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Since generative AI-powered systems have emerged as search tools, they are influencing how

people seek information online. In particular, this study focuses on serendipity, defined as "a mem-

orable experience of unexpectedly discovering useful or interesting information that becomes the oc-

casion for a new personal insight." Serendipity has recently been discussed as a critical dimension

that information systems must address in order to satisfy users’ underlying needs; however, it largely

remains unexplored. In this study, I conducted a randomized controlled experiment by comparing

three different search systems: traditional web search engine (WebSearch), generative AI powered

search system (GenSearch), and retrieval augmented generation based search system (RAGSearch).

The findings reveal that GenSearch and RAGSearch facilitate numerically higher levels of serendipity

than WebSearch, though there were no statistically significant differences in the levels of serendipity

across the three search system conditions. However, a critical distinction emerged in terms of user

effort: AI-based systems (GenSearch and RAGSearch) required significantly fewer queries and clicks



compared to WebSearch to achieve comparable levels of serendipity. This suggests that conversational

interfaces can effectively catalyze unexpected discoveries while minimizing the cognitive and physical

effort required from the user, leading to a more efficient discovery process. Furthermore, WebSearch

significantly outperformed both AI-assisted conditions in information novelty, providing empirical ev-

idence that objective novelty and subjective serendipity are distinct theoretical constructs. The study

also identifies serendipity as a correlate of overall user satisfaction, although it did not significantly

relate to search self-efficacy. By highlighting the role of AI in fostering "effort-efficient discovery,"

this research provides critical implications for the design of next-generation search systems, empha-

sizing the need to facilitate perceived informational value and serendipitous moments to enhance user

experience in the AI era.
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Chapter 1: Introduction

Serendipity, a memorable experience of unexpectedly discovering useful or interesting informa-

tion that becomes the occasion for a new personal insight, extends beyond mere knowledge expansion,

holding the potential to be a game changer in both personal life and society. For instance, at a personal

level, a graffiti inscription glimpsed on the street may spark inspiration to write a novel, while at a soci-

etal level, a chance insight may lead to groundbreaking discoveries such as penicillin and X-rays [1,2].

However, research on serendipity has been comparatively underexplored within information behavior

fields [3]. This is because serendipity is an ’event’ of information acquisition that happens at a specific

moment [4]. Moreover, this moment arrives through incidental pathways and cannot be planned prior

to encounter [5], which makes it difficult to study in a controlled research setting [6]. People often

find greater value from what they discover by accident than from what they seek [7]. Indeed, people

frequently do not know what they do not know, a condition referred to as ’unknown unknowns,’ where

they are unaware of what they need [8]. Accordingly, understanding serendipity is essential to fully

capturing the breadth of human information behavior, extending beyond what people consciously seek.

In this regard, information systems play a crucial role in helping people experiencing serendipity,

by serving as a medium that connects humans with information. While little research has directly

examined how search systems, particularly those incorporating generative AI, influence serendipity,

the advance of search systems holds the potential to cut both ways in shaping serendipity. On the one

hand, the advent of the internet and the world wide web has created more favorable conditions for

experiencing serendipity compared to the era when information was sought primarily in libraries [6].

Taking this a step further, the emergence of large language models (LLMs) has made generative AI

another viable tool for information search. More recently, a technique known as retrieval-augmented

generation (RAG) has emerged, which retrieves up-to-date external data and reorganizes it through

1



generative AI before presenting it to the user. One of their key advantages is enabling conversational

search without the need for search operators or keywords, offering greater convenience in the search

process. Such advanced information systems may increase search engagement among users, which in

turn could create more favorable conditions for serendipity.

On the other hand, advanced search systems may function in the opposite direction, putting the

experience of serendipity at risk by promoting the homogenization of information. In fact, search

engines have continued to suffer from the ’filter bubble’ issue, which narrows users’ exposure to in-

formation [9], and more recently, generative AI has also been shown to exhibit the echo chamber

effect [10]. Furthermore, AI systems are inclined to converge toward similar opinions, raising con-

cerns over the homogenization of information [11]. These issues persist despite researchers having

advocated for "beyond-accuracy" metrics, such as serendipity, diversity, novelty, and relevance, as the

new standards for search systems over the past decade [12–15]. Thus, from the perspective of knowl-

edge base, the impact on serendipity may remain unchanged or even become more negative despite

the advancement of search systems.

This thesis primarily contributes to the literature by providing some of the first empirical evi-

dence regarding whether and how various online search systems influence users’ serendipity and other

related psychological outcomes. I examined three search systems—traditional search engines (Web-

Search), generative AI (GenSearch), and generative AI augmented with retrieval-augmented gener-

ation (RAGSearch). I first compared them based on two key dimensions, search mechanism and

knowledge base, to explain how each system supports serendipity (see the Figure 2.1). These con-

ceptual dimensions were operationalized to produce differences in users’ search engagement and the

novelty and diversity of output information, and this relationship was also validated in this study (see

the Figure 1.1). Lastly, I examined other related psychological outcomes of serendipity to suggest
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why it should be considered in the design and evaluation of search systems. I conducted a randomized

controlled online experiment to explore these three overarching questions:

• Which search system most effectively supports serendipity?

• How system characteristics drive serendipity?

– (Search Behavior) conversational search vs. navigation-based search

– (Knowledge Base) parametric knowledge vs. non-parametric knowledge

• What psychological outcomes are associated with users’ serendipity in search?

1.0.1 Conceptual Model

Taken together, the guiding questions outlined above reflect a conceptual model in which search

system characteristics shape the probability of serendipity in searching, which in turn influences down-

stream outcomes including user experience and self-efficacy. In particular, this study conceptualizes

the characteristics of search systems along two dimensions: search behavior and knowledge base,

which operate through search engagement and quality of output information, respectively. Serendip-

ity, once experienced, is further examined in relation to two downstream outcomes: user experience

and self-efficacy. (The specific Research Questions (RQs) and hypotheses derived from this model

were introduced in Chapter 2.)

1.1 Outline of Thesis

In Chapter 2, I reviewed the theoretical and empirical literature underpinning this study, estab-

lishing the research background for each RQ and hypothesis. Next, Chapter 3 detailed the research
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Figure 1.1: Proposed conceptual model illustrating the structural relationships between
Search System types (GenSearch, RAGSearch, WebSearch), Serendipity, and its down-
stream effects. The model defines: (1) the direct link from systems to serendipity (RQ1);
(2) the pathways through Search Engagement (RQ2, H1) and Novelty of Information
(RQ3, H2); and (3) the subsequent downstream effects on User Satisfaction (RQ4) and
Self-efficacy (RQ5).

methodology, describing how each construct was operationalized and measured, how the hypotheses

and RQs were tested, and how the relationships among nodes in the conceptual model were estimated.

Chapter 4 presented the results of these analyses. Finally, Chapter 5 discussed the theoretical and

practical implications of the findings, and provided concluding remarks for the thesis.
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Chapter 2: Research Backgrounds

In this chapter, I first defined serendipity based on previous studies (Section 2.1). Next, I pre-

sented the experimental design with consideration of the pathways through which serendipity is ex-

perienced (Section 2.2). In the following two sections, I reviewed related work to understand how

prior studies had addressed the RQs proposed above (Section 2.3 and Section 2.4). Lastly, I described

how this study builds on and contributes to the existing literature in the concluding paragraph of this

chapter.

