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With the increasing awareness of health consumers as active information seekers, the

past decade has witnessed a shifting research interest from a physician-centered paradigm

to a consumer-centered paradigm. Online health information seeking (OHIS) has become

pervasive, with critical impacts on consumers’ health. However, the inherent complexity and

the uniqueness of health tasks pose new challenges to consumers in OHIS, such as a lack

of adequate knowledge to formulate queries and evaluate the online resources with various

qualities. OHIS is, by nature, a learning-oriented behavior, and knowledge learning is a

critical component and outcome of consumers’ OHIS. On the other hand, studies in the area

of search as learning (SAL) have demonstrated that learning is a common phenomenon in the

information-seeking process. However, the existing studies in OHIS mainly concentrated on

viewing consumers’ domain knowledge as a fixed value, even though consumers are involved

in the knowledge learning in the OHIS. Therefore, this dissertation proposes a conceptual

framework of health information search as learning (HearSAL) by linking the related models

and prior studies from the two areas — OHIS and SAL — and conducts a systematic study

to understand what, how, and how well health consumers can search and learn in online

health information seeking, particularly for three increasing levels of learning objectives:

Understand, Analyze and Evaluate.

Two representative health consumer groups, laypeople and cancer patients, are targeted

in this dissertation study because they share the common issue of facing barriers in searching

and learning in OHIS, yet they are different due to prior topic knowledge, learning duration,

and learning expectation. Following the conceptual framework HearSAL, four sub-studies

are conducted with emphasis on different dimensions of health consumers’ search as learning

in OHIS,including the following: Study 1: a user study with laypeople that examines the

method dimension (e.g., search behaviors and source selections); Study 2: an analysis of an

iv



ovarian cancer online health community that reveals the information dimension (e.g., types

and amount of information); Study 3: interviews with laypeople; and Study 4: interviews

with ovarian cancer patients and caregivers. The two complementary interviews highlight

the outcomes of OHIS.

Major results demonstrate that, (1) health consumers’ SAL behaviors and sources vary

by different levels of learning objectives, and the variation is affected by the severity of

health conditions; (2) Analyze is the most prevalent learning objective in the online health

community, while the amount of informational support is the highest in the Evaluate level;

(3) Though consumers’ prior knowledge of the Understand level is the highest, compared to

higher levels, consumers still tend to achieve the most knowledge increase in the Understand

level of learning; and (4) Receiving more informational support drives consumers to increase

the level of learning objectives.

This dissertation makes empirical, practical, theoretical and methodological contribu-

tions. The empirical studies of laypeople and ovarian cancer patients provide a deeper

insight into health consumers’ SAL behavior and performance in today’s web environment.

Based on the empirical results, practical implications are proposed for designing consumer-

centered health information systems, which facilitate seeking and enhance learning. Finally,

the HearSAL framework and its application in this study can serve as a theoretical and

methodological basis for future explorations.
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1.0 Introduction

This chapter presents an overview of the research challenges, elaborates on the problem

statements, and summarizes the research motivations and the significance of this dissertation.

Finally, an overview of the chapter structure is displayed.

1.1 Overview

With a dramatic growth of the available health information on the Internet, an increasing

number of health consumers actively use the Internet as a resource to obtain health-related

information (Fox, 2013). Online health information seeking (OHIS), in which con-

sumers use the Internet to seek and receive information to address health concerns, has

brought unique benefits and made it different from traditional health information seeking.

For example, given its confidentiality and anonymity, OHIS could protect patients when

they seek help with certain sensitive or private health problems (Kim, Park, & Bozeman,

2011; Cline & Haynes, 2001). Beyond informational support, the Internet also facilitates the

process of seeking emotional support and social support for patients on their health issues

from a much wider range of user populations (Chung, 2014).

Despite the above benefits, the inherent complexity and the uniqueness of health tasks

also pose new challenges to consumers in their OHIS, such as a lack of adequate knowledge

to formulate queries and evaluate online resources of varying quality (Cline & Haynes, 2001;

Rice, 2006; White, Dumais, & Teevan, 2009). The fact that online health information

is regularly full of medical terminology only makes this problem worse. Worse yet, such

information does not guarantee effective knowledge learning.

Search as learning (SAL) is an emerging research agenda grounded in multiple re-

search fields, including library and information science, educational psychology, learning ana-

lytics, and information retrieval (Hoppe et al., 2018). SAL researchers believe that knowledge

learning is an implicit parallel process with the explicit information seeking process. As a

1



result, the seeker’s knowledge change is an outcome of the SAL process.

This dissertation investigates health consumers’ SAL behaviors in OHIS. This is a promis-

ing research topic for the following reasons:

Firstly, health-related information seeking is a typical type of domain-specific search in

which people who possess higher domain knowledge are more likely to succeed. Domain

knowledge has been viewed as a crucial implicit factor influencing search behaviors, strate-

gies, and performance in health information seeking research (Hölscher & Strube, 2000;

Jenkins, Corritore, & Wiedenbeck, 2003). The existing studies in HIS, however, mainly

concentrated on viewing one’s domain knowledge as a fixed value; regardless of this, individ-

uals’ domain knowledge can be increased even during the short-term OHIS process. Through

OHIS, consumers are involved in implicit and explicit knowledge learning. Therefore, the re-

searcher argue that OHIS is, by nature, a learning-oriented activity, and knowledge learning

is a critical component and outcome of consumers’ OHIS.

Secondly, even in the substantial SAL literature, there is very limited work investigating

the interplay between health consumers’ behaviors and their knowledge learning outcomes.

