. There are 5 available topics in this research, which are listed in the Table 3.1. Each topic
contains about 10 to 20 questions since content range of each topic differs intrinsically and, for each
question in the knowledge test, participants are expected to select answer from "Yes/No/l dont know”
if they are not sure about what the answer is [22].

The topic selection follows this requirement below:

» Minimal overlap between topic and knowledge test

» Universally recognized topics

Regarding the first requirement, we would like to make sure the knowledge test does not impact
the search pattern or the words they use during the interaction. In this case, we want the topic to have
limited overlap between the topic and the knowledge test. For the second topic, if we use some regional
topic like 'Orcas Island’, then it could be challenging to differentiate between high topical expertise and
low topical expertise due to the topic popularity. Hence, topic selection is critical in differentiating users
with different levels of topical expertise. For more information about topic, details can be found from
Table 3.1.

3.1.4. Informational session

After completing the pre-task questionnaire, participants were directed to the task description. First,
the worker will see the instruction once entering the task. Afterwards, they will be directed to the mock
ChatGPT application. In this application, the workers are asked to collect information to satisfy the
information need. If finishing the task earlier, then they can click the finish button at the upper right
corner and the interface of this application is showed as Fig 3.2. During the main task, information
regarding user behaviour will be collected.
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Interface design

As our research goal is how to investigate how users behave in the ChatGPT, we try to make the
interface look like the Ul of the ChatGPT to flatten the learning curve. As shown in Fig 3.2, the user can
input their prompts in the input area at the bottom of the interface. And the input is visible in real-time
in the chatbox. Due to the limitation of the ChatGPT API, the response was be shown word by word in
real-time as shown in the Figure 3.5. To mitigate the influence of the latency of the ChatGPT especially
for the long response to ensure the users are less likely to lose concentration while interacting with the
application. The response was shown as "Generating answer...” so that the users can clearly know that
the application is working instead of being crashed. Due to the importance of feedback for improving
the performance of the system Once the answer is generated, the user can click the feedback button
to share their idea for the response. If the user forgot what task they have, they can easily click the
button on the top left corner. Then the description would be shown. Once the user was done with
the searching, they clicked the button on the top right then they were directed to another page. To
ensure that the user actually interacts with the application. We generated the unique verification code
according to their prolific id and they were asked to input them when they jump back to the survey.

Task Description Chat with ChatGPT I am done!

a User: Hi
ChatGPT: Hello! How can | assist you today? > Ll

User: Tell me something about the about the key battles of the American Revolutionary War and
their impact

ChatGPT: The American Revolutionary War, fought between 1775 and 1783, was a pivotal
conflict that led to the independence of the thirteen American colonies from British rule.
Several key battles played a crucial role in shaping the outcome of the war and had a
significant impact on the course of history. Here are a few notable battles and their
implications: 1. Battle of Lexington and Concord (April 19, 1775): This was the first military
engagement of the war. British soldiers were sent to confiscate colonial weapons and arrest
rebel leaders. The skirmish that ensued marked the beginning of the armed conflict and
ignited the spirit of resistance among the colonists. 2. Battle of Bunker Hill (June 17, 1775),

Send a message... B

(. 4

Figure 3.2: Interface of the mock ChatGPT used in the experiment

Welcome to the Chat with ChatGPT!

Your task is to acquire information about major
discoveries from NASA’s Mars Opportunity Rover.

Please engage with ChatGPT to the best of your ability to gain as
much information as possible. You will have the opportunity to attain a
bonus payoff depending on a knowledge test on this topic at the end
of the task. To maximize your potential to receive this bonus, do your
best to satisfy your information needs in this task!

If you forget the task contents, you can click the ‘Task Description’
button on the top left corner.
When you complete the conversation, you can click the *I am done!”

button at the top right of your screen to take you to another page
where you can learn about the next steps.

Start

Figure 3.3: Instruction of the mock ChatGPT used in the experiment
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Your task is to acquire information about the different treatments for

altitude sickness.

Close

Figure 3.4: Task Description of the mock ChatGPT used in the experiment
Task Description Chat with ChatGPT I am done!

a User: Hi, can you tell me something about major discoveries from NASA's Mars Opportunity Rover?

ChatGPT: Generating answer... o =]

(Send amessage... ) E

ChatGPT may produce inaccurate information about people, places, or facts

Figure 3.5: Generating answers of the mock ChatGPT used in the experiment

Implementation

Fig 3.6 shows the architecture of the experiment. Once workers qualify, they first joined the experiment
via the link on the Prolific, after clicking the link, they was taken straight to the Qualtrics survey. In
the middle of the survey, they were nudged into the application based on React and Express.js and
deployed on the SURF Research. When the user gets into the application, the activity will be recorded
by LogUI [42] and the data will be stored in the MongoSQL database. Due to the regulation of data
management, the database was deployed on the secure cloud platform and the data will be stored in
the TU Delft data storage. When the user input their information in the input part, The input was sent
to the ChatGPT API based on version of GPT-3.5 on 11/9/2023.
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Figure 3.6: Architecture of the software
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Figure 3.7: LogUl interface

LogUl

Welcome to LogUI!

LogUl is a new way of logging user interactions within your web-based experiments. This is the LogU| server app, which
allows you to control what web applications that you want to track.

Before you can do that, you need to login. Click here to do so.

ul

%
TUDelft

3.1.5. Post-task questionnaire

User engagement questionnaire

In this research, we intend to use the User Engagement Scale Short Form (UES-SF) to measure user
engagement, which is widely used in user engagement measurement in HCI field [49]. This question-
naire measures user engagement with 12 questions that are divided into 4 different categories: focused
attention, perceived usefulness, aesthetic appeal, and reward factor, respectively [46]. We used 7 point
Likert scale for these questions and the user engagement level can be calculated by the average score

of these 12 questions.
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3.2. Variables

3.2.1. Independent variable

As discussed in the Chapter 1, we are investigating how ChatGPT Expertise, Topical Expertise, and
Topical Interest influence user behaviour and user engagement in search sessions in ChatGPT. Hence,
in our research, we have three independent variables as shown below:

» ChatGPT Expertise: Knowledge and interest about the functionality, mechanism, strengths, and
limitations of the ChatGPT.

+ Topical Expertise: "Knowledge of the topic of the information need” [60].

 Topical Interest: Interest in a particular topic.

3.2.2. Dependent variables

Before introducing the dependent variables, we would like to point out that the search session in Chat-
GPT is defined as the period of time between clicking the "Start” and "Finish” buttons or of the longest
duration possible.