2.1 Defining Serendipity

Serendipity is commonly referred to as an “aha” moment when people unexpectedly discover

valuable things [3, 16, 17]. In this study, I defined serendipity as "a memorable experience of unex-

pectedly discovering useful or interesting information that becomes the occasion for a new personal

insight," primarily drawing from Erdelez [4] while referencing Merton (1948) [18]. In the field of

information behavior, Erdelez first introduced the concept of serendipity as information encounter-

ing [19], which refers to "a memorable experience of unexpectedly discovering useful or interesting

information" [4, p. 25]. This term reframes the phenomenon of serendipity through the lens of in-

formation behavior. On top of this definition, I incorporated an emphasis on the cognitive process of

connecting encountered information to personal insight by referencing Merton’s definition. Merton

defined serendipity as "the fairly common experience of observing an unanticipated, anomalous and

strategic datum which becomes the occasion for developing a new theory or for extending an existing

theory" [18, p. 506]. Through this, by adopting the term serendipity, the definition in this study en-

compasses not only the moment when a user bumps into information but also the subsequent process

of recognizing it and connecting it to one’s own experiences and insights to derive meaning.
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2.2 Exploratory Search and Search Task for Serendipity

Serendipity can arise through a wide variety of pathways. Since any unexpected and beneficial

discovery may be considered serendipitous, the routes vary across individuals and situations [2]. Most

typically, serendipity occurs when users are not looking for the specific information they happen to

encounter [19]. Others suggest that it can happen regardless of whether users are purposive or non-

purposive [3]. For example, while conducting a targeted search with a purpose, one can solve an

unexpected problem or a targeted problem via an unexpected route. On the other hand, untargeted

search may also facilitate solving a current problem or a future one [2]. Among these diverse pathways

to serendipity, this study adopted a goal-directed search design by providing the search task itself as

the external goal. Accordingly, the search task in this study was designed to enable participants to

engage in exploratory search.

Exploratory search is a process encompassing learning and investigation, characterized by the

combination of querying and browsing strategies [20]. It can involve serendipity within problem con-

texts that are open-ended, persistent, and multi-faceted [21]. Therefore, the study initiated the search

task by providing only a search topic (e.g., "perform a search to explore evidence about the given

topic"). Through this exploratory search task, I intended for participants not only to engage in the

search process but also to have the opportunity to experience serendipity.

2.3 Search system for Serendipity

Search systems can be closely related to search outcomes, particularly in serendipity. While

research to date has rarely tested which search systems influence the likelihood of serendipity, exist-
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ing studies suggest that there are search environments that better facilitate serendipity [22, 23]. These

environments exhibit serendipity-conducive characteristics, such as enabling exploration and being

trigger-rich [23, 24]. First, an environment that supports exploration provides direct access to infor-

mation, allows users to pause or stop searching, encourages exploratory behavior, and offers multiple

pathways for navigation [23]. Additionally, a trigger-rich environment offers a variety of informa-

tion or resources [24]. Based on these two characteristics, I conceptualized search systems along two

dimensions: search mechanisms and knowledge base. The type of search mechanism, whether conver-

sational or navigational, is expected to affect the degree of exploration, while the type of knowledge

base—whether retrieved knowledge or the parametric knowledge of generative AI—is expected to in-

fluence how "trigger-rich" the information is. Thus, focusing on these two dimensions, I investigate

how search systems influence serendipity.

2.3.1 Conversational Search vs. Navigational Search

Before people have generative AI as a search tool, ’search’ has referred ad-hoc retrieval using

search engines, where the system must find the most relevant documents for a information need rep-

resented by a query [25]. On the web, users typically iterate through the processes of formulating

queries, selecting results, navigating, and modifying queries [26, 27]. In this process, the key differ-

ence from generative AI lies in ’navigating’ behavior, which involves clicking links and browsing the

displayed pages. Navigational behavior can foster serendipity by allowing users to browse information

in multiple chunks rather than relying on a single result [28].

Now ‘search’ has been evolved to ‘conversational search’ which allows systems to understand

users’ needs through multiple rounds of conversations using natural languages [29]. Due to their natu-
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ral and flexible conversational capabilities, systems can support users in expressing complex informa-

tion needs, making them more applicable to complex search tasks [30]. While engaging in complex

tasks that cannot be resolved with one single query, conversational retrieval models can suggest the

most relevant results through re-ranking based on conversations, without requiring users to explicitly

rewrite their queries [31].

Building on these competing perspectives, this study compared search systems to investigate

which search mechanism better supports serendipity through increased exploration. To measure how

much exploration each search system’s mechanism facilitates, I used participants’ level of search en-

gagement in the search process as an indicator. In doing so, this study offers a new perspective on

search mechanisms in the era of generative AI, extending beyond the focus of prior research on tradi-

tional web-based search systems.

2.3.2 Parametric knowledge vs. Retrieved Knowledge

The novelty and diversity of the information provided by a system can also influence serendip-

ity. As illustrated, a trigger-rich environment for serendipity requires a diverse range of information,

as serendipity is associated with the experience of discovering unexpected information. In addition

to information diversity, evaluating the novelty of information can provide a nuanced understanding

of the qualitative value of the results [32]. In other words, this novelty and diversity do not simply

involve presenting unpopular results; rather, they reflect the extent to which the presented content is

varied and new, with minimal redundancy [32,33]. These qualitative characteristics of information are

largely determined by the type of knowledge base a system uses and each search system references a

different knowledge base. In this study, I considered WebSearch as a system using retrieved knowl-
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edge, GenSearch as a system using parametric knowledge (to be explained below), and RAGSearch

as a hybrid system which incorporates both parametric and retrieved knowledge [34]. This approach

allowed me to examine which of these two characteristics is more conducive to serendipity.

Generative AI uses parametric knowledge, the vast amount of intrinsic knowledge embedded

within a model’s parameters, to generate responses [35]. This knowledge base is cutoff at a specific

point in time, meaning that new information is not incorporated into the model’s parametric knowledge

after the cutoff date [34]. This means, the novelty of information could be lower compared to a web

search environment. Moreover, generative AI tends to align with the user’s perspective, providing

selectively biased information and reducing the diversity of information compared with web search

[10]. Generative AI, which relies solely on parametric knowledge for language generation, performs

poorly in terms of text diversity even when compared to RAG-based search systems that use both

parametric and external data [34].

Even though a web search system using retrieved knowledge can outperform generative AI’s

parametric knowledge in terms of information novelty and diversity, search engine is also not inher-

ently positive in these aspects as well. In fact, Eli Pariser introduced the concept of the filter bubble,

arguing that personalized filtering in search engines can isolate users from diverse and novel informa-

tion [36]. Similarly, long-tail results are often overlooked and excluded from top results due to ranking

algorithms in search engines, even though they may contain valuable information that contributes to

information diversity [37]. This suggested that, while the web result itself can provide users with

broad, diverse, and novel information, search engine’s recommendation systems may negatively affect

serendipity.

Based on this evidence, this study compared search systems to investigate which knowledge base

better supports serendipity through the novelty of output information. Therefore, I calculated the score
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of novelty based on the output information for each search system.

2.4 Serendipity and its related psychological outcomes

Serendipity is an important metric for evaluating search systems in its own right because it

reflects how much users have subjectively benefited from the system. However, unlike conventional

metrics for web search systems, such as accuracy, precision, and recall, or common standards for

evaluating generative AI, such as factual output, question answering, or summarization, serendipity

is not directly captured by these measures. Therefore, I argue for its importance by examining the

downstream outcomes it produces: user satisfaction and self-efficacy.

First, serendipity can influence user satisfaction by affecting how users feel while or after using

a system and how they evaluate the information provided. In fact, serendipity is commonly accompa-

nied by emotional responses such as happiness or a sense of being benefited [3]. More specifically,

higher unexpectedness increases arousal and attention, which in turn raises the probability of expe-

riencing positive emotions and satisfaction. However, at the same time, serendipity can also lead to

disappointment when unexpected information contradicts users’ existing beliefs [3]. In addition, the

effect of serendipity on user satisfaction depends on the problem context [38]. For example, in social

media use, which is largely characterized as a hedonic system focused on entertainment, users tend

to report higher satisfaction with serendipitous experiences. In contrast, during information-seeking

activities, the effect of serendipity on satisfaction is ambiguous. This is because users typically regard

serendipity experience as disruptive, as they adopt a goal-oriented approach. However, this prior study

measured satisfaction using a single-item question (“All together, how satisfied are you with the ser-

vice you chose?”) [38]. Accordingly, in this study, I employed a reliable measurement instrument to
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assess user satisfaction with both the information system and the information provided (to be discussed

in Chapter 3).