Previous work suggests that domain experts and novices behave differently in searching for

health-related information (White et al., 2009; Wildemuth, 2004), while, on the other hand,

there exist studies that demonstrate one’s knowledge level is predictable from her searching

behaviors (Yu et al., 2018; J. Liu, Liu, & Belkin, 2016). Therefore, this motivated this work

to investigate the factors that affect the learning outcomes in the dynamic OHIS process.

The goal is to alleviate the difficulties and provide the demanding facilities that would result

in a better SAL experience in the design of the domain-specific search system.

Thirdly, this dissertation work aims to examine two representative groups of health con-

sumers: laypeople and cancer patients. The uniqueness of health consumer groups inspires

the selection of these two groups (Goldner, 2006; Baggott, Allsop, & Jones, 2014). Health

consumers are a vast population of people, including laypeople who are interested in general

health information but have limited prior knowledge about health issues, as well as can-

cer survivors with the presence of a medical condition and some experience living with the

condition. Different health consumer groups could behave very differently in online health

information seeking in many aspects, such as information needs, source selection, and search
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behaviors (Y. Zhang, Sun, & Kim, 2017; De Choudhury, Morris, & White, 2014). However,

it remains unclear how ones’ health status would influence SAL in online health information

seeking.

Specifically, I believe it is beneficial to include laypeople and cancer behaviors because

of their unique characteristics regarding learning in OHIS.

On the one hand, both laypeople and cancer patients are likely to be involved in knowl-

edge learning in OHIS and facing similar barriers such as lack of topic knowledge. On

the other hand, they are different concerning prior topic knowledge, learning duration, and

learning expectation.

Overall, with more and more exploration in the SAL research area, studying learning in

the OHIS is a promising research agenda. Therefore, to bridge the gap in the literature, this

dissertation attempts to link the related framework and prior studies in the fields of OHIS

and SAL, and conducts a systematic study to understand what, how and how well health

consumers (e.g., laypeople and cancer patients) search and learn in online health information

seeking.

1.2 Problem Statement

1.2.1 Internet as a Health Information Resource: Prevalence and Challenge

Though the healthcare provider is a preferred information source, there are some limita-

tions and constraints restricting health consumers from addressing their information needs

through communication with healthcare providers. Firstly, healthcare providers are some-

times inaccessible or unavailable to consumers. Secondly, for some health conditions, like

gynecological cancers, patients are not always willing to share all the information needs

to the providers, such as needs regarding sexuality and intimacy. Therefore, the Internet,

with its anonymity and pervasiveness, increasingly becomes an information source for many

health consumers.

Nowadays, due to an explosion in the amount of online health information, more and
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more people use online resources to seek this type of information. According to the Health

Fact Sheet by the Pew Research Centre’s national wide project (Fox, 2013), 72% of the US

Internet users have looked online for health information. They also reported that the online

information affected their decisions on how to treat an illness, maintain their health, see a

doctor, cope with a chronic condition, and even whether to see a doctor.

Despite the prevalence of OHIS, the Internet as a health information resource lays ad-

ditional challenges upon health consumers. Above all, not all health consumers are equal

in the context of OHIS. In general, health information seeking is a typical type of domain-

specific search (Hanbury, 2012), in which a high level of domain knowledge is required to

conduct searches successfully. Therefore, professionals who possess higher knowledge tend

to have better strategies and higher success rates in solving health information seeking tasks

(Bhavnani, 2002; White et al., 2009). However, for consumers who do not possess enough

knowledge about their health issues, the current general-purpose search engine is not suffi-

cient to support their health-related searches (Bhavnani, 2002).

While an increasing population relies on OHIS to address their health information

needs—and while it is known that in this kind of domain-specific information seeking, learn-

ing plays an important role as both a by-product of the search process and an influential

factor determining search performance (Bhavnani, 2002; White et al., 2009)—there is little

existing work that combines learning and health information seeking, to my best knowledge.

1.2.2 Search as Learning as an Emerging Research Agenda: Rise and Themes

SAL is recognized as a separate research agenda and emerged from several research fields,

including information science, educational psychology, learning analytics, and information

retrieval (Hoppe et al., 2018). Though examining the SAL process is not a new topic in

the literature, research interests in SAL have arisen and gained plenty of attention, mainly

through a series of information retrieval workshops, in recent years.

In 2012, participants in the SWIRL (The second strategic workshop on information

retrieval in Lorne) proposed that information retrieval systems should support learning ex-

periences by introducing a variety of tools for exploring information (Allan, Croft, Moffat,
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& Sanderson, 2012). Agosti, Fuhr, Toms, and Vakkari (2014) suggested a research agenda

called ”from searching to learning” in the 2013 Dagstuhl seminar. It emphasized the im-

portance of conceptualizing learning as a searching outcome. Sequentially, in the following

years, two Searching as Learning (SAL) Workshop took place, with one co-located with

IIiX 2014 (Information Interaction in Context conference) and one with ACM SIGIR 2016

(Special Interest Group on Information Retrieval) (Gwizdka, Hansen, Hauff, He, & Kando,

2016). The next year, a seminar titled “Search as Learning” was held in Dagstuhl, Germany,

in February 2017. Researchers from different backgrounds presented and discussed four big

research themes of “(i) understanding search as a human learning process; (ii) the measure-

ment of learning performance and learning outcomes during search; (iii) the relationship

between the learning process and the search context; and (iv) the design of functionalities

and search system interventions to promote learning” (Collins-Thompson, Hansen, & Hauff,

2017). Most recently, in October 2019, researchers in the first SALMM (Search as Learn-

ing with Multimedia Information) started to explore and discuss search as learning with

multimedia information beyond textual documents (Ewerth, Dietze, Hoppe, & Yu, 2019).

In information science, it has long been known that knowledge acquisition is an essential

component in the information-seeking process. As stated in the Anomalous State of Knowl-

edge (ASK) model, Belkin (1980) argued that information seeking is a process to resolve the

anomaly between users’ current states of knowledge the problem they faced. Marchionini

(2006) claimed that beyond simple lookup search, people often engage in exploratory search

tasks in which learning and investigation could play essential roles.