User behaviour (RQ1)

As discussed in the Chapter 1, for RQ1, we investigate how user behaviour is affected in the To measure
the user behaviour in ChatGPT search session. We propose the following metrics. These metrics are
also widely used in the search field, which may facilitate to comparison of the result with existing work.
And there are the metrics and the definitions below:

» Average of prompt length. The average length of prompts during a search session. (Continu-
ous)

* Number of prompts. Number of prompts during a search session. (Continuous)
* Number of unique prompts. Number of unique prompts during a search session. (Continuous)

» Average prompt duration. The average amount of time that user spends in formulating a prompt
and reading the response during a search session. (Continuous)

* Prompt complexity. Reading level which is represented by the average age of word acquisition
of all query words during a search session [22, 16]. (Continuous)

» Session length. The duration of a search session (Continuous)

User engagement (RQ2)
As mentioned before, we selected to user engagement form (UES-SF) because of its popularity [46].
User engagement is measured from 4 different dimensions and more details are presented below:

+ User engagement level. A feature of the user experience determined by the level of the user’s
involvement with a digital system, which calculated by the average score of all the questions from
UES-SF, which is measured by following 4 different dimensions and each dimension is measured
by 3 questions [46, 45]. (Continuous)

Aesthetic Appeal (AE). Level of interface appeal and visual appeal

Perceived Usability (PU). Level of negative impact caused by interaction efforts.
Focused Attention (FA). Level of feeling absorbed during the interaction.
Reward (RW). Level of feeling rewarding during the interaction.

3.2.3. Descriptive and exploratory variables

Descriptive variables

To verify the representativeness of data, we introduce three descriptive variables into our experiment
namely gender, age, and highest level of education completed. After collecting data, we will compare
the distributions between the sample and the population. For gender [63] and age [10], we found their
distribution in the world. For the educational level, due to the missing data on the education level of
distribution in the world, we OECD country data to conduct a comparison.
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Nr. | Topic Task

1 Altitude Sickness In this task, you are required to acquire information about
the different treatments for altitude sickness. (20 items)

2 American Revolutionary War In this task, you are required to acquire information about
key battles of the American Revolutionary War and their
impact. (10 items)

3 Carpenter Bees In this task, you are required to acquire information about
types of habitats carpenter bees prefer. (10 items)

4 Evolution In this task, you are required to acquire information about
main criticisms of the theory of evolution. (12 items)

5 NASA Interplanetary Missions | In this task, you are required to acquire information about
major discoveries from NASA's Mars Opportunity Rover.
(20 items)

Table 3.1: Topics for topic expertise measurement and corresponding tasks [22]

Exploratory variables

Excepts for the independent variables presented before, we are also interested in investigating how
some other variables influence user behaviour and engagement. And there are affinity for technology
interaction (AT]I), frequency of use of ChatGPT, and Previous experience with chatbots or digital assis-
tants. In the following part, we are going to introduce the each of them and corresponding motivation.

+ Affinity for technology interaction (ATI). "The tendency to actively engage in intensive tech-
nology interaction.”[20]

Affinity for technology interaction (ATI) is defined as "the tendency to actively engage in intensive
technology interaction” [20] and, in other words, it is used to measure whether a person is willing
to intensively interact with technology. Additionally, ATI can be easily measured by questionnaire
and this questionnaire can be found in Appendix ??. Since it is possible that the participants with
high ATl and limited expertise may behave and engage differently due to the willingness to interact
with technology even if expertise is limited, it is interesting to investigate how ATI influence the
behaviour and engagement in ChatGPT.

* Frequency of use of ChatGPT. The frequency that the user interacted with ChatGPT in the
past.
According to the definition of ChatGPT expertise mentioned in the Section ??, the frequency of
use of ChatGPT is not taking into account as we assume that frequent usage does not make user
be an expert [8]. However, it is also interesting to investigate the influence of the frequency of
use of ChatGPT as some research consider the frequency of use also plays an important role
in information seeking [25]. As the its definition is straightforward, it is measured by a question
with 7-point Likert Scale. If result is larger than 3.5 then the frequency of use of ChatGPT is
considered a high one.

* Previous experience with chatbots or digital assistants. The frequency that the user inter-
acted with chatbots or digital assistants.
Since we assume that the previous experience of interacting with chatbots could also influence
how users behave and engage in ChatGPT due to the similarity between the chatbots and Chat-
GPT. So we also would like to look into how this experience may affect the behaviour and en-
gagement in the interaction with ChatGPT, which is also captured by one question with a 7-point
Likert Scale.
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3.3. Sample size and analysis plan

We planned to use ANOVAs for hypothesis testing if some specific requirements are satisfied. However,
because the data distribution does not satisfy the parametric assumption [18], the Kruskal-Wallis tests
was used alternatively, which is also called one-way ANOVA on ranks [18]. The analysis was conducted
in Python, and we used Holm—Bonferroni method to control the familywise error rates (FWER) so that,
in this instance, the p-value will be % = 0.0083 [18]. Furthermore, we assume that effect size, alpha
error probability, and power are equal to 0.25 (moderate effect). Due to the fix budget, the power is set
to1— B = 0.6 ([18]. If the hypothesis result is significant then we will conduct the post hoc test at the
end of hypothesis testing. As we have 2 different groups in our research, according to the values of
these parameters, the sample size is 156 participants based on the result of G*Power [17].



Data collection and processing

In this chapter, we outline the specific criteria for qualified submissions and also provide an expla-
nation of the methodology employed in collecting and processing data to ensure a comprehensive
understanding of our approach.

4.1. Quality control

To ensure the accuracy of our result, we involve quality control measures in the experiment and these
measures are crucial components in our data collection process. If any participant submission did not
meet one of criteria, it was not considered for analysis. And these criteria are presented below:

» Passing attention check tests

» Recaptcha score is larger than 0.5 in Qualtrics [51]

* ChatGPT experiment verification code is valid

* Using related prompts while interacting with ChatGPT

4.2. Data exclusion

Duration of the data collection, several workers were rejected or got compensation due to failed quality
control or did not show Excluding the data points did not pass the quality control, we also realize there
are some limitations in our instruction: Even if our survey and experiment are both in English, we did not
explicitly mention that the users are supposed to interact with English. The reason why it is important to
interact with ChatGPT in English is that different languages may have different habits while formulating
the prompts and in this case, the result of user behaviour may be distorted. Furthermore, the research
also shows that the ChatGPT may return different answers for the same topic given inputs in different
languages, which may affect user behaviour in the conversation. In this case, experts for submissions
violating quality control requirements, the submissions that are not fully in English are also disregarded
in the analysis. Here are the data excluded while processing the data:

» 1 workers did not passed robot (Recaptcha) test.