Second, I suggested that serendipity can also influence users’ self-efficacy, which refers to "be-

liefs in one’s power to produce the given levels of attainment" [39, p.382]. To the best of my knowl-

edge, no study has empirically examined how the level of serendipity in search is associated with post-

search self-efficacy. However, according to Erdelez’s concept of the super-encounterer, some users

do not passively experience accidental information encounters but instead develop them into a unique

ability to discover valuable information [19]. In addition, research on serendipity beyond information

behavior suggests that such experiences can evolve into recognizable patterns [40]. These experiences

allow users to internalize successful search outcomes, fostering a more proactive approach to search

and increasing their confidence in finding interesting or valuable information. In this sense, serendipity

experiences in the search process may lead users to believe that they can discover serendipitous infor-

mation, thereby enhancing their self-efficacy. Building on these prior studies, this study empirically

tested how serendipity can lead to self-efficacy in searching.

To conclude, this study made a contribution to the literature on the “beyond-accuracy” perspec-

tive [12], arguing that it is necessary to evaluate search systems beyond merely assessing the accuracy

of results, toward considering user’s perceived value of information. In particular, I addressed a re-

search gap by examining how different search systems vary to facilitate serendipity and by explaining

the underlying mechanisms that drive such differences. Furthermore, this study represented a gen-

uinely HCI-oriented investigation of serendipity by evaluating both users’ search behavior and output

information, addressing a limitation of most prior studies that have solely focused on one dimension.

Finally, this study empirically demonstrated why serendipity matters by investigating its influence not

only on direct satisfaction but also on users’ self-efficacy at a more fundamental level.
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2.5 Research Questions and Hypotheses

Based on these foundations, I propose five RQs and two hypotheses.

2.5.1 Which search system most effectively supports serendipity?

As the current literature provides limited guidance on which search system is most conducive

to serendipity, I directly compare three different search systems to address this gap. Accordingly, this

study poses this as an open RQ:

RQ 1: Which of the three search systems—WebSearch, GenSearch, or RAGSearch—exhibits the

highest level of serendipity?

2.5.2 How system characteristics drive serendipity?

To unpack the system-level differences in serendipity, I compare WebSearch and RAGSearch as

well as GenSearch and RAGSearch in terms of two key dimensions: (1) search mechanism, specifically

whether the system supports conversational or navigational search, and (2) knowledge base, specifi-

cally whether the system draws on parametric or retrieved knowledge. At this point, I use RAGSearch

as the reference system for comparison against both WebSearch and GenSearch, as RAGSearch serves

as a hybrid system that incorporates characteristics of both systems along each dimension (see Figure

2.1).
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Figure 2.1: A Venn diagram illustrating the comparison of system characteristics
(GenSearch, RAGSearch, WebSearch) across two dimensions: (1) Search Mechanism,
ranging from conversational to navigational, and (2) Knowledge Base, ranging from para-
metric to retrieved knowledge. RAGSearch is positioned as a hybrid system incorporating
both dimensions.

2.5.2.1 Search Mechanism: Conversational vs. Navigational Search

First, I compared conversational search with navigation-based search systems by analyzing par-

ticipants’ search behaviors, such as queries, search time, and click behavior. Specifically, I compared

(1) WebSearch and RAGSearch, followed by (2) GenSearch and RAGSearch. RAGSearch is a hy-

brid search system that incorporates both conversational and navigation-based search characteristics

by presenting responses in a chat interface with in-text citations. Thus, RAGSearch was used as an

intermediate condition for comparison, allowing us to examine differences in users’ search behaviors

between WebSearch and GenSearch.

RQ 2: How does the type of search mechanism (conversational vs. navigational) affect the search

engagement in the interaction with the system?
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2.5.2.2 Knowledge Base: Parametric vs. Retrieved Knowledge

Second, I also compared systems that refer to parametric knowledge and retrieved knowledge

by analyzing systems’ outputs, such as AI responses or retrieved web pages. Specifically, I compare

(1) WebSearch and RAGSearch, followed by (2) GenSearch and RAGSearch. In this comparison,

RAGSearch is a hybrid search system that incorporates both parametric and retrieved knowledge. It

first retrieves relevant results and then generates responses based on parametric knowledge by integrat-

ing the retrieved information. Thus, RAGSearch was used as an intermediate condition for comparison,

allowing us to examine differences in users’ search behaviors between WebSearch and GenSearch.

RQ 3: How does the type of knowledge base (parametric vs. retrieved) affect the diversity and novelty

of information provided by the system?

I also tested the relationship between search engagement and serendipity as well as the novelty

of output information and serendipity.

H1 (Serendipity; Search Engagement): Participants who exhibit more search engagement will report

higher levels of serendipity than those with lower search engagement.

H2 (Serendipity;novelty of information): Participants of systems returning more diverse and novel

output information will report higher levels of serendipity than those of systems returning less diverse,

and novel output information.

2.5.3 Other psychological outcomes related to users’ serendipity in search

So far, the preceding RQs and hypotheses investigated which system better facilitates serendipity

and how its characteristics influence serendipity. In the following section, I examined how serendipity

is associated with related psychological outcomes, including user satisfaction and self-efficacy, carry-
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ing both theoretical and practical implications.

RQ 4: How does serendipity relate to user satisfaction?

RQ 5: How does serendipity relate to self-efficacy?
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Chapter 3: Research Method

This study employed a randomized controlled online experiment with a three-condition between-

subjects design, where participants were randomly assigned to one of three custom-built search sys-

tems: WebSearch, GenSearch, or RAGSearch. To mitigate item effects, each system was evaluated

across three distinct search contexts, with each participant being randomly assigned to one of the top-

ics. This design allowed this study to examine the effect of search systems on serendipity (RQ 1) and

its downstream outcomes (RQ 4: user satisfaction, RQ 5: self-efficacy) while controlling for variance

attributable to the search task topic. In addition, I compared characteristics of search system in terms

of users’ search engagement (RQ 2) and novelty of system’s output information (RQ 3). To better

understand how search engagement and information novelty contribute to serendipitous search experi-

ences, I added two hypotheses examining their relationships with serendipity, respectively (H1: search

engagement, H2: novelty of output information).

In the following section, I described the experimental design, including participants, the experi-

mental procedure, the search task, and the experimental apparatus. Next, I explained the measurements

for the key variables, including serendipity, search engagement, novelty of information, self-efficacy,

and user satisfaction. Finally, I detailed the analytical strategy for addressing the RQs and proposing

the conceptual model using statistical modeling.
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3.1 Experimental Design

3.1.1 Participants

I recruited a sample representative of age and sex via Prolific1, an online crowdsourcing platform,

using their prescreening criteria. Participants were required to be United States residents and at least

18 years of age. Each participant received $2 as compensation for completing the experiment, which

took approximately 13 minutes on average. There were 75 participants in total, randomly assigned

to one of three conditions: WebSearch (n = 24), RAGSearch (n = 25), and GenSearch (n = 26).

The demographic composition of the sample is summarized in Table 3.1. I confirmed that random

assignment was successful, as no significant demographic differences were observed across the three

search system conditions.

3.1.2 Procedure

The study employed a three-condition between-subjects design, with each participant randomly

assigned to one of three search tasks (GMOs, nanotechnology, or cultivated meat) to reduce item ef-

fects. Following the procedure illustrated in Figure 3.1, after submitting the consent form, participants

were assigned a search task before rating their familiarity with the topic and their uncertainty regarding

the search goal and plan. Next, participants were instructed: "Now you will start a search! Perform

a search to explore evidence about topic." Before beginning the search, participants were presented

with two pop-up notifications: first, they were informed that they would need to answer open-ended

questions upon completing the task; second, they were notified that a minimum of three queries was

1https://www.prolific.com
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Table 3.1: Demographic characteristics and search system usage frequency

Variable N or Mean % or SD χ2 or F , p-value

Age 39.69 15.31 F (2, 72) = 0.42, p = .659

Gender χ2(4) = 3.01, p = .651
Female 36 48.0%
Male 38 50.7%
Non-binary 1 1.3%

Race χ2(10) = 5.40, p = .959
White 59 78.7%
Asian 5 6.7%
Black 6 8.0%
Amer. Indian/Alaska Native 1 1.3%
Other (Mixed) 4 5.3%