Additionally, empirical studies have proved that the domain-specific knowledge of a per-

son is not fixed. Moreover, the information-seeking process, though short, allows the users

to gain domain-specific knowledge in their interactions with online information sources. Nu-

merous empirical studies have provided substantial evidence suggesting learning to be a

widespread phenomenon in people’s search processes (Eickhoff, Teevan, White, & Dumais,

2014; Vakkari, Pennanen, & Serola, 2003; Chi, Han, He, & Meng, 2016; Collins-Thompson,

Rieh, Haynes, & Syed, 2016).

Despite the research interests and great research efforts devoted to understanding or

modeling SAL behaviors, there is limited research conducted in the context of health-related
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information seeking. Little is known about the factors that might enhance or impede such

learning during OHIS. Therefore, this dissertation aims to examine health consumers’ SAL

behaviors and performances.

1.2.3 Two Health Consumer Groups: Laypeople and Cancer Patients

With the increasing awareness of health consumers as active information seekers rather

than passive information recipients, the past decade has witnessed a shifting research interest

from a physician-centered paradigm to a consumer-centered paradigm (Zeng et al., 2004;

Y. Zhang, 2012). However, it is also notable that falling under the umbrella term of ”health

consumer,” individuals can behave very differently due to a diverse range of factors, such as

health conditions, health tasks, and health status (Y. Zhang et al., 2017; De Choudhury et

al., 2014).

In this dissertation, two particular health consumer groups—laypeople and cancer pa-

tients—are chosen because they share common barriers in learning but are unique at the

same time.

On the one hand, both laypeople and cancer patients are likely to be involved in knowl-

edge learning in OHIS and face similar barriers regarding a lack of topic knowledge. Due

to the expansion of online health information, many consumers have to navigate through

webpages of varing quality. However, for those who are not adequately equipped with health-

related knowledge, it can be challenging to precisely articulate information needs (Pang,

Chang, Pearce, & Verspoor, 2014) and accurately judge the relevance and quality of the

online content (Pian, Khoo, & Chang, 2016).

On the other hand, laypeople and cancer patients are different concerning prior topic

knowledge, learning duration, and learning expectation.

Unique Differences between Laypeople and Cancer Patients Above all, the prior

topic knowledge of the two groups of health consumers is different. The most common reason

for laypeople to conduct OHIS is for self-diagnosing their uncertain symptoms or health con-

cerns (Fox, 2013), which means many laypeople have very limited or even no prior knowledge

about their conditions. As a result, laypeople mainly face two important challenges when
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seeking health information online. Firstly, they often have inadequate knowledge about their

health issues, so finding the right query terms to describe their information needs is difficult

(D. L. Hansen et al., 2003; Pang et al., 2014). Additionally, laypeople often lack knowl-

edge about which online sources contain relevant information at a suitable level for them to

understand (Pang et al., 2016).

Conversely, though cancer patients are also not experts in the health and medical do-

main, living with cancer for years, patients’ prior knowledge about their health conditions is

expected to be generally higher than laypeople and is dynamic over the disease trajectory.

The dynamic knowledge state, in turn, further determines what information the patient

needs, how one expresses the needs, and what information is at the right knowledge level

to be understood. However, online health information currently is organized or provided,

disregarding the health consumers’ knowledge levels. It remains unclear how the different

groups of consumers’ preexisting knowledge affect the SAL process and how well they can

conduct SAL through OHIS.

In addition, the SAL duration of the two groups is different. Usually motivated by a

health-related information need, such as an uncertain symptoms, laypeople are more likely

to conduct a short-term OHIS, while, in most cases, cancer patients’ SAL is a constant and

long-term behavior. As previous work suggested, many laypeople simply start their search

by issuing queries to a search engine (Eysenbach & Köhler, 2002; Fox, 2013; D. L. Hansen

et al., 2003). In D. L. Hansen et al. (2003), 87% of the laypeople visited sites directly from

search results or search engines’ recommendations. The whole SAL session for laypeople

is relatively short term compared to a cancer patients who have constant health-related

information needs. Following a cancer diagnosis, cancer patients have an increasing need

for information. They are eager to learn assorted information and knowledge about their

condition. Over the course of survivorship, cancer patients have various needs of self-care,

self-monitoring, and self-management. To satisfy these needs, they constantly demand and

acquire information through multiple sources, thus being involved in a long-term SAL course

with different search strategies and source preferences.

Finally, because of the presence and severity of the health condition, the two groups’

learning expectations are also anticipated to be different. Cancer patients are more likely to
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be pursuing health information with a higher level of domain knowledge, such as treatment-

related information.

Cancer Survivorship Globally, cancer is a critical public health problem and affects

many people’s health and quality of life. In the United States, according to the American

Cancer Society’s latest cancer statistics, there were 1.8 million new cancer cases diagnosed

and 606,520 deaths due to cancer in 2020 (Siegel, Miller, & Jemal, 2020). Cancer is the

second-leading cause of death in the United States after heart disease. In recent years,

substantial efforts have been devoted to fighting against cancer. Accordingly, the overall

cancer death rate decreased by 26% from 1991 to 2015 (Cancer Statistics , n.d.), per the

data of the National Cancer Institute, following by the largest drop rate of 2.2% from 2016

to 2017 (Siegel et al., 2020). The decline of the cancer death rate effectively demonstrates

the progress in the fight against cancer. With the help of progressive treatment and early

diagnosis, cancer survivorship has been continuously extended since 1975. From 2009 to

2015, the five-year relative survival rate for all diagnosed cancer was 67% in the United

States (Siegel et al., 2020), and the number of cancer survivors is speculated to reach 18

million by 2022 (Howlader et al., 2012).