» 20 workers did not use related prompts.

» 4 workers interacted with ChatGPT in non-English languages such as French, Spanish, or Polish.
» 3 workers were excluded due to technical issues.

After excluding invalid submissions, 191 data points are taken into account in the analysis.

19
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Independent Variable | Low | High | Total

ChatGPT Expertise | 106 | 85 191

Topical Expertise 92 95 187

Topical Interest 54 54 108

Table 4.1: Data distribution for each independent variables

4.3. Data progressing

4.3.1. Data management

To protect the privacy of the participant, the prolific ID is hashed to ensure our workers are not traceable
based on the data and the Qualtrics survey data and log information from LogUl were stored in the
TUDelft safe drive.

4.3.2. Variables calculation

To investigate the influence of the ChatGPT expertise, topical expertise, and topical interest, we first
need to tag qualified participants with Low/High for each of the independent variables. Afterwards, we
calculate the value of each metric for each participant.

Independent variables calculation
To investigate the answers to research questions, the independent variables are calculated in the man-
ner below:

To enhance the generalizability of results, we aim to collect balanced ChatGPT expertise during the
data collection. Ideally, we collect balanced data points for all 3 independent variables. However, due
to the fixed funding, this goal is less realistic since it is required to pay for the unqualified workers based
on the estimated experiment time. To reduce the effect of noise in the analysis, the 37.5th percentile
and 67.5th percentile are used to classify participants. Specifically, if the user with ChatGPT expertise is
above the 67.5th percentilel1then the user will be tagged as 'High’ for ChatGPT. If the topical expertise
is above the 67.5th percentile, then the user will be tagged as 'High’ for topical expertise. To obtain the
balanced data for ChatGPT expertise with less waste of data points. We first keep collecting data until
it is close to normal distribution. But if the distribution is skewed then we would think about another
way to acquire balanced ChatGPT expertise. Fortunately, the distribution seems like a normal one
after collecting around 100 data points and the statistical test result also shows that the distribution is
likely to be a normal distribution. Based on the received data, the threshold for low ChatGPT expertise
is set as 4.2 and the threshold for high ChatGPT expertise is set as 5.2. Afterwards, the rest of the
data collection is based on these two thresholds and it was stopped when the budget was run out.
There were 212 submissions at the end of data collection. For topical expertise and interest, 37.5th
and 67.5th percentile thresholds were also selected to reduce the noise in the data. The distribution
of topical expertise and topical interest for each topic can be found from the bar charts above and The
number of data points for each level of expertise and interest are presented.

Dependent variables calculation

Since the raw data consist of prompt from users, and timestamps of the start and the end of the inter-
action, etc, the required dependent variables for user behaviour have to be calculated and Here is how
these dependent variables are calculated shown below:

» Average of prompt length. The average number of words used in the prompts for each user.
* Number of prompts. The number of prompts of the user in the session.

* Number of distinct prompts. The number of distinct prompts of the user in the session and
distinct prompts are identified by using cosine similarity.
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ChatGPT_Expertise Counts in Different Levels Topical_Expertise Counts in Different Levels Topical_Interest Counts in Different Levels

Count

High Low High Low High Low
ChatGPT_Expertise Topical_Expertise Topical_Interest

(a) ChatGPT expertise distribution (b) Topical expertise distribution (c) Topical interest distribution

Figure 4.1: Independent variables distributions

» Average prompt duration. The average amount of time that the user spends for prompt formu-
lation and response reading.

* Prompt complexity. It is represented by the maximal age of word acquisition of all query words
of a user during the search session [22, 16].

» Session length. The duration of the search session of a user.

Topic Distribution

Frequency

Topic Name

Figure 4.2: Topic distribution in the experiment

4.4. Statistical test selection

To be able to use parametric test like ANOVA, there are four assumptions [18] are supposed to be
satisfied and they are:

* Variable are normally distributed.
* Variances of the different groups are supposed to be approximately equal.

» Data can be measured at the interval level.
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Figure 4.3: Knowledge test score distribution per topic

+ Data are independent.

These four assumptions are supposed to be satisfied for paramedic testing [18] and one of the
important assumptions is that the data assumption is supposed to be a normal distribution. To verify the
distribution of dependent variables. The Levene test and Q-Q plot were conducted and drawn. Since
the original data are not in normal distribution, data transformation was also conducted. However, the
distributions are still skewed. Because of this reason, the Kruskal-Wallis tests were selected instead

of ANOVA.
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Figure 4.4: Topical interest distribution per topic






Results and analysis

In this chapter, we present our findings based on the processed data. First, we demonstrate the de-
scriptive statistics to show the representativeness of our data. Next, statistical test results for both
independent and exploratory variables and corresponding analysis are presented.

5.1. Descriptive Statistics

5.1.1. Gender

Figure 5.1 illustrates the gender distribution of the participants. By leveraging the balanced distribu-
tion function in the Prolific while collecting data, the gender ratio is closed to 1:1. which is similar to
the poPerceived Usability dimensionlation male/female ratio 1.01:1 [63], which means the sample is
demographically representative in terms of gender.

Gender Distribution
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60
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20 ~

Gender

Figure 5.1: Gender distribution in collected data set
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Age range | Sample | Population in the world
0-14 0 25.5%
15-24 40.3% 15.5%
25-39 50.2% 22.2%
40-64 9.5% 27.2%
65-74 0 6.0%
75+ 0 3.6%

Table 5.1: Age distribution comparison between sample and population in the world

5.1.2. Age

The participant’s age distribution is shown in the Figure 5.2. Due to the regulations, we did not collect
data from people under 18. As shown the table above, the Sample column represent the percentage of
participants within a specific age range and Population in the world column is the percentage of people
within a specific range in the world [10]. As what you can see from this table, the most of participants
is under 39 and the data from participants above 65 are missing, which means that our sample may
represent more about the behaviour of the younger group.