Education χ2(10) = 14.14, p = .215
Bachelor’s Degree 25 33.3%
Master’s Degree 16 21.3%
Some College/Tech School 20 26.7%
High School or Equivalent 9 12.0%
Prof./Doctorate Degree 4 5.3%
Other/Not specified 1 1.3%

Politics (Party ID) χ2(6) = 4.48, p = .653
Democrat 32 42.7%
Republican 23 30.7%
Independent 19 25.3%
No preference 1 1.3%

Ideology χ2(12) = 16.01, p = .239
Liberal 38 50.7%
Moderate 10 13.3%
Conservative 27 36.0%

AI Usage Frequency 4.41 1.87 F (2, 72) = 0.34, p = .714
Web Usage Frequency 6.05 1.04 F (2, 72) = 0.63, p = .537

Note. Participants (N = 75) had a mean age of 39.69 (SD = 15.31). The sample included 38 men, 36 women, and 1 non-
binary individual. Racial composition was predominantly White (78.7%), followed by Black (8.0%) and Asian (6.7%),
with small proportions of mixed-race (5.3%) and American Indian or Alaska Native (1.3%) participants. Educational
backgrounds ranged from high school to doctoral degrees, with 33.3% holding a Bachelor’s degree. Search system usage
was measured on a 7-point scale, where participants reported frequent use of web search engines (M = 6.05, SD = 1.04)
and moderate use of AI tools (M = 4.41, SD = 1.87).
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required to proceed. They were then directed to conduct their search interactively using the provided

system.

After completing the search, participants were asked to assess their perceived level of serendip-

ity, user satisfaction, and self-efficacy based on their search experience in the experiment (to be more

explained in section 3.2). Additionally, participants answered two open-ended questions designed to

capture latent experiences by prompting participants to share advice for a friend and list valuable infor-

mation discovered during the task. At the end of the experiment, participants answered demographic

questions, including their prior frequency of using Generative AI models and web search engine. The

experiment flow is presented in the Figure 3.1.

Figure 3.1: Overall experimental procedure. The process begins with participants provid-
ing informed consent, followed by the random assignment of a search task from topics
including GMO, nanotechnology, and cultivated meat. In the pre-task survey, participants’
topic familiarity is assessed through three items. During the search session, participants
use one of the three systems (GenSearch, RAGSearch, or WebSearch) to gather informa-
tion. Upon task completion, levels of serendipity, user satisfaction, and self-efficacy are
measured. The procedure concludes with participants writing short essays for two open-
ended questions and completing a demographic survey that includes their prior experience
with generative AI and web search engines.
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3.1.3 Search Tasks and Case

In this study, the search tasks focused on scientific topics such as GMOs, nanotechnology, and

cultivated meat. To design the search tasks, I considered three criteria. First, the topics should enable

participants to explore sufficient information. Second, the topic should be unfamiliar to the general

public to evoke curiosity, prompting participants to engage with the search task [21]. Third, the search

task should be still complex, requiring multiple searches and varied queries for resolution [41]. Ac-

cordingly, I selected these three scientific topics because they are widely debated and significantly

impact daily life, yet remain relatively unfamiliar to the general public [42–44]. By selecting these

topics, this study aimed to motivate participants to engage in exploratory search, as the topics’ com-

plexity and relevance necessitate deeper search.

In addition, the study provided the detailed scenarios with the search tasks (see Figure 3.2).

The scenarios are designed by assuming simulated situations, providing a standardized environment

for all participants while fostering a sense of realism individually [45]. This idea, presenting search

tasks with simulated situations, was proposed by Borlund (2000) [46] and has been widely applied

in many search studies. Based on Borlund’s guidelines, simulated situations should adhere to three

criteria. First, the situation should be a realistic scenario that participants can relate to and identify

with. Second, the topic should be interesting to participants. Third, the situation should offer enough

contexts to enable participants to apply themselves to the scenario. To meet these criteria, this study

introduced a fictitious friend to allow participants to project their own relationships onto the task,

while framing the scenario within a daily life context (e.g. grocery shopping) to enhance familiarity

and interest.
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Figure 3.2: Design of search tasks and case scenarios. The experiment utilizes simulated
information-seeking scenarios across three scientific domains: GMOs, nanotechnology,
and cultivated meat. Each scenario is structured to provide participants with a specific
context and a goal-oriented task, ensuring a standardized environment for evaluating search
outcomes.

3.1.4 Experiment Apparatus

This study utilized three distinct search systems—WebSearch, GenSearch, and RAGSearch—which

serve as interactive tools allowing participants to conduct direct search queries throughout the sessions.

These custom-designed search systems featured a three-column interface, as illustrated in the follow-

ing paragraph and Figures 3.3, 3.4, and 3.5.

1. The left panel includes a foldable section where users can revisit the search scenario and task at

any time;

2. The middle pane displays the search system with the search bar for query entry, and this space

varies in its characteristics across WebSearch, GenSearch, and RAGSearch. In WebSearch, re-

sults are displayed as a list with titles, snippets, and favicons, while in GenSearch and RAGSearch,

responses are presented in a conversational format. RAGSearch additionally includes in-text ci-

tations displayed as clickable source buttons (see details below);
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3. The right panel supports a space for note-taking and scrapping the links or AI responses. Par-

ticipants can use this scrapbook for saving or taking notes on any interesting and valuable infor-

mation.

Therefore, the three search systems incorporated intended differences in the middle pane, whereas

the left and right panels were kept consistent across all systems to control for confounding variables.

In the following sections, I described the design architecture of each system developed to facilitate an

interactive search session.

3.1.4.1 WebSearch

WebSearch is a system that retrieved and displayed a list of websites in responses to queries via

search engine. In the WebSearch condition, participants mainly interact with the Search Engine Result

Page (SERP) to search for information, which displays results retrieved from the search engine. To im-

plement this system, this study used the Google Custom Search Engine API 2, which is programmable

search engine allowing researchers to custom retrieve results from Google 3. In this study, I manip-

ulated the results to improve participants’ search efficiency by filtering them based on two criteria.

First, I removed homepage URLs with one or fewer path segments, as these pages typically serve as

main sites for companies or organizations rather than providing relevant information. For instance, I

removed links such as “https://www.gmo.com/americas/” from the SERP because they contain only

one path segment (“americas”). Second, I excluded URLs containing the term “product” to eliminate

commercially oriented pages. As a result, the final set of results presented to participants included

sources such as Wikipedia, NIH, FDA, and EU websites, as well as academic articles, blog posts, and

2https://programmablesearchengine.google.com
3https://www.google.com
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social media webpage, including LinkedIn and Reddit. After applying these filters, the SERP in the

WebSearch system consistently presents 20 results for each query to participants.

For the design rationale, I followed the typical SERP format, composed of titles, favicons, and

snippets, as illustrated in Figure 3.3. Through this design, this study aims to enable participants to

intuitively adapt to the system and perform the search task without requiring an additional practice

session. After viewing the SERP, participants can click on individual web pages to access detailed

information.

Figure 3.3: Interface design of the Search Engine Results Page (SERP) in the WebSearch
system. The layout follows a typical SERP format, incorporating titles, favicons, and
snippets to ensure participants can intuitively navigate the system. The interface includes:
(1) the search case and task instructions on the left sidebar; (2) the central results area
with interactive web page snippets; and (3) a "Scrapbook & Notes" section on the right for
information gathering during the search session.
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3.1.4.2 GenSearch

GenSearch is a system that generates text responses using LLM based on pre-trained data with

the chatting style interface. In the GenSearch condition, participants can ask questions conversation-

ally to search for information, with the system generating responses in a chat interface when users

submit queries, as shown in Figure 3.4. To generate answers, the system employed the Gemini 2.5

Flash model, a hybrid reasoning model released in 2025 that supports a “thinking” capability while

maintaining low cost and latency [47]. This means the GenSearch system solely relies on the LLM,

which generates responses based on parametric knowledge. I configured the generation settings with

a maximum of 400 output tokens, a temperature of 0.3, and a top-p value of 0.9 to promote consistent

responses by prioritizing high-probability tokens. Additionally, I adapted system prompt to specify

format of responses and length constraint of approximately 250–300 words, as shown below.