As a result, living with cancer increasingly becomes a critical problem. Many cancer

survivors experience physical and psychosocial consequences (Denlinger et al., 2014). To

deal with numerous issues in survivorship, survivors express varied information needs, and

they consult various sources to address their information needs (Nagler et al., 2010).

Ovarian Cancer Patients Given the variety of cancers, this study further narrows

down the scope and focuses on ovarian cancer (OvCa) patients. Though there is solid work

in cancer survivor’s online HISB, OvCa is less studied as a particular type of cancer. Much

attention has been paid to breast cancer, prostate cancer, and colorectal cancer patients, but

many fewer online resources and related studies are available for OvCa patients and their

caregivers. (Nagler et al., 2010; Hong et al., 2012; van Eenbergen et al., 2017).

OvCa patients are chosen for two reasons. Firstly, there is a large population of women

living with OvCa. The five-year relative survival rate from 2009 to 2015 in the US is 47.6%,

with an estimation of 229,875 women living with ovarian cancer in 2016 (NCI, 2018). But at

the same time, managing this cancer can be very stressful because of its complexity and the
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disease progression (Hagan & Donovan, 2013). Due to the limitation in early detection, OvCa

can be developed as an aggressive and fatal disease without proper and timely healthcare.

In the United States, it is the most common cause of death compared to other gynecological

malignancies (Siegel et al., 2020). However, understanding and support for OvCa patients’

particular information needs are extremely limited, though research has already found that

cancer patients’ information seeking in terms of information needs and source use are very

different across cancer types (Nagler et al., 2010). It is important to know how this group of

cancer survivors behaves as proactive information seekers and receives help through OHIS.

Secondly, evidence suggests that many OvCa survivors are elderly patients. Among US

females of all ages, OvCa caused 14,193 deaths in 2017 (Siegel et al., 2020). Most cases

happened in women aged 40 to 59 years (2,748) and 70 to 79 years (7,741) old. For these

elderly patients, the current understanding of online HISB may not be applicable due to

their unique characteristics and barriers (Oh, 2016). Additionally, there are on average 12

concurrent symptoms for OvCa patients with treatment (Hagan & Donovan, 2013), thus

making their information needs complicated and persistent.

Consequently, laypeople and OvCa patients are targeted as the research population in

this dissertation.

1.3 Research Motivation

As mentioned in the above problem statements, while an increasing population of health

consumers relies on online health information seeking to resolve their health-related con-

cerns, and it is known that in domain-specific information seeking, knowledge learning plays

an important role as both a by-product of the search process and an influential factor in

determining the search performance, there is little existing work that combines SAL and

health information seeking, to the best of my knowledge.

Therefore, this dissertation is first motivated by the gap in the literature and the lack

of connection between the two search fields, OHIS and SAL. Untangling health consumers’

OHIS behavior from a cognitive learning perspective will connect and contribute to the two
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research communities.

Additionally, I am interested in how well the current HIS web environment can support

health consumers in terms of learning. My second motivation is to investigate the health

consumers’ learning outcomes in OHIS.

In the Anderson and Krathwohl’s taxonomy (A&K’s taxonomy) (L. Anderson et al.,

2001), the authors identified six levels of learning objectives from lowest to highest order of

thinking skills, based on Bloom’s taxonomy (Bloom et al., 1956). It is used in SAL studies

for assessing learning outcomes (M. J. Wilson & Wilson, 2013; Collins-Thompson et al.,

2016; Ghosh, Rath, & Shah, 2018). The details of the A&K’s taxonomy and its applications

in the previous information science studies will be presented in the related work (see Section

2.2). In this dissertation, how well consumers can learn (i.e., learning outcomes) against the

cognitive levels in A&K’s is assessed.

Last but not least, the uniqueness of health-consumer groups inspires the third moti-

vation . There is a desire to explore how and how well different groups of consumers would

search and learn.

The ultimate goal of this dissertation is to alleviate the difficulties and provide the

demanding facilities that would result in a better SAL experience in the design of the domain-

specific search system.

In most HIS tasks, health consumers’ domain knowledge is insufficient, so they are more

likely to involve themselves in the SAL process. A search system specifically supporting

learning in the health-related domain is needed. Given the insufficient support for learning

in the current search system, my ultimate goal in this dissertation is to provide design

implications that enhance search behaviors and learning outcomes.

1.4 Significance and Contribution

As one of the first to investigate health consumers’ SAL behavior and performance in

today’s web environment, this dissertation study is expected to make contributions of sig-

nificance to HIS theory, HIS and SAL research work, and healthcare practice.
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Significance to HIS theory: Though learning outcomes are proven to be cognitive out-

comes of consumers’ health information seeking in some previous empirical studies (P. Zhang

& Soergel, 2016; Y. Chen, Zhao, & Wang, 2020) and learning happens during the HIS pro-

cess, there is no existing HIS theory or model that recognizes the learning component. In

this dissertation, through connecting the theories and models in HIS and SAL, a conceptual

framework that unpacks the relationship between HIS and SAL is proposed. Built upon the

conceptual model, the investigation of laypeople and OvCa patients will develop a theoreti-

cal understanding of HIS from a cognitive learning perspective, thus contributing to the HIS

theory.

Significance to HIS and SAL research areas: The work is also expected to link the

two research areas and fill the gap in the literature. While an increasing population relies on

online information seeking to solve their health-related questions, it is known that in this type

of domain-specific information seeking, there is little existing work that combines learning

and health information seeking. While simply investigating HIS as a learning process might

limit the research scope and targeted population, it provides opportunities to understand and

model the knowledge change in HIS at a fine-grained level and satisfy exploratory health-

related information needs. Additionally, the idea of enhancing learning has implications

for designing better systems to support the increasingly popular online health information

seeking.