Age Distribution
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Figure 5.2: Age distribution

5.1.3. Educational level

As shown in Figure 5.3, most participants obtained upper secondary education or tertiary diploma.
As shown in table below, the rightmost column represents the distribution of education level in OECD
countries and 63.51% participants have a tertiary degree as compared to 40.44% tertiary degree in
the OECD countries, which means that our sample may represent more about the users with higher
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Highest educational level | Sample | PoPerceived Usability dimensionlation in OECD countries

Below upper secondary | 3.32% 19.75%
Upper secondary 33.18% 40.23%
Tertiary 63.51% 40.44%

Table 5.2: Education level comparison between sample and poPerceived Usability dimensionlation in OECD countries

diploma.
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Figure 5.3: Educational level distribution

5.2. Hypothesis Testing

To verify proposed hypotheses (See Chatpter 1) for research questions, the statistical test was conduct
for each hypotheis. As discussed in the Chapter 4, the distributions of dependent variables are not in
normal distributions so that not all the assumptions for ANOVA are satisfied. Because of this reason,
the Kruskal-Wallis test (also called one-way ANOVA on ranks [18]) was utilized for all the hypotheses
and the significance threshold was set as 0.05/ 6 = 0.0083 due to the Bonferroni correction.

5.2.1. RQ1 - User behaviour
To verify whether there is significant difference of the user behaviour between users in different levels
of ChatGPT expertise in ChatGPT search sessions (H1a), the Kruskal-Wallis test was conducted. And
we can see from Figure 5.4, the medians of different user behaviours metrics between users with
different levels of ChatGPT expertise and similar. Furthermore, since the p-values from all different
user behaviour metrics are larger than 0.0083, the results of user behaviour metrics are not significant
as shown in Table 5.3, so there is no significant relationship between ChatGPT expertise and user
behaviour metrics. Based on these findings, the H1a is rejected.

Regarding the hypothesis about the difference of the user behaviour between users in different lev-
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els of topical expertise (H1b), the results of user behaviours metrics are also not significant. However,
as shown in the Figure 5.5, the medians of the number of prompts, number of distinct prompts differ
between different levels of topical expertise, which means the users with higher topical expertise tend
to use more prompts and distinct prompts as compared to users with relatively low topical expertise.
To investigate what could be the reasons why participant with different topical expertise level behaved
differently, we looked into the prompts used in the experiment and we found the users with higher top-
ical expertise it is more likely to go deeper in the search session. As compared to the participants with
lower topical expertise, the participants with lower topical expertise is more possible to directly use task
description in the interaction and ask limited following questions and stopped. That could be the reason
why the the participants with relatively high topical expertise use more prompts in average. Further-
more, the user with higher topical expertise tend to use less time for each prompt, which is probably
because they are more familiar with the result. Based on these findings, we may assume that the user
with higher topical expertise behave differently probably because they have more motivation to explore
more and are more familiar with topic. However, since the statistical test results are not significant, the
H1b is rejected. In terms of the hypothesis about the difference of the user behaviour between users in
different levels of topical interest (H1c), we noticed that the according to the hypothesis results shown
in Table 5.3, there is no correlation between topical interest and user behaviour. So the H1c is not
supported.

5.2.2. RQ2 - User engagement

The statistical test results of user engagement are presented in Table 5.3. Since the User Engagement
Scale (UES) measures user engagement from 4 different aspects [46], we also investigated whether
the ChatGPT expertise, topical expertise, or topical interest influence one of the dimensions of user
engagement.

For the hypothesis about the difference in user engagement between users in different levels of
ChatGPT expertise (H2a), there is no statistically significant relationship between ChatGPT expertise
and user engagement according to the result of the Kruskal-Wallis test. However, we found that the
effect of ChatGPT expertise on the Reward aspect of user engagement was statistically significant (H
Statistic = 2.541, p = 0.001). As shown the Figure 5.7, the median user engagement score Reward of
users with higher ChatGPT expertise is significantly higher, which means the users with relatively high
ChatGPT expertise may feel more rewarding while conducting search in ChatGPT and we assume that
it is because the users with high ChatGPT expertise is able to formulate their prompts and are able to
seek required information effectively. Based on the results of the p-values of H2a, the Hypothesis H2a
is partially supported.

Regarding the relationship between topical expertise and user engagement (H2b) and the relation-
ship between topical interest and user engagement (H2c), the significant test results did not show the
effect of topical expertise or topical interest on user engagement or one is significant and the results
of the corresponding statistical tests can be found in Table 5.3. Hence, the H2b and H2c are rejected
since all the p-values of metrics are above 0.0083. But, in the meanwhile, we also noticed that, for
the (H2b), the users with higher topical expertise have higher user engagement scores, particularly
in the Aesthetic Appeal dimension as shown in the boxplots from Figure. 5.8, which means that the
users with more topic knowledge may be more likely to be attracted by the design of the interface. We
assume that this attraction may originate from their smooth searching experience so that the interface
design appears more appealing because of this positive interaction. For the (H2¢), the medians of the
Reward aspect are different between different levels of topical interests, which also means the users
with relatively high topical interest may feel more rewarded while conducting the search in ChatGPT
and one possible explanation is that the users are interesting on a specific topic could dive deeper into
the experiment, leading to a stronger sense of reward.

In general, based on the outcomes of statistical tests, H1a, H1b, H1c, H2b, and H2c are rejected and
H2a is partially supported since there is a significant relationship between topical interest and topical
and reward aspect of user engagement.
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No. Hypothesis Metric p-value Result
Continued on Next Page
Average of prompt length 0.087  Not significant
People with relatively Number of prompts 0.700  Not significant
higher ChatGPT expertise o o
behave differently Number of distinct prompts 0.546  Not significant
H1a compared to people with ) o
relatively lower ChatGPT Prompt complexity 0.054  Not significant
expertise ] o
Session length 0.933  Not significant
Average prompt duration 0.629  Not significant
Average of prompt length 0.070  Not significant
People with relatively Number of prompts 0.011 Significant
higher topical expertise o o
behave differently Number of distinct prompts 0.020 Significant
H1b compared to people with ) o
relatively lower topical Prompt complexity 0.903  Not significant
expertise ) N
Session length 0.235  Not significant
Average prompt duration 0.019 Significant
Average of prompt length 0.068  Not significant
People with relatively Number of prompts 0.274  Not significant
higher topical interest o L
behave differently Number of distinct prompts 0.286  Not significant
Hic compared to people with _ o
relatively lower topical Prompt complexity 0.721  Not significant
interest ) o
Session length 0.858  Not significant
Average prompt duration 0.161  Not significant
User engagement score 0.09 Not significant
People with relatively Focused Attention dimension score 0.942  Not significant
higher ChatGPT expertise ] o ] o
exhibit different levels of Perceived Usability dimension score  0.794  Not significant
H2a engagement compared to . ) i o
people with relatively lower Aesthetic Appeal dimension score 0.442  Not significant
ChatGPT expertise . . L
Reward dimension score 0.001 Significant
User engagement score 0.149  Not significant
People with relatively Focused Attention dimension score 0.279  Not significant
higher topical expertise
H2b exhibit different levels of

engagement compared to

people with relatively lower

topical expertise
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No. Hypothesis Metric p-value Result
Perceived Usability dimension score  0.209  Not significant
Aesthetic Appeal dimension score 0.123  Not significant
Reward dimension score 0.303  Not significant
User engagement score 0.215  Not significant
People with relatively Focused Attention dimension score 0.120  Not significant
higher topical interest ) o . L
exhibit different levels of Perceived Usability dimension score 0.324  Not significant
H2c engagement compared to ) ) ) o
people with relatively lower Aesthetic Appeal dimension score 0.648  Not significant
topical interest , , C
Reward dimension score 0.075  Not significant