1 const systemInstruction = `

2 Write a concise, well-organized answer in Markdown.

3 Answering style requirements:

4 - Provide a clear, multi-sentence explanation.

5 - Use clear headings, bullet points for listed items, and formatting

to organize the information.↪→

6 - Treat the interaction as a continuous conversation rather than

isolated questions.↪→

7 - Use previous turns to maintain topic continuity and provide more

relevant answers.`↪→

In addition to employing the LLM to the search system, I adjusted the responses by preserving

conversational continuity through structuring prior interactions into a formatted chat history and guid-
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ing the model to maintain context across turns. For example, if a participant asks “What is GMOs?”

followed by “Do I have to worry?”, the system can maintain the conversational context and interpret

the follow-up question within the same context, even without the explicit mention of ’GMOs.’

Figure 3.4: Interface of the GenSearch system. This interface is characterized by its
conversation-based search. The layout features: (1) the search case and task instructions
on the left sidebar; (2) a chat-style display in the central panel where the system provides
generative answers to user queries, with an “Ask anything” input field at the bottom to
support continuous dialogue; and (3) a “Scrapbook & Notes” section on the right sidebar
for information gathering during the search session.

3.1.4.3 RAGSearch

RAGSearch refers to the retrieval of relevant information from external knowledge bases before

answering questions with LLMs [48, p. 1]. In this study, it was positioned as a hybrid system, incorpo-

rating characteristics of both search behavior types and knowledge base types. First, it adopted a chat

interface with in-text citation buttons that allow participants to browse the original sources (Figure

3.5). When the button is clicked, a pop-up window appears (Figure 3.6), displaying titles, links, fav-
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icons, and snippets, with direct access to the corresponding web pages. In addition, to leverage both

the search engine and LLM knowledge bases, the system followed an underlying process in which,

when participants enter a query, RAGSearch first retrieves relevant information from a search engine

and then generates a response by integrating the retrieved results with the model’s output. The filtering

of search results followed the same criteria as in the WebSearch condition, and the LLM settings for

multi-turn conversation were kept consistent. The system prompt was also aligned with that used in

the WebSearch condition, with the addition of citation formatting, as shown below.

1 const systemInstruction = `

2 You are a helpful assistant engaged in an ongoing conversation.

3 Answer the current question using the provided sources as your

primary evidence.↪→

4 Use inline citations like [1], [2] to reference sources.

5 Write in clear Markdown with headings and bullet points where

appropriate.↪→

6 Important conversation rules:

7 - If the current question is a follow-up, interpret it in the

context of the previous conversation turns.Use previous turns to

understand what topic the user is referring to, even if the

sources don't explicitly repeat the topic.

↪→

↪→

↪→

8 - For claims drawn from the provided sources, always cite with [n].

9 - Do NOT invent sources or fabricate citations.`;
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Figure 3.5: Interface of the RAGSearch system. This interface combines retrieval-
augmented generation with a conversation-based search experience. The layout features:
(1) the search case and task instructions on the left sidebar; (2) a chat-style display in the
central panel where the system provides generative answers grounded in retrieved sources,
with in-text citations linking to external web pages and an “Ask anything” input field at
the bottom to support continuous dialogue; and (3) a “Scrapbook & Notes” section on the
right sidebar for information gathering during the search session.
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Figure 3.6: Source preview popup in the RAGSearch system, triggered by clicking an in-
text citation button in the chat bubble. The popup displays the title, URL, publication date,
and a brief excerpt of the retrieved external source, allowing users to evaluate its relevance
without leaving the interface. Users may click the URL to access the full external webpage
in a new tab, or immediately save the source to their Scrapbook via the “Scrap this source”
button.
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3.2 Measurement

To address our RQs, this study mainly measured serendipity, self-efficacy, and user satisfaction

after the search session as outcomes of the search. In addition, the study evaluated participants’ search

engagement and novelty of systems’ output information by analyzing participants’ search log collected

from the search session. Lastly, the study also accounted for participants’ pre-task topic familiarity to

control for individual differences in search task performance.

3.2.1 Serendipity

To evaluate serendipity, I applied the five items suggested by [16]. Through these five questions,

this study assessed the various dimensions that conceptually define serendipity (see Table 3.2). This

allows me to empirically measure the key components of the definition of serendipity, such as unex-

pectedness, interestingness, usefulness, and relevance. Participants reported their responses to these

five items on a 7-point Likert scale, ranging from 1 (strongly disagree) to 7 (strongly agree), indicating

the degree to which they perceived serendipity in the information they found (Cronbach’s α = 0.94).

Table 3.2: Survey items for measuring serendipity

No. Survey Items

Q1 I had unexpected revelations about {Topic}.
Q2 I was able to see ordinary knowledge about {Topic} in new ways.
Q3 I obtained unexpected insights about {Topic}.
Q4 I found things about {Topic} that surprised me.
Q5 I made connections about {Topic} that I had not thought of before.

Note. All items were measured on a 7-point Likert scale, where {Topic} was replaced with the specific assigned search
task (e.g., GMOs, nanotechnology, and cultivated meat).
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3.2.2 Search Engagement

To measure search engagement, I adopted search behavioral metrics from [49], comparing Web-

Search, GenSearch, and RAGSearch across several dimensions. Specifically, this study recorded par-

ticipants’ search behaviors, including issued queries, clicked link details, search duration, scrapped

information, and notes. Based on these search behavioral data, three metrics were compared across all

three systems: 1) the number of queries, 2) the number of topics in queries, and 3) search time. Search

time was calculated by subtracting the time spent taking notes from the total completion time of search

task. Additionally, 4.1) the length of queries was compared only between GenSearch and RAGSearch,

and 4.2) the number of links clicked was compared only between WebSearch and RAGSearch due to

its nature of search mechanism. Thus, these metrics collectively captured how actively and extensively

participants engage with each search condition (see the Table 4.1).

3.2.3 Information Novelty

To evaluate the novelty of systems’ output information, I employed the α-nDCG framework

introduced by [50]. This framework systematically rewards results that contribute new information

beyond what has already been seen, while applying a diminishing-return penalty for redundant con-

tent. The unit of information was defined as the lemmatized word token. Each document (SERP

snippets and clicked webpages for WebSearch, AI-generated responses for GenSearch, and both for

RAGSearch) was tokenized, lowercased, filtered of stopwords, and lemmatized. I then constructed a

judgment matrix J for each participant’s search session, where each row corresponds to a query turn

(ordered by the sequence in which the participant issued queries) and each column corresponds to a

unique query token used across participants in the same task. In this matrix, a cell value of 1 indicates
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that the token appeared in the document retrieved at that turn, and 0 indicates its absence. From this

matrix, the redundancy count ri,k−1 was obtained by counting how many times token i had already

appeared in documents from earlier query turns — that is, by summing the 1s in column i from the

first turn up to the turn immediately before the current one. To illustrate, suppose the token "gmo"

appeared in the documents retrieved at turns 1, 2, and 3 within a participant’s session. If it appeared

again at turn 4, its redundancy count would be rgmo,3 = 3, and its contribution to the gain at turn 4

would therefore be discounted by (1− α)3.

Formally, a gain function G[k] accumulates judgments over retrieved documents weighted by

the novelty penalty (1− α)ri,k−1 , and the Discounted Cumulative Gain is computed as:

DCG[k] =
k∑

j=1

G[j]

log2(1 + j)
(3.1)

The final score is normalized against an ideal diversified ranking, yielding:

α-nDCG[k] =
DCG[k]

DCG′[k]
(3.2)

where DCG′[k] denotes the ideal diversified ranking score, producing a final metric on a scale of 0 to

1. The α-nDCG score was aggregated over matrix J, with α = 0.5 (the strength of the redundancy

penalty, where 0 applies no penalty and values closer to 1 impose stronger penalties; 0.5 is the standard

choice in Clarke et al. [50]) and evaluation depth k = 5 (covering the full search session of most

participants, who typically issued three to four queries).
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3.2.4 User satisfaction

Next, the study measured participants’ satisfaction with the given search system and its output

information. Drawing on established measures from prior work [51, 52], I assessed how participants

evaluate information quality through the first five items and how well the system meets their expecta-

tions through the remaining five items (see Table 3.3).Participants rated these ten items on a 7-point

scale ranging from 1 (strongly disagree) to 7 (strongly agree). First, to measure how participants are

satisfied with the contents of information, I evaluated the reliability, relevancy, accuracy, precision,

and completeness of output information provided by the system. Second, to measure how well the

system meets the expectations of using it, I examined their understanding of the system, confidence

in the system, and feeling of participating in the search, control over the system, and assurance in the

system (Cronbach’s α = 0.86).