Significance to healthcare practice: The Internet has introduced significant changes

in health consumers’ information seeking, thus carrying substantial influence on today’s

healthcare practices. Free access to online health information has the potential to address

health disparities (Gibbons et al., 2011; Lee, 2009). Having knowledge is also a critical

attribute of patients’ empowerment (Groen et al., 2015). Therefore, many healthcare services

and providers are also taking advantage of the consumer-centered OHIS and other new

technologies to empower consumers with a wealth of information, knowledge, and even self-

care abilities. The findings of this study are expected to provide implications, guidance,

and insights to healthcare providers, practitioners, researchers, and developers to design

personalized health information systems that will enhance learning and satisfy the unmet

needs of health consumers. Additionally, it is expected that some of the findings and design
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implications from laypeople and OvCa patients can be generalized to other consumer groups.

1.5 Overview of the Chapter Structure

The dissertation is structured as follows. First, the related theories and models and

empirical studies in the two areas, OHIS and SAL, are reviewed in Chapter 2. Based on that,

the conceptual framework and research questions are proposed in Chapter 3. Subsequently,

Chapter 4 presents the overview of the research design and data collection methods consisting

of four sub-studies, which are elaborated separately in Chapter 5, Chapter 6. Chapter 7,

and Chapter 8. Then, the implications based on the major results and findings are discussed

in Chapter 9. Finally, Chapter 10 concludes the dissertation.

12



2.0 Literature Review

In this chapter, literature from two research areas is first reviewed in two sections: 2.1

health information seeking behavior (HISB) and 2.2 search as learning (SAL). Then the

intersection between HISB and SAL is summarized in section 2.3 health consumers’ search

as learning in OHIS.

In the review of the two research areas (HISB & SAL), the key concepts are first defined,

such as health information seeking behavior and search as learning. Secondly, since one of

the goals of this dissertation is to connect the literature of the two areas, the representative

theories and models in each area are reviewed, respectively. The review in this section lays

the groundwork for the conceptual framework of this dissertation. Thirdly, prior empirical

studies in HISB and SAL are summarized to demonstrate how they relate to and inspire this

dissertation.

2.1 Health Information Seeking Behavior

2.1.1 Concepts

Human Information Behavior is defined as ”the totality of human behavior in relation to

sources and channels of information, including both active and passive information seeking,

and information use.” (T. D. Wilson, 2000, p. 49). Information seeking behavior, one

component of the concept of information behavior, is a crucial behavior of interest among

the researchers. Åström (2007) conducted a co-citation analysis of the articles published

in 1990-2004 in 21 Library and Information Science (LIS). Results suggest that information

seeking and retrieval is a dominating research field. Though no agreed-upon definition for the

concept of information seeking behavior (ISB), this dissertation is grounded on two widely

recognized definitions: ISB is ”a process in which humans purposefully engage in order

to change their state of knowledge” (Marchionini, 1997, p. 5-6), and it is ”the purposive
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seeking for information as a consequence of a need to satisfy some goals” (T. D. Wilson, 2000,

p. 49). In T. D. Wilson (1999)’s nested model of human information behavior, information

search behavior is further defined as a subset of information seeking behavior, ”particularly

concerned with the interactions between information user (with or without an intermediary)

and computer-based information systems, of which information retrieval systems for textual

data may be seen as one type.”

Health Information Seeking Behavior (HISB, henceforth) is a domain-specific ISB with

health-related information as the domain of interest. HISB is defined as the search for and

receipt of messages that help “to reduce uncertainty regarding health status” and “construct

a social and personal (cognitive) sense of health” (Tardy & Hale, 1998, p. 338). It consists of

a number of information seeking “actions used” by health consumers “to obtain knowledge

of a specific event or situation” (Barsevick & Johnson, 1990).

Nowadays, due to an explosion in the amount of online health information, more and

more people are involved in online health information seeking behavior(OHISB) (Fox, 2013).

Unlike general-purpose online information seeking, OHIS has two unique characteristics.

Firstly, understanding and interpreting health-related information require certain domain-

specific knowledge, particularly when encountering resources that are full of unfamiliar,

domain-specific terminologies (White et al., 2009). Secondly, when gathering health in-

formation, people prioritize information quality, since they might eventually act or make

decisions based on such information.

As a result, health information seekers quite commonly navigate through a variety of

online health information resources and gradually learn and gain health-related knowledge

before locating preferred ones.

2.1.2 Theories and Models

In this section, four previous theories and models in HISB are reviewed: 1) Lenz (1984)’s

information seeking model; 2) Freimuth, Stein, and Kean (1989)’s health information acqui-

sition model; 3) Johnson (1997, 2003)’s comprehensive model of information seeking, and 4)

Longo (2005)’s integrated model of health information–seeking behaviors. One commonal-
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ity shared in these four models is that they all regard HISB as a process and simplify the

complex HISB into a series of stages and discuss the factors that affect each stage (Lambert

& Loiselle, 2007). In general, these models characterize HISB by antecedents, actions, and

outcomes.

Lenz (1984) and Freimuth et al. (1989) both depict health consumers’ HISB as a decision-

making flowchart, which is triggered by information seeking stimulus and ended with the

decision on whether the information collected is adequate to stop or continue the HISB. In

between, each model describes four steps the consumer needs to take and make decisions

before they can proceed to the next step. Though these two descriptive models are very

comprehensive, they fail to reveal any patient-related or disease-related factors associated

with the process.