Table 5.3: Statistical results of hypotheses

5.3. Exploratory Findings

As mentioned in Chapter 3, in our research, we also investigated how affinity for technology interaction
(ATI), frequency of use of ChatGPT, and previous experience with chatbots or digital assistants affect
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Figure 5.5: Boxplots of user behaviour metrics by topical expertise
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Figure 5.6: Boxplots of user behaviour metrics by topical interest
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ChatGPT expertise Topical expertise Topical interest
Low High Low High Low High
Average of prompt length 9.24+4.56 10.83+6.36 10.80+6.40 9.09+4.33 11.48+7.00 9.59+4.69
Number of prompts 3.81£3.17 3.41£2.85 2.96+2.29 3.97+£3.20 3.20+2.88 3.9043.26
Number of distinct prompts 3.51+2.88 3.26+2.80 2.79+2.23 3.72+2.91 3.06+2.84 3.63+2.96
Prompt complexity 10.10+1.49 10.44+1.18 10.31+1.28 10.24+1.48 10.34+1.24 10.21+1.30
Session length 234.16+196.92 | 220.77+194.82 | 200.90+160.80 | 233.29+201.44 | 214.13+177.69 | 234.86+194.61
Average time of prompt formation | 75.47+53.86 79.28+63.83 85.70+63.96 71.45£65.28 94.23+91.93 71.58+53.18

Table 5.4: Mean and standard deviation of user behaviour metrics for participants in different ChatGPT expertise, topical exper-

tise, and topical expertise levels
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ChatGPT expertise Topical expertise Topical interest
Low High Low High Low High
User Engagement Score 3.60+0.50 3.71+0.49 3.58+0.49 3.70+0.51 3.58+0.51 3.74+0.51
User_Engagement_FA_Subscore 2.84+0.72 2.87+0.81 2.76x0.71 2.93+0.85 2.81+0.82 3.060.78
User_Engagement_Perceived Usability dimension_Subscore | 2.39+0.32 2.4410.40 2.44+0.41 2.37+0.29 2.38+0.30 2.44+0.26
User_Engagement_Aesthetic Appeal dimension_Subscore 3.33+0.69 3.40%0.79 3.2810.72 3.42+0.78 3.27+0.74 3.40+0.77
User_Engagement_Reward dimension_Subscore 3.85+0.65 4.13+£0.59 3.90+0.66 4.01+0.60 3.87+0.74 4.12+0.62
Average time of prompt formation 75.47453.86 | 79.28+63.83 | 85.70+63.96 | 71.45+65.28 | 94.23+91.93 | 71.58+53.18

Table 5.5: Mean and standard deviation of user user engagement metrics for participants in different ChatGPT expertise, topical

expertise, and topical expertise levels
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Figure 5.8: Boxplots of user engagement metrics by topical expertise
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Figure 5.9: Boxplots of user engagement by topical interest
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Figure 5.10: Boxplots of user engagement by ATI

the user behaviour and engagement in search sessions in ChatGPT and here are what we found during
the experiment below:

5.3.1. Affinity for technology interaction (ATlI)

For ATI, we found that there is no statistically significant relationship between ATI and user behaviour
since the statistical tests related to the user behaviours failed to reject the null hypotheses. However,
we also found that the Kruskal-Wallis test revealed a significant effect of ATl on user engagement (H
Statistic = 13.865, p = 0.000). As shown in Figure 5.10, there is a significant median difference in
user engagement between the users with high ATI scores and low ATl scores. Furthermore, as shown
in the Table 5.8, the effects of ATl on user engagement (Aesthetic Appeal dimension) (H Statistic =
9.562, p = 0.002) and Reward (Reward dimension) (H Statistic = 20.344, p = 0.000) aspects are also
significant. According to the boxplots shown, the users with higher ATI tend to have higher Aesthetic
Appeal dimension and Reward dimension on average.

However, due to the limited work regarding the relationship between the ATl and user behaviour
and user engagement, we are not able to compare our findings with existing work. In this case, we look
into the definition of ATI, and we can assume the reason why there are correlations between ATl and
user engagement is that users with higher affinity which is probably because users with higher ATI are
more willing to approach the interaction with ChatGPT so that they could be more engaged than other
users. This assumption is consistent with the definition of the ATI but further exploration is desired to
establish a more concrete understanding.

5.3.2. Frequency of use of ChatGPT
As shown in the Jenkins et al. [28]research, frequency sometimes also plays an important role in user
behaviour and user engagement.

Regarding the frequency of use of ChatGPT, we did not find significant differences between the
frequency of use of ChatGPT and user behaviour or user engagement and the statistical results can
be found in Table 5.8. However, we noticed that the users with higher usage frequency tend to have a
higher score in terms of the Focused Attention dimension of user engagement as shown in Figure 5.11,
which means that the participants with a relatively higher frequency of ChatGPT usage feel time pass
shower during the search in session in ChatGPT as compared to the participants with relatively lower
ChatGPT usage frequency and it is probably because that the users with higher use frequency of use
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Figure 5.11: Boxplots of user engagement by frequency

of ChatGPT are more familiar with ChatGPT so that they are less likely to become frustrated during the
interaction, which leads to more engaged interaction.

5.3.3. Previous experience with chatbots or digital assistants

Because ChatGPT is a new application, it is not relatively meaningful to measure the experience of
users with ChatGPT, in this case, due to the similarity between ChatGPT and chatbots. we assume
that the experience with chatbots may also facilitate ChatGPT usage.

Regarding the previous experience with chatbots or digital assistants, we did not find a significant
difference in user behaviour between users with different levels of previous experience. But we observe
that, for the session length aspect, the users with more experience with chatbots or digital assistants
tend to have longer session length on average as shown in Figure 5.12, which is contrary to the finding
in the [28] and they found the users with more experience is more likely to spend less time in the
search. This difference may be caused by the different experimental settings. Since we encourage
users to collect as much information as possible, the users with higher familiarity with ChatGPT may
be less likely to give up and stop searching in the middle.