3.2.5 Self-efficacy

I also measured participants’ post-search self-efficacy to evaluate the downstream outcomes of

serendipity. Following Bandura’s guide for constructing self-efficacy scales [53], I adapted the instru-

ment to the context of exploratory search. Bandura emphasizes that an effective self-efficacy scale

should assess confidence through concrete items tailored to each specific domain, rather than relying

on a general-purpose instrument [53]. Guided by this principle, I developed a seven-item questionnaire

targeting search ability (see Table 3.4), drawing on prior work by Brennan et al.’s factor analysis of

search self-efficacy [54] and White and Roth’s suggested characteristics of exploratory search [21].

First, from the search self-efficacy scale validated by Brennan et al. [54], I retained only the items

applicable across all three search systems and suited to an exploratory search context—for example,
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Table 3.3: Survey items for measuring user satisfaction

No. Survey Item Low Anchor High Anchor

Information Satisfaction
Q1 The information (___) what I was looking

for.
unmatched matched

Q2 The information provided was (___) to un-
derstand the topic.

not enough enough

Q3 The information provided by the system
was (___).

inconsistent consistent

Q4 The search results contained (___) unnec-
essary information.

little much

Q5 The information provided was (___). inaccurate accurate

Overall Search Experience
Q6 Your understanding of the provided search

system
low high

Q7 The degree of your involvement in the
search

uninvolved involved

Q8 Your feelings of participating in search negative positive
Q9 Your feeling of the personal power to reg-

ulate the system
weak strong

Q10 Your feelings of assurance about the
search systems

low high

Note. All items were rated on a 7-point Likert scale. Items for Information Satisfaction and Overall Search Experience
were averaged to create composite scores representing user satisfaction. For Information Satisfaction (Q1–Q5), participants
completed each sentence by selecting a point on a 7-point scale between two bipolar anchors (Low/High), where the
chosen point reflects the degree to which the descriptor fits the blank.For Overall Search Experience (Q6-Q10), participants
rated their subjective experience of the search system across five dimensions: understanding of the system, degree of
involvement, feelings of participation, sense of personal control, and feelings of assurance.
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items assessing the ability to formulate queries, distinguish relevant results, and locate sufficient in-

formation. Next, I incorporated four items derived from the exploratory search abilities identified by

White and Roth [21]: wayfinding, timely filtering of irrelevant information, comparison across results,

and sense-making. Each item was rated on an 11-point scale ranging from 0 to 10, a format Bandura

recommends as both simple and sensitive [53] (Cronbach’s α = 0.94).

Table 3.4: Survey items for measuring self-efficacy

No. Survey Items

Q1 I think I’m able to develop search queries that accurately reflect what I’m looking for.
Q2 I think I’m able to distinguish between results that are relevant to my needs and those that are not.
Q3 I think I’m able to find an adequate amount of information.
Q4 I think I’m able to navigate through information spaces to find what I need.
Q5 I think I’m able to quickly decide which results to skip and which to pursue.
Q6 I think I’m able to compare multiple results and draw an integrated conclusion.
Q7 I think I’m able to form and revise my understanding as I discover new information.

Note. Each item was rated on an 11-point scale ranging from 0 to 10, where higher scores indicate greater self-efficacy.
Beyond fundamental search skills (Q1–Q3), items Q4–Q7 were adapted from White and Roth’s framework for exploratory
search, specifically assessing wayfinding ability, selective filtering of irrelevant information, cross-item comparison, and
sense-making capabilities.

3.2.6 Topic Familiarity

Lastly, I measured topic familiarity prior to the search session to assess participants’ readiness

to engage in exploratory search with the given task (see Table 3.5). Following the conditions under

which exploratory search occurs as described in [21], I constructed a topic familiarity measurement

consisting of three items. According to this work, exploratory search requires that participants (1)

be unfamiliar with the domain, (2) lack certainty about their search goals, and (3) be uncertain about

how to achieve those goals. Accordingly, I used these items to measure how actively participants

were positioned to engage in search; the results showed a Mean of 3.77 and SD = 1.36 (Cronbach’s

α = 0.79). Thus, participants in this study exhibited a moderate level of readiness for exploratory
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search, suggesting they were open to serendipitous discoveries.

Table 3.5: Survey items for measuring pre-task topic familiarity

No. Survey Items

Q1 How familiar are you with the {Topic}?
Q2 To what extent are you knowledgeable about keywords and concepts related to {Topic}?
Q3 How clear is your plan for finding interesting information about {Topic}?

Note. All items were rated on a 7-point Likert scale (1: Not at all, 7: Very much), where {Topic} was replaced with the
specific assigned search task (e.g., GMOs, nanotechnology, and cultivated meat). These items were administered prior to
the search task to control for the baseline knowledge of participants across different topics.

3.3 Analysis Plan

I applied different analysis methods tailored to each RQ and hypothesis to address the goals of

this study. For RQ 1, RQ 2, and RQ 3, which aimed to compare outcomes across different search

systems, I primarily employed ANOVA or independent t-tests across varying dependent variables.

First, RQ 1 examined the level of serendipity among participants across three conditions (WebSearch,

RAGSearch, and GenSearch). Accordingly, I employed a one-way ANOVA to examine whether there

were significant differences in serendipity among the three systems. Subsequently, I conducted post

hoc tests using Tukey’s Honestly Significant Difference (HSD) to perform pairwise comparisons of (1)

GenSearch vs. RAGSearch, (2) WebSearch vs. RAGSearch, and (3) GenSearch vs. WebSearch. Next,

to address RQ 2 and RQ 3, I applied one-way ANOVA and independent samples t-tests to compare

search engagement (RQ 2) and the quality of information (RQ 3). Since GenSearch and WebSearch

operate on inherently different mechanisms, I conducted pairwise comparisons against RAGSearch for

specific fields such as click counts and query length. Following these analyses, H1, H2, RQ 4, and

RQ 5 investigated the relationships between variables. Specifically, H1 and H2 tested the effect of

their respective independent variables on serendipity, while RQ 4 and RQ 5 treated serendipity as an
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independent variable for downstream outcomes.

Prior to the analysis results, descriptive statistics are presented in Table 4.1, followed by the

full results listed in Table 4.3. In Table 4.3, I reported the ANOVA results and pairwise comparisons

for RQ 1, RQ 2, and RQ 3. I present the independent samples t-test results in the text to compare

indicators that could only be compared between specific systems. Lastly, I presented the results of

the correlation between serendipity and its psychological outcomes in Table 4.2 for RQ 4 and RQ

5. In conclusion, throughout Chapter 4, I organize the results around three overarching questions,

highlighting key patterns alongside these tables.
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Chapter 4: Results

4.1 GenSearch and RAGSearch showed numerically but not significantly higher

serendipity than WebSearch

First, the analysis (see Table 4.1 and Figure 4.1 ) for RQ 1 revealed that GenSearch users expe-

rienced the highest level of serendipity (M = 5.40, SD = 1.25), followed by RAGSearch (M = 5.37, SD

= 1.19), and WebSearch (M = 4.96, SD = 1.45). However, there was no statistically significant differ-

ence in the level of serendipity across the three conditions (WebSearch, RAGSearch, GenSearch), F(2,

66) = 2.159, p = .124, η2 = .06 (see Table 4.3). When applying Tukey’s HSD pairwise comparisons,

none of the three comparisons reached statistical significance. The difference between WebSearch and

RAGSearch showed a medium effect size but did not reach conventional significance (t(43) = -2.080,

p = .114, d = -0.620), while the comparisons between GenSearch and WebSearch (t(45) = -1.248, p =

.344, d = -0.364) and between GenSearch and RAGSearch (t(44) = 0.749, p = .788, d = 0.221) were

also not significant. Thus, RQ 1 results indicated that the search system did not produce significant

differences in users’ serendipity experiences.