On the contrary, Johnson (1997, 2003) ’s Comprehensive Model of Information Seeking

(CMIS) does not elaborate much on the information needs (i.e., stimulus). Instead, CMIS

highlights the importance of sources and defines health information seeking as the ”pur-

posive acquisition of information from selected information carriers” (p. 4). Specifically,

CMIS depicts the process of patients’ health information seeking by defining three primary

schemes: antecedents, information carrier factors, and information seeking actions. The

antecedents refer to the underlying determinants of HIS, including demographics, direct ex-

perience with the problem, salience of information, and personal beliefs. The second schema

is the information carrier factors consisting of characteristics of the information source and

its utilities, which further shape the third schema, the patients’ information seeking actions.

Longo (2005) ’s integrated model of health information–seeking behaviors underlines possible

outcomes of either active or passive HISB.

Through a comprehensive concept analysis and review including but not limited to the

aforementioned models, Lambert and Loiselle (2007) summarized and defined three key com-

ponents of the HISB, namely, antecedents, characteristics of HISB, and consequences. Firstly,

like general-purpose ISB, HISB is also triggered by information needs to fill a certain knowl-

edge gap. Besides, many other antecedents further determine the follow-up actual HISB,

including personal factors (e.g., sociodemographic characteristics, psychosocial variables),

situational or contextual factors (e.g., individuals’ environment, source of information, and
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information seeking context). Secondly, characteristics of HISB can mainly be grouped into

two dimensions: method dimension (i.e., search behaviors and information source) and in-

formation dimension (i.e., type and amount of information sought). The authors criticized

that Lenz (1984) and Freimuth et al. (1989) covered both dimensions while Johnson (1997,

2003) and Longo (2005) only elaborated on the method dimension. Thirdly, Lambert and

Loiselle (2007) expanded Longo (2005)’s HISB outcomes and categorized four overarching

types of outcomes or consequences of HISB, which are cognitive outcomes (e.g., increased

knowledge), behavioral outcomes (e.g., increased self-care abilities), physical outcomes (e.g.,

increased physical quality of life), and affective outcomes (increase hope).

2.1.3 Empirical Studies

Guided by Lambert and Loiselle (2007), in this section, HISB empirical studies are

grouped into two dimensions: section 2.1.3.1 method dimension, i.e., how consumers search

and behave in OHIS and what online sources they select; and section 2.1.3.2 information

dimension, i.e., what type and how much online information health consumers seek.

2.1.3.1 Method Dimension The method dimension of HISB mainly refers to the con-

sumers’ information sources and search behaviors.

Existing work on online health information sources has largely been dedicated to control-

ling or assessing the quality of information from different online sources, such as establishing

rating systems for evaluating websites or webpages (Eysenbach, Powell, Kuss, & Sa, 2002;

Silberg, Lundberg, & Musacchio, 1997; Stvilia, Mon, & Yi, 2009; Tao, LeRouge, Smith, &

De Leo, 2017; Y. Zhang, Sun, & Xie, 2015). These studies usually aim to educate content

providers as well as health consumers by defining the best practices of high-quality health

content. Best practices usually consist of criteria related to the content (e.g., accuracy, read-

ability, completeness) or the presentation style (e.g., layout, aesthetics, appearance) of health

information. With the rise of the research interest in patient-centered OHIS, gradually, the

trend of examining the credibility and quality of online health information sources from the

consumers’ perspective has naturally emerged (e.g., White et al., 2009; Y. Zhang, 2014).
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Credibility assessment is not only studied in the field of information science. Psychol-

ogy researchers devote a good deal of effort to decompose credibility assessments. Through

empirical studies, Flanagin, Metzger, and Hartsell (2010) found that information type is a

critical factor affecting credibility assessment. In the search for health and medical informa-

tion, individuals tend to put more effort into checking credibility compared with the search

for entertainment information. Information seekers utilize a two-level heuristic to judge the

credibility of online sources, in which they assess the structure or website level credibility

and also the content or webpage level credibility (Metzger & Flanagin, 2015; Sundar, 2008).

The influences of the source characteristics on these two levels can interact with each other.

Perceived credibility is also found to vary by genre of an online source. For example, partic-

ipants in Flanagin and Metzger (2007)’s study believed that news organization websites are

the most credible, followed by e-commerce sites, special interest sites, and personal websites.

In the context of OHIS, aligning with the definition of credibility from psychology re-

searchers (Metzger & Flanagin, 2015), studies view credibility assessment and source selec-

tion as manifests of consumers’ information evaluation experience. It has been found that

consumers’ credibility judgment is influenced by many source characteristics, such as the so-

cial context of online communication, the technical languages used, and authors’ credentials

(Thon & Jucks, 2017; Zimmermann & Jucks, 2018).

In terms of research method and design, most existing studies about source selection

mainly adopt survey-based methods and suffer from similar limitations (Anker, Reinhart,

& Feeley, 2011; Y. Zhang, 2014). Firstly, cross-sectional surveys collecting data about

participants’ source selection at one particular time usually neglect the search contexts,

associated search processes, and search outcomes (Anker et al., 2011). Secondly, most prior

studies constrain participants to select from one or several predefined online sources (e.g.,

Zimmermann & Jucks, 2018), or regard the Internet as one general health information source

compared to other sources such as doctors or libraries (Case, Johnson, Andrews, Allard, &

Kelly, 2004; Koch-Weser, Bradshaw, Gualtieri, & Gallagher, 2010).

2.1.3.2 Information Dimension The information dimension of HISB refers to the char-

acteristic of the information sought through online HISB, especially the type and amount of
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the information(Lambert & Loiselle, 2007). The research found that consumers may behave

variously regarding what type of online information and how much information they prefer

in online HISB.