In terms of user engagement, the statistical test uncovered that there is a significant effect of Pre-
vious experience on user engagement of Reward. As displayed in Figure 5.12, the users with more
experience tend to feel rewarded, which is similar to the finding regarding the influence of frequency.

Explanatory var. Metric p-value Effect size Result
Continued on Next Page
Average of prompt length 0.302 Not significant
Number of prompts 0.404 Not significant
Number of distinct prompts 0.354 Not significant

ATI
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Explanatory var. Metric p-value Effect size Result
Prompt complexity 0.721 Not significant
Session length 0.563 Not significant
Average prompt duration 0.759 Not significant
Average of prompt length 0.191 Not significant
Number of prompts 0.352 Not significant
Frequency of use Number of distinct prompts 0.397 Not significant
of ChatGPT ) o
Prompt complexity 0.445 Not significant
Session length 0.381 Not significant
Average prompt duration 0.841 Not significant
Average of prompt length 0.320 Not significant
Number of prompts 0.177 Not significant
Previous o o
experience with Number of distinct prompts 0.219 Not significant
chatbots or digital ) o
assistants Prompt complexity 0.212 Not significant
Session length 0.026 Not significant
Average prompt duration 0.352 Not significant
User engagement score 0.000 0.091 Significant
Focused Attention dimension score 0.307 Not significant
Perceived Usability dimension score 0.450 Not significant
ATI
Aesthetic Appeal dimension score  0.002 0.063 Significant
Reward dimension score 0.000 0.133 Significant
User engagement score 0.627 Not significant
Focused Attention dimension score 0.046 Not significant
Frequency of use Perceived Usability dimension score 0.076 Not significant
of ChatGPT ) . ) o
Aesthetic Appeal dimension score 0.617 Not significant
Reward dimension score 0.120 Not significant
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Explanatory var. Metric p-value Effect size Result
User engagement score 0.070 Not significant
Previous Focused Attention dimension score 0.235 Not significant
experience with ) o . o
chatbots or digital Perceived Usability dimension score 0.655 Not significant
assistants ) ) ) o
Aesthetic Appeal dimension score 0.800 Not significant
Reward dimension score 0.000 0.066 Significant

Table 5.8: Statistical results of exploratory variables
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ATI Frequency Digital Assistant Experience
Low High Low High Low High
Average of prompt length 9.67+5.80 10.54+6.22 9.63+5.60 10.76+6.11 10.21+5.69 9.98+5.79
Number of prompts 3.99+£3.50 3.18+£2.38 3.70+2.81 3.45+£3.04 4.13+3.46 3.22+2.52
Number of distinct prompts 3.79+3.38 3.01+2.36 3.51+2.69 3.301£2.92 3.9043.31 3.061+2.34
Prompt complexity 10.25+1.36 10.25+1.39 10.22+1.63 10.35+1.14 10.41+1.51 10.26+1.23
Session length 240.84+207.54 | 212.26+186.91 | 239.96+191.48 | 215.88+194.73 | 259.48+211.07 | 198.69+173.69

Table 5.6: Mean and standard deviation of user user engagement metrics for participants in different ChatGPT expertise, topical
expertise, and topical expertise levels

ATI Frequency Digital Assistant Experience
Low High Low High Low High
User Engagement Score 3.50+0.46 | 3.78+0.49 | 3.67+0.52 | 3.68+0.47 | 3.57+0.55 3.70+0.44
User_Engagement_FA_Subscore 2.79+0.71 | 2.9410.77 | 3.02+0.76 | 2.82+0.79 | 2.79+0.81 2.94+0.74
User_Engagement_Perceived Usability dimension_Subscore | 2.44+0.39 | 2.41+0.38 | 2.48+0.29 | 2.39+0.38 | 2.42+0.36 2.40+0.31
User_Engagement_Aesthetic Appeal dimension_Subscore | 3.16+£0.74 | 3.53+0.74 | 3.38+0.66 | 3.42+0.75 | 3.32+0.78 3.34+0.72
User_Engagement_Reward dimension_Subscore 3.774+0.60 | 4.16+0.59 | 3.92+0.69 | 4.07+0.58 | 3.82+0.72 4.12+0.53

Table 5.7: Mean and standard deviation of user user engagement metrics for participants in different ATI, frequency, and digital
assistant experience levels



Discussion

In this study, to investigate how ChatGPT expertise, topical expertise, topical interest influence user
behaviour and user engagement in search sessions in ChatGPT, we devised and carried find out the
answers. In this Chapter, we discuss the implication and limitation based on the experiment result.
Furthermore, we also go into the potential influence of exploratory variables to user behaviours and
engagement in ChatGPT search.

6.1. Results Implications

6.1.1. RQ1 - User behaviour

Regarding the influence of ChatGPT expertise, topical expertise, and topical interest on user behaviour,
, for the influence of ChatGPT expertise on user behaviour (H1a), the result shows that people with
relatively higher ChatGPT expertise do not behave differently compared to people with relatively lower
ChatGPT expertise. Regarding the result of boxplots, the difference between medians is not significant.
Since the research relating to the ChatGPT expertise is limited, we looked in the works about the
influence of search expertise on user behaviour and Meley [39] found that users with higher search
expertise are more likely to use longer queries and more queries. However, the phenomenon is not
obvious in our results. One potential reason is that the interaction pattern in ChatGPT differs from
one in the Web search. Users may more rely on the conversations. Furthermore, the responses of
ChatGPT typically are long summaries. Due to the wealth of information in the responses, the users
need to ask fewer times. This result indicates that, as the technology gets measured, the dependency
on application expertise may moderate.

For the hypothesis about the relationship between topical expertise and user (H1b), in terms of the
number of distinct prompts, number of prompts, and session length per prompt, people with relatively
higher topical expertise behave differently compared to people with relatively lower topical expertise.
Our finding is similar to the result of White et al. [60] and they found that the users with relatively high
topical expertise may use more queries in a web search session because the... However, there are
different experimental settings in our research. In our experimental setting, we give concrete tasks to
participants but [60] analysed the log information of qualified users without specific tasks. Besides, our
finding is contrary to the result of Mao et al. [38] and they found that users with higher topical expertise
tend to use fewer queries and shorter session length in the web search session because experts are
able to finalize the task more efficiently. One of the reasons why the result is different is probably
because of the task setting. We both have concrete tasks in the experiment but, in ours, we encourage
users to seek as much as information for the task, which could be why the users tend to have more
prompts according to the findings. Our findings contribute to uncovering the properties that may impact
the manifest of topical expertise in the search task, which emphasizes the importance of task contexts
in searching especially in environments like ChatGPT.