4.2 WebSearch users showed more search engagement than RAGSearch users

Second, for RQ 2, the comparison of search engagement across the two different search mecha-

nisms revealed several cases in which users’ search engagement was significantly higher in WebSearch

than in RAGSearch (see Table 4.1 and Table 4.3). Specifically, independent samples t-tests further re-

vealed that the number of link clicks (t(43) = 4.700, p < .001, d = 1.402) and the number of queries was

statistically significantly higher among WebSearch users than among both RAGSearch users (t(43) =

3.801, p = .001, d = 1.134) and GenSearch users (t(45) = 2.989, p = .003, d = 0.872). In contrast, search
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Figure 4.1: Mean plot with 95% confidence intervals for user-perceived serendipity across
the three search systems (WebSearch, RAGSearch, and GenSearch). The data indicate the
extent to which serendipity levels differ across search systems.
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Table 4.1: Descriptive statistics of comparison across search systems

WebSearch RAGSearch GenSearch
Metric (n = 24) (n = 25) (n = 26)

M SD M SD M SD

Serendipity 4.96 1.45 5.37 1.19 5.40 1.25

Number of queries 4.39 1.34 3.23 0.53 3.38 0.97
Number of topics 3.13 0.76 3.18 0.59 3.43 0.95
Search Time (s) 231.0 137.0 265.0 129.0 252.0 138.0
Number of clicks 4.13 3.93 0.14 0.64 N/A N/A
Length of query (words) N/A N/A 11.10 10.60 8.52 3.87

Novelty of Information 0.94 0.11 0.85 0.10 0.82 0.12

User Satisfaction 5.77 0.75 5.69 0.92 6.02 0.80
Self-Efficacy 9.60 1.14 9.26 1.42 9.37 1.48

Note. M = Mean, SD = Standard Deviation. Serendipity, Novelty, and User Satisfaction were measured on a 7-point
scale, while Self-Efficacy was measured on an 11-point scale (0–10). "N/A" indicates metrics not applicable to the specific
system interface (e.g., query length was not captured in WebSearch, and clicks were not applicable to GenSearch system).
Search Time is reported in seconds.

time and the number of topics per query were higher among RAGSearch and GenSearch users than

among WebSearch users, although these differences did not reach statistical significance (as shown in

Table 4.3). Furthermore, I found no areas of search engagement in which RAGSearch and GenSearch

differed significantly. Therefore, I concluded that the navigational characteristic (the key distinction

between GenSearch and RAGSearch) did not significantly affect users’ search engagement, whereas

the conversational characteristic (the key distinction between WebSearch and RAGSearch) had some

significantly negative effects on users’ search engagement.

4.3 WebSearch exhibited more novel information than RAGSearch and GenSearch

Third, for RQ 3, my analysis (see Table 4.1, Table 4.3, and Figure 4.3) showed that the novelty

of the system’s output information was significantly highest in the WebSearch condition (M = 0.94,

SD = 0.11, F(2, 59) = 6.046, p = .004, η2 = .17), followed by RAGSearch (M = 0.85, SD = 0.10) and
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(a) Comparison of WebSearch and RAGSearch

(b) Comparison of GenSearch and RAGSearch

Figure 4.2: Mean with 95% confidence intervals for search engagement variables across
system comparisons. (a) Comparison of WebSearch and RAGSearch across number
of clicks, number of topics, number of queries, and search time; (b) Comparison of
GenSearch and RAGSearch across length of query, number of topics, number of queries,
and search time. Points represent group means and vertical lines indicate 95% confidence
intervals.
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GenSearch (M = 0.82, SD = 0.12). Notably, WebSearch’s information novelty was also significantly

higher than that of RAGSearch (t(37)1 = 2.525, p = .050, d = 0.816) and GenSearch (t(37) = 3.300, p =

.003, d = 1.055) in pairwise comparisons. However, there was no significant difference in information

novelty between RAGSearch and GenSearch. Taken together, these results suggested that the retrieved

knowledge base (the key distinction between GenSearch and RAGSearch) did not significantly affect

information novelty, whereas the involvement of parametric knowledge (the key distinction between

WebSearch and RAGSearch) appeared to have a negative effect on information novelty.

Figure 4.3: Mean plot with 95% confidence intervals for information novelty scores across
the three search systems. The data indicate the extent to which information novelty differs
across search systems.

4.4 Search engagement and information novelty were not related to serendipity

Next, neither search engagement (H1) nor information novelty (H2) significantly predicted

serendipity. For H1, the composite engagement measure did not significantly predict serendipity (B =

1Degrees of freedom reflect listwise exclusion of participants with missing α-nDCG scores.
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0.361, SE = 0.222, p = .109), and individual engagement measures showed non-significant correlations

with serendipity (see Table 4.2). For H2, information novelty was also not significantly correlated with

serendipity (r = -0.064, p = .623), and this non-significant relationship persisted after controlling for

the experimental condition (B = -0.130, SE = 1.135, p = .909). Thus, neither H1 nor H2 was supported.

Table 4.2: Pearson correlations between search engagement and serendipity, and between
information novelty and serendipity

Overall WebSearch RAGSearch GenSearch

Measure r p r p r p r p

Search Engagement (H1)
Number of queries -0.081 .510 0.124 .572 0.182 .417 -0.140 .514
Number of subtopics 0.000 1.000 0.000 .998 0.230 .302 -0.118 .592
Search time (s) 0.207 .088 0.307 .154 0.220 .326 0.051 .814

Information Novelty (H2)
Novelty of output information -0.064 .623 -0.023 .931 -0.129 .568 0.046 .834

Note. r = Pearson’s correlation coefficient, p = two-tailed significance. The correlation analysis examines the relationship
between serendipity and participants’ search engagement/information novelty across different system conditions. Signifi-
cance is typically denoted at the * p < .05 level, though no results reached statistical significance.

4.5 The effect of Serendipity on user satisfaction and self-efficacy

Lastly, I found that users’ serendipity experience significantly predicted their satisfaction (B

= 0.197, SE = 0.089, p = .027, f 2 = 0.073). However, this relationship varied considerably across

conditions: the effect was large and significant for WebSearch users (r = 0.625, p = .001), but negligible

and non-significant for both RAGSearch (r = 0.059, p = .794) and GenSearch users (r = -.003, p =

.991). In contrast, serendipity did not significantly predict self-efficacy for future search across all

three conditions (RQ 5; B = 0.195, SE = 0.151, p = .200), with negligible correlations observed in

WebSearch (r = 0.113, p = .607), RAGSearch (r = 0.257, p = .247), and GenSearch (r = 0.215, p

= .313). Therefore, these results suggested that serendipity contributed to user satisfaction primarily
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in traditional web search contexts (RQ 4), while its effect on self-efficacy for future search appeared

limited regardless of the search system (RQ 5).