Comparing with the traditional paternalistic model in which ”patients expected to be pas-

sive recipients of healthcare information from doctors” (Xie, Wang, Feldman, & Zhou, 2010),

the Internet enables individuals searching for health information online to expand under-

standings and explanations regarding health (Ayers & Kronenfeld, 2007), as well as in mak-

ing health-related decisions (Broom, 2005; Seçkin, 2010). Through log analysis, Cartright,

White, and Horvitz (2011) suggested that there are two phases in exploratory online HIS with

the pursuit of two different types of information: evidence-based and hypothesis-directed.

The evidence-based phase mainly focuses on locating information regarding signs and symp-

toms, while the hypothesis-directed phase involves discrimination among different diseases

under uncertainty.

Regarding the preference of the adequacy of the information acquired online, not all

people with health concerns are active information seekers. Despite many people actively

go online and other sources to seek health-related information on many aspects of their

conditions, there also exist individuals who only want to collect a certain type of health-

related information (Rutten, Squiers, & Hesse, 2006).

A better understanding of health consumers’ preferences in the information dimension

contributes to characterizing different types of online health information seekers, which fur-

ther can imply and guide the design of better tools to serve and support seekers. Pang et

al. (2014); Pang, Verspoor, Pearce, and Chang (2015) ’s prior work is one of the research

that synthesized health consumers’ characteristics in alignment with OHIS system design.

They classified health consumers into four different characteristic groups: knowledge digger,

focused reader, all-around skimmer, and quick fact seeker, and proposed six design principles

in support of their OHIS. Consumers are grouped based on Reading Engagement (i.e., dura-

tion of reading) and Research Tactics (i.e., motivation for digging out in-depth information).

According to the definition, knowledge diggers are the consumers who demonstrate high

reading engagement and research tactics. They are eager to dig much as well as in-depth

health-related information. Differently, quick fact seekers can be quickly satisfied by locating
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the information needed. The work confirmed that health consumers are involved in OHIS

with different levels of learning objectives, and they should be supported with different de-

sign features. Furthermore, this dissertation expects to reveal, more specifically, what types

of and how much information is needed to achieve different levels of learning objectives in

OHIS.

2.2 Search as Learning

2.2.1 Concepts

Based on the literature exploring the interaction between search and learning, Rieh,

Collins-Thompson, Hansen, and Lee (2016) identified two roles of learning in a searching

process – learning to search and searching to learn, where the former refers to how people

learn search experience and expertise while the latter regards learning as a parallel process

with the searching process and ends with relevant knowledge increased.

The focus of this dissertation is laid upon searching to learn paradigm. Particularly, it

is believed that during the health information seeking process, besides the explicit searching

behaviors, consumers are also involved in an implicit knowledge learning process. Beyond a

simple look-up search, the information needs in HIS are usually exploratory in nature, which

triggers learning, and involves complex and diverse interactions with the systems. The

searching and learning processes are intertwined with each other at different stages of the

information seeking process. Therefore, this current literature review of search as learning

domain concentrates on searching to learn and excludes papers on learning to search.

2.2.2 Theories and Models

Many of the studies in search as learning are founded on combining theories and mod-

els originated from two most representative fields that contribute to theorizing searching

and learning: information science (IS) and educational psychology (EP). Though search as

learning is recognized as a separate research agenda in recent years (Rieh et al., 2016), it

19



has long been aware, in the domain of information science (IS), that knowledge acquisition

is an important component in the information seeking process. Several information seeking

theories conceptually assume that an individual’s knowledge state changes during the search

process. As stated in the ASK (Anomalous State of Knowledge) model, Belkin (1980) ar-

gued that information seeking is a process to resolve the anomaly between users’ current

states of knowledge the problem they faced. Marchionini (1997) also claimed that beyond

simple lookup search, people often engage in exploratory search tasks where learning and

investigation could play essential roles.

Generally, highly adopted IS theories in the search as learning studies demonstrate two

notions. Firstly, researchers employ the theories viewing information seeking as a process

with different stages, such as Marchionini (2006)’s information seeking process model and

Kuhlthau (1991)’s information search process (ISP) model. These theories help the re-

searchers to conceptualize and investigate when and how learning occurs during the in-

formation seeking process (Vakkari, 2016). Secondly, theories that support the idea that

searching is to acquire knowledge to satisfy the information needs are also highly cited.

These theories mainly include Information Foraging Theory (Pirolli & Card, 1999), Belkin’s

Anomalous State of Knowledge (ASK) Model (Belkin, 1980), and Dervin’s Sensemaking

Theory (Dervin, 1983).

On the other hand, among many theories and models developed in educational psychol-

ogy, the most highly adopted ones in search as learning studied can be grouped into two

overarching branches: Anderson and Krathwohl’s taxonomy of learning (A&K’s taxonomy)

(L. Anderson et al., 2001) and Piaget’s cognitive development theory (Piaget, 1976). As

shown in Figure 1, A&K’s taxonomy of learning defined six levels of depth of learning with

different cognitive complexity in a hierarchical structure. It was first introduced in 1956

by Bloom (Bloom et al., 1956) and later revised by Anderson and Krathwohl. It is widely

adopted to instruct the creation of learning objectives. The theory assumes that in order to

achieve a higher level of learning objective, one must master the lower levels. For example, if

an individual wants to apply the knowledge learned to a new situation, it is required for her

to remember and understand the knowledge beforehand. M. J. Wilson and Wilson (2013)

were the first to use A&K’s taxonomy to measure the depth of learning in the IS field. In this
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dissertation, this hierarchical structure is borrowed to propose the conceptual framework.

Detailed elaboration is in the section 3.1.