As mentioned in Chapter 5, we did not find the user behaviour difference between users with different
topical interest levels (H1c). However, the boxplots show that users with higher topical interest may
use more prompts in the ChatGPT search sessions. But, according to the research [15], they did not
find this situation happened and the number of queries in different levels are similar. One possible
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reason is the nature of ChatGPT as an interactive tool, which may encourage users to conduct more
conversations and satisfy their information needs and it is less likely to happen in the traditional search.
This finding may be valuable to designing a more responsive search tool to cater for users with different
topical interest levels.

6.1.2. RQ2 - User engagement

For research question 2, regarding how ChatGPT expertise influences user engagement (H2a), we
found people with higher ChatGPT expertise show higher Focus Attention and Reward scores in the
boxplots but the differences are not significant in the statistical tests. Smith et al. [55] found that the
users with training for search show higher engagement, which shows the same trend as our result.
However, because of the lack of statistical significance, the relationship could be less strong. If further
research can confirm this relationship in ChatGPT, it is reasonable to customize the applications for
users with different ChatGPT expertise levels.

For the relationship between topical expertise and engagement(H2b), we found that users with
higher topical expertise show higher engagement scores particularly in Aesthetic Appeal on average
according to the result of the box plot but not significant. However, due to the limited existing research
about the relationship between topical expertise and user engagement, we are currently not able to
compare this result with other works further. Regarding the relationship between topical interest and
user engagement (H2c), as mentioned in Chapter 5, we did not find that people with different levels
of topical interest exhibit different levels of engagement while searching in ChatGPT but the medians
of Reward aspect for different topical expertise levels of users differ in boxplots. O’Brien et al. [45]
found that there is a correlation between topical interest and Reward of user engagement.Edward et
al. [15] found users with higher topical interest levels tend to have high Focus Attention levels in web
searches. According to our result shown in the Chapter 5, we found a similar phenomenon from the
boxplot but the statistical result is not significant, which is because some of the properties of ChatGPT
may weaken the user engagement. For instance, the users have to wait for responses in ChatGPT,
which may cause the user to lose focus during the interaction. As compared to the web search, the
latency is not significant in web search most of the time. This result shows similar trends between web
search and ChatGPT but it may also highlight the latency feature of ChatGPT as a search tool and it
could moderate the influence of topical interest on user engagement.

6.1.3. Exploratory variables

In terms of exploratory variables in the research, for Affinity for Technology Interaction (ATI), we found
that ChatGPT users present different levels of user engagement. There is also a significant differ-
ence between Aesthetic Appeal and Reward aspects. Based on the statistical test and box plots, this
outcome reveals that the people with relatively higher ATI may be more engaged than people with
relatively lower ATl and they will also feel more rewarded and time pass is slow as compared to one
with relatively low ChatGPT expertise. Besides, we have not found existing research investigating the
relationship between ATI and user engagement so far. But Liu et al. [37] found there is a correlation
between the concentration and intention to use the technology in e-learning, which means that users
tend to be more concentrated if they are more willing to use the technology. In light of this finding, the
importance of considering ATl while designing a ChatGPT-like system can be emphasized due to the
importance of ATl to user engagement.

Regarding the frequency of use of ChatGPT, as mentioned in Chapter 5, the participants with higher
usage frequency showed higher scores in terms of the Focused Attention dimension of user engage-
ment in the boxplot on average, the participants with a relatively higher frequency of ChatGPT usage
feel time pass shower during the search in session in ChatGPT as compared to the participants with
relatively lower ChatGPT usage frequency. As compared to the result from Jenkins et al. [28], they also
found that the users could be easier to get lost in the search while focusing on the search tasks. And
our findings indicate that the regularity of use of ChatGPT could be a critical factor in deep engagement.

For the digital experience, we found that the people with lower frequency tend to spend more time,
which is probably because they need more time to get familiar with the usage of ChatGPT and, fur-
thermore, they also feel more rewarding than people with high ChatGPT. Holscher et al. [25] found
users with higher frequency in search tend to have longer sessions because of familiarity. Even if
the difference is not significant the users with less frequency can quickly catch up. The main reason
why the result is significant is probably that the influence of familiarity is significant in relatively short
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search sessions, which means user-friendliness may flatten the learning curve of ChatGPT. Further-
more, the result is also meaningful to the UX designers and they can leverage this insight to offer a
more user-friendly interface to ensure all the users have a smooth experience.

6.2. Limitations

Even if the research and experiment design were discussed and analysed before starting the experi-
ment, there are still some limitations not being realized:

6.2.1. Threshold selection

Threshold selection could be one of the limitations. We concluded that the ChatGPT expertise does
not affect the user behaviour in search sessions in ChatGPT. However, this conclusion is based on the
division by 37.5th and 62.5th percentiles and it is no guarantee that there is no significant difference after
moving the thresholds further from the centre like the 25th and 75th due to less noise. However, we were
not able to conduct this test because more data points could be excluded and the requirement of power
analysis could not be satisfied. Furthermore, it is possible that the samples only represent a part of the
population. Then it the conclusion can only represent this interval if the low/high is classified in this way
instead of using an absolute threshold. Furthermore, there is also some limitation in the classification
of topical expertise and topical interest. As shown in Chapter 4, there are different distributions for
different topics. Because we expect ideally only 37.5th and 62.5th on the scale will be used. However,
if the distribution is skewed, then more noise could involved, which could reduce the accuracy of the
result.

6.2.2. Tool and measurement limitations
ChatGPT expertise could be also one of the limitations. Since there is no existing questionnaire, we
adapted the technical expertise questionnaire from [67]. However, the efficacy of the adapted question-
naire was not verified because of limited time and budget. We hypothesized that ChatGPT expertise
may have an impact on user behaviour and user engagement. However, the statistical results show
that the ChatGPT expertise level may have affected the Reward in user engagement. If the efficacy of
the ChatGPT expertise was verified before the experiment then it is possible to find more correlation
between user behaviour and user engagement.

Furthermore, the measurement of topical interest could be also one of the limitations. In our re-
search, we use a self-reported questionnaire with one question to measure the interest in each topic.
But it could be better to also involve the implicit features to measure the topical interest.