Table 4.3: ANOVA and pairwise comparisons across search systems

Metric & Comparisons ANOVA Test Result Est. SE t p d
F (df1, df2), p, η

2 Pairwise Comparison (Tukey’s HSD)

Serendipity (Not Supported)
RAGSearch vs. WebSearch F (2, 66) = 2.159, 0.606 0.291 -2.080 .114 -0.620
GenSearch vs. WebSearch p = .124, η2 = .06 0.411 0.329 -1.248 .344 -0.364
GenSearch vs. RAGSearch -0.195 0.260 0.749 .788 0.221

Search Engagement
1. Number of Queries (Supported)
RAGSearch vs. WebSearch F (2, 66) = 9.051, -1.164 0.306 3.801 .001 1.134
GenSearch vs. WebSearch p < .001, η2 = .22 -1.016 0.340 2.989 .003 0.872
GenSearch vs. RAGSearch 0.148 0.233 -0.633 .873 -0.187

2. Number of Topics (Not Supported)
RAGSearch vs. WebSearch F (2, 65) = 1.000, 0.051 0.203 -0.253 .973 -0.076
GenSearch vs. WebSearch p = .373, η2 = .03 0.304 0.253 -1.205 .387 -0.355
GenSearch vs. RAGSearch 0.253 0.236 -1.072 .525 -0.320

3. Search Time (Not Supported)
RAGSearch vs. WebSearch F (2, 66) = 0.371, 34.341 39.823 -0.862 .672 -0.257
GenSearch vs. WebSearch p = .691, η2 = .01 21.128 40.209 -0.525 .854 -0.153
GenSearch vs. RAGSearch -13.213 39.560 0.334 .941 0.099

Information Novelty (Supported)
RAGSearch vs. WebSearch F (2, 59) = 6.046, -0.084 0.033 2.525 .050 0.816
GenSearch vs. WebSearch p = .004, η2 = .17 -0.118 0.036 3.300 .003 1.055
GenSearch vs. RAGSearch 0.035 0.032 1.076 .530 0.321

Note. Est. = Estimate, SE = Standard Error, d = Cohen’s d (effect size). Significance levels are reported as exact p-values.
Bold text for "Supported" indicates statistical significance at the p < .05 level.
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Chapter 5: Conclusion

5.1 AI-powered search systems enable effort-efficient serendipitous discovery

Although no statistically significant difference in serendipity was found across the three condi-

tions, the descriptive pattern showed GenSearch and RAGSearch users reporting numerically higher

serendipity than WebSearch users, with a medium effect size (d = −0.620) that did not reach con-

ventional significance (p = .114). While this difference should be interpreted with caution given

the non-significant test, the observed direction is consistent with the possibility that conversational,

AI-mediated search may play a role in facilitating unexpected and meaningful information discov-

ery. Rather than requiring users to actively navigate and filter through a large volume of results, AI

powered search system may lower the cognitive threshold for serendipity by contextually synthesizing

information in a way that surfaces personally relevant content. Future research with larger samples

would be needed to determine whether this trend reflects a reliable effect.

5.2 Higher search engagement, higher novelty in output information, but lower

serendipity in WebSearch users

WebSearch users demonstrated significantly higher search engagement, submitting more queries

and clicking on more external links, and the system produced objectively higher information novelty

compared to both AI-based conditions. Yet despite these advantages, WebSearch users reported lower

serendipity than RAGSearch users, revealing an important dissociation: active engagement and quan-

titative novelty do not, on their own, guarantee a serendipitous experience. One interpretation is that

the navigational nature of WebSearch, while expanding the breadth of information exposure, places a

greater burden on users to make meaningful connections themselves, such that the cognitive load asso-
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ciated with actively seeking, filtering, and evaluating a large number of results may actually impede the

spontaneous sense of unexpected discovery that characterizes serendipity. By contrast, RAGSearch,

despite eliciting fewer queries and clicks, appears to facilitate serendipity more efficiently by deliver-

ing contextually integrated responses that enable users to encounter meaningful information with less

deliberate effort. This pattern ultimately challenges a common assumption in the information retrieval

literature that novelty is a reliable proxy for serendipity, as our results suggest these are empirically

distinct constructs. What matters is not simply whether information is new, but whether it is presented

in a way that allows users to recognize its relevance and connect it to their existing knowledge and

interests, and in this regard, the contextual relevance facilitated by AI-based systems may be more

conducive to serendipity than the sheer volume of novel content surfaced by traditional web search.

5.3 Serendipity leads to user satisfaction but does not impact self-efficacy

Serendipity was a significant predictor of overall user satisfaction, suggesting that unexpected

and valuable information discovery contributes meaningfully to how users evaluate their search expe-

rience. Notably, however, this effect was driven primarily by WebSearch users, while the relationship

between serendipity and satisfaction was less pronounced in the AI-based conditions. This may reflect

differences in user expectations across systems: when users interact with a traditional search engine,

the discovery of unexpected yet relevant information stands out as a particularly rewarding experience

against a backdrop of effortful navigation. In contrast, users of AI-based systems may attribute their

satisfaction more broadly to the convenience and coherence of the responses they receive, making it

more difficult for any single serendipitous moment to register as distinctively impactful. Serendipity,

however, did not significantly predict self-efficacy in any of the three conditions. This null finding
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suggests that isolated serendipitous encounters, even when satisfying, may not be sufficient to mean-

ingfully alter users’ beliefs in their own search capabilities. Developing self-efficacy likely requires

repeated, recognizable success experiences that users can attribute to their own agency — a condition

that a single experimental search session may not be able to fulfill. Future research should examine

whether cumulative serendipity experiences, sustained over time and across varied search contexts,

eventually contribute to the development of search self-efficacy.

5.4 Discussion

Through these findings, I observed a descriptive pattern consistent with RAGSearch enabling

effort-efficient serendipitous discovery. Although the difference in serendipity between RAGSearch

and WebSearch did not reach statistical significance, RAGSearch users reported numerically higher

serendipity while submitting significantly fewer queries and clicks to web sources. This pattern is

consistent with the possibility that AI can facilitate unexpected discoveries by contextually connecting

relevant information in advance, with minimal active engagement on the part of the user.

Furthermore, given that no significant differences were found between RAGSearch and GenSearch

users in terms of either search engagement or the novelty of system’s output information across

all analyses, I conclude that despite its hybrid nature, RAGSearch tends to align more closely with

GenSearch in practice. The behavioral similarity between RAGSearch and GenSearch users in terms

of search engagement may be explained by the fact that RAGSearch users rarely utilized the external

website feature; notably, only a single RAGSearch user followed a link to an external source.

Additionally, I found that information novelty does not straightforwardly translate into serendip-

ity experience. While prior studies have suggested a potential link between information novelty and
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serendipity, these findings reveal a meaningful gap between objectively measured novelty and sub-

jectively experienced serendipitous discovery. Indeed, WebSearch outperformed AI-based systems

in information novelty, yet this did not translate into higher serendipity. This suggests that simply

presenting previously unseen information is insufficient for serendipity; rather, meaningful contextual

relevance matters more than quantitative novelty. Moreover, an excessive focus on delivering a greater

volume of novel information may instead give rise to problems such as cognitive overload [55]. In this

regard, although RAGSearch may present a smaller quantity of novel information than WebSearch,

its ability to deliver personally relevant and contextually appropriate information may be more con-

ducive to serendipitous discovery by keeping cognitive load within a manageable range while fostering

meaningful connections for the individual.

Finally, to establish serendipity as an enduring pattern of individual behavior rather than a mere

one-time chance encounter, I reasoned that users would need to report both high satisfaction with their

search experience and positive outcomes in self-efficacy. Accordingly, I examined these two down-

stream effects. Among them, I found that serendipity significantly contributed to user satisfaction.

Such positive search experiences may foster the conditions for users to become what Erdelez terms

“super-encounterers”—individuals who are “serendipity-prone” in that they actively seek to create

circumstances favorable to information encountering and are positively reinforced through successful

experiences [19]. However, this trajectory is likely shaped by a wide range of individual character-

istics [40]. Consistent with this, these findings also suggest that the pathways from serendipity to

satisfaction and self-efficacy vary across individuals. For instance, factors such as demographic char-

acteristics, frequency of use of search systems, and familiarity with the search topic may all play a role.

Future research should therefore incorporate more diverse individual-level variables into its analyses

to better account for this variability.
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In this paper, I compared three search systems with a focus on serendipity, examining how each

system fosters serendipitous discovery and how such experiences may in turn positively influence

users’ search behavior and future encounters with serendipity. Serendipity, as a measure of the degree

to which users subjectively perceive or experience information as interesting or valuable, is a more

conservative yet fundamentally user-centered metric than information novelty, and one that deserves

greater consideration in the development of search systems. Furthermore, people frequently do not

know what they do not know, a condition commonly referred to as “unknown unknowns” [56], under-

scoring the importance of systems that can surface meaningful information beyond the boundaries of

users’ existing awareness.

I therefore argue that serendipity should be more actively incorporated into the design and eval-

uation of AI-powered search systems. Given that human information behavior is fundamentally non-

linear, dynamic, holistic, and flowing [57], future efforts must grapple more carefully with how to

account for individual-level factors—such as social context, cognitive state, emotional condition, and

prior knowledge—in shaping the conditions for serendipitous discovery.
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