6.2.3. Interface design limitation

The similarity of interface design is also important in our experiment. For our research, if the similarity
between the mock product and the real one is not high enough, it could cause some negative effects on
the measurement of dependent variables. For instance, the session length could get longer for users
with high ChatGPT expertise, which could lead to a smaller difference between users with different
levels of ChatGPT expertise. However, because the real ChatGPT application is a relatively mature
business product, it is not easy to make an application which has high similarity with ChatGPT in a
limited time.






Conclusion and future work

7.1. Conclusion

ChatGPT emerged as a significant application with great potential in the search domain. For this rea-
son, this study investigates the impact of ChatGPT expertise, topical expertise, and topical interest on
user behaviour and engagement in the search in ChatGPT during search sessions within ChatGPT. To
address these questions, we designed the experiment and recruited participants from the crowdsourc-
ing platform. Contrary to what was expected, our finding indicates that ChatGPT expertise, topical
expertise, and topical interest do not influence user behaviour in the ChatGPT search sessions (RQ1).
Regarding user engagement, we found that the ChatGPT expertise has a partial influence on user en-
gagement but the topical expertise and topical interest do not affect the user engagement in the search
sessions in ChatGPT (RQ2), which may emphasize the influence of the Al expertise on the user inter-
actions. Moreover, our research also indicates that the Affinity for Technology Interaction (ATI) affects
user engagement, which highlights the importance of understanding the psychological aspects in the
era of Al. Additionally, our research indicates that experience with chatbots has a marginal but notice-
able impact on user engagement. This finding may open a new avenue for exploring how the previous
experience of technology shapes user interaction. However, there are still some limitations involved in
the research as the selection of thresholds for high/low levels or the lack of validation of the ChatGPT
expertise questionnaire, which may skew the accuracy of the results.

Even if there are some limitations in our research such as the selections of Low/High threshold,
and ChatGPT questionnaire to be verified, our research provides valuable insights. For instance, it
enhances our understanding of user behaviour and engagement in ChatGPT search sessions. Specif-
ically, our research reveals how different levels of ChatGPT expertise, topical expertise, and topical
interest affect the way that users interact with ChatGPT in search, which is important for researchers
and developers aiming at enhancing the ChatGPT functionality. By integrating these insights, there is
the possibility to enable ChatGPT functionalities to be more effective to enrich the search experience
for diverse users.

7.2. Future work

Based on the insights into how the ChatGPT expertise, topical expertise, and topical interest impact
user behaviour and engagement in ChatGPT search, future research can focus on these potential
directions:

+ ChatGPT expertise questionnaire. As mentioned in the Chatpter 6, a verified ChatGPT ex-
pertise questionnaire is still an open question. Due to the limitation of time and budget, we were
not able to verify the effectiveness of the ChatGPT expertise questionnaire. However, due to the
importance of ChatGPT expertise, coming out with a ChatGPT expertise questionnaire may be
impactful.

+ User behaviour and engagement in multilingual languages. In our experiment, the submis-
sions in non-English were excluded because different languages may have their own habit so
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that the user behaviour. In this case, it is interesting to look into how the users behave in different
languages, which may help us to understand the users’ behaviours in the different languages
better and based on the results, we may be able to customize ChatGPT in different languages.

ChatGPT Interface. The interface design may also play an important role in a similar experiment.
Due to the limitation of time, it is challenging to implement an interface that highly closely resem-
bles the actual ChatGPT interface. There are open-source ChatGPT-like interfaces available on
the Internet. However, the design goal of these available interfaces is not for HCI research, which
means that there is a possibility of causing some data loss in the experiment due to the complex
architecture.

ATI for personalized ChatGPT search. Given the significant influence of ATl on user engage-
ment, particularly in Aesthetic Appeal and Reward aspects, it becomes important to consider
personalizing responses based on users’ ATl levels. This approach is driven by the correlation
between higher ATl and increased user engagement, which means tailoring interactions to match
the technological affinity of users could enhance their experience in the ChatGPT search.



Informed Consent

Here is the informed consent leveraged at the start of the experiment below, if the participant agreed
with the contents mentioned, then they are allowed to proceed. Otherwise, the experiment will be di-
rected to the end.

Informed Consent

We are researchers for the Web-Information-Systems group at the Delft University of Technology
and we aim to better understand how people interact with ChatGPT.

You will be first asked to provide demographic information (e.g., your age, gender, and highest level
of education completed). Then you will be asked to answer some questions regarding the levels of
your ChatGPT expertise, topical expertise, topical interest, and your experience. Afterwards, you will
be directed to a ChatGPT API-based interactive interface, where you can chat with ChatGPT to satisfy
your information needs. Finally, you will be asked to answer a questionnaire about what you searched
in ChatGPT and how you feel about this experience.

In our study, we are especially interested in specific levels of ChatGPT expertise and will exclude
participants after the first part if they do not have such a ChatGPT expertise. If that is the case, your
submission will be automatically returned, and you will receive a partial payment of £0.10.

All data will be stored securely in a password-protected electronic format. We will not store any
information that can be used to identify who you are (e.g., your IP address). Be aware that the data we
gather with this task might be published in an anonymized form later. Such an anonymized data set
would include the answers you provide in this study but no personal information (e.g., your Prolific ID),
so the answers will not be traceable. Furthermore, you can choose to withdraw your data within three
months of the experiment date.

Completing the survey will take about 10 minutes. Participation in this task is entirely voluntary, and
you can withdraw anytime. To complete the survey you will have to answer all questions. This study
has been approved by TU Delft’'s ethics committee. If you have any questions about this study, please
contact xxx@student.tudelft.nl.

By selecting “yes” below, you confirm that you have read, understood, and consent to the above
information.
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ChatGPT Expertise Questionnaire

In this section, we exhibit the ChatGPT expertise questionnaire adapted from the technical expertise
questionnaire [67]. This questionnaire contains 5 questions based on the 7 Likert scale was leveraged
at the start of the experiment to measure the ChatGPT expertise.

ChatGPT Expertise Questionnaire

1.

My technical interest with ChatGPT is ... (e.g. interest in the functionality, mechanism, strengths,
and limitations of the ChatGPT)

. My enthusiasm for technology of ChatGPT is ... (e.g. enthusiasm about the functionality, mech-

anism, and strengths of the ChatGPT)

My technical literacy with ChatGPT is .... (e.g. knowledge about formulating prompts effectively,
knowledge about limitations of ChatGPT )

My ability in dealing with ChatGPT is ... (e.g. capability or confidence in using the technology)

My distrust in technology of ChatGPT is... (e.g. distrust against the functionality, mechanism,
strengths, and limitations of the ChatGPT)
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