Figure 1: Anderson and Krathwohl’s Taxonomy of Learning

Piaget’s cognitive development theory is another popular theory addressing the cogni-

tive learning process. Piaget (1976) identified two types of cognitive/conceptual changes in

knowledge acquisition: (1) assimilation, the addition of information to existing knowledge

structures; and (2) accommodation, the modification or change of existing knowledge struc-

tures. Construction-Integration Model (Kintsch & Walter Kintsch, 1998) and Schema The-

ory (Rumelhart & Norman, 1976) were proposed following Piaget. Schema theory extended

and proposed three types of conceptual changes in ones’ knowledge structure: 1) accretion,

adding factual information without changing one’s knowledge structure; 2) tuning, adding

new knowledge knots and weakly change one’s knowledge structure; and 3) Restructuring,

radically changing one’s knowledge structure.

The combination of the theories from different fields provides possibilities to understand

and model the HISB process from a learning and knowledge acquisition perspective. Drawing

upon theories in IS and educational psychology, the HISB research could better understand

the health information seeking tasks that are commonly exploratory in nature. Besides,
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though learning outcome is used as an indicator of the cognitive outcome of an individual’s

health information seeking in some prior studies (Lambert & Loiselle, 2007), it is mainly

assessed through self-reporting (Suri, Majid, Chang, & Foo, 2016). Therefore, there lacks an

implicit measurement of the gradually changed knowledge states. Viewing HISB as a learning

process and adopting the measures developed in the search as learning studies could allow

researchers to model the HIS outcomes more dynamically and accurately, thus providing the

needed information at the appropriate level of knowledge.

2.2.3 Empirical Studies

The review of related theories and models has shown that searching and learning are

intertwined with each other at different stages of the information seeking process. In this

section, the empirical studies on two stages are reviewed: Section 2.2.3.1 learning during the

information seeking process; and Section 2.2.3.2 knowledge as an outcome of HIS. The review

will focus on the linkages between the two fields: search as learning and health information

seeking and will further demonstrate the rationale for investigating “search as learning” in

the context of online HIS.

2.2.3.1 Learning During the Information Seeking Process Beyond addressing

health information needs by the end of a HIS task, the HIS process also involves learning or

knowledge acquisition. During the process of interacting with the search engine, examining

search results, and extracting useful information, users acquire novel knowledge at any time,

as evidence shown in the prior studies.

In information seeking behavior literature, learning has been primarily situated around

the concept of knowledge acquisition. Learning in searching can occur in a relatively long-

duration search, e.g., a seminar for preparing a proposal (Vakkari et al., 2003) or a course

lasting for several months (Wildemuth, 2004). Furthermore, recent studies prove that do-

main knowledge learning takes place even in a short-term search session. Eickhoff et al.

(2014) defined two types of search sessions in which users explicitly search for new knowl-

edge, i.e., procedural and declarative sessions. Based on this, they discovered that users learn
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through the search process, not only from the final results. Similarly, J. Liu, Belkin, Zhang,

and Yuan (2013) reported that users’ perceived domain knowledge grows significantly, es-

pecially at the beginning of the search, and later on, it may reach a plateau, which called

a “ceiling effect.” Chi et al. (2016) demonstrated that knowledge learning happened, and

users’ knowledge kept growing either when they searched individually or collaboratively, but

they issued significantly more diverse queries in the collaborative condition. In a lab-based

user study, Collins-Thompson et al. (2016) found that users achieved combined factual and

conceptual knowledge gains through the process of searching the tasks assigned to them.

Y. Chen et al. (2020) conducted one of the few previous studies that have probed into the

fine-grained knowledge change within online health information seeking context. Through a

user study with pre-designed health-related search tasks, the authors recruited 30 undergrad-

uate students and explored how they learn during the OHIS process. The learning activity

is quantified by three types of conceptual changes in the search queries: accretion, tuning,

and restructuring (P. Zhang & Soergel, 2016).

Though a few previous studies have probed into understanding and modeling the fine-

grained knowledge change within a search process, or even a single session, there are only a

few studies, if any, investigating how learning occurs in the health information seeking context

to the best of my knowledge. Besides, the answers to some critical research questions, e.g.,

what individual factors would affect learning in the HIS, what sources would be adopted,

remain unexplored.

2.2.3.2 Knowledge Change as an Outcome of HIS Learning outcome (i.e., knowl-

edge change) is perceived as a cognitive outcome of an individual’s health information seeking

(Lambert & Loiselle, 2007). Suri et al. (2016) surveyed 1062 college-going adults to assess

how health literacy affects HIS behavior. They defined three types of outcomes: learning

outcomes, communication outcomes, and instrumental outcomes. Learning outcomes were

measured as self-reported gains in knowledge about a particular health-related topic. Statis-

tical analysis showed learning outcomes were associated with different domain-specific health

literacy skills: Find Health Information (FHI), Appraise Health Information (AHI), Actively

Manage One’s Health (AMH), and E-health literacy (e-HEALS).
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On the contrary, users’ knowledge states can be implicitly and unobtrusively reflected

by the changes of users’ search behaviors, e.g., query complexity, click complexity, display

time, query reformulation, etc (e.g., Y. Zhang et al., 2015; Eickhoff et al., 2014; Chi et

al., 2016; Bhattacharya & Gwizdka, 2019; Y. Chen et al., 2020). P. Zhang and Soergel

(2016) proposed a model which could predict a user’s knowledge level from implicit search

behaviors. The search context employed in their study is health-related: knowledge of

MeSH (Medical Subject Headings) terms. Similarly, Yu et al. (2018) proposed a supervised

model to predict users’ knowledge gain and state based on search behaviors in informational

search sessions. The model suggests that among the 70 features of query, SERP, browsing,

and mouse activities, the content of queries and browsed documents are the features most

important for predicting knowledge gain and knowledge state. However, this model is not

used specifically in the HIS context.

Beyond using learning outcomes as a measure of search performance, it is also believed

that there is great potential to design better search systems as well as algorithms to enhance

the learning outcomes by the end of the HIS process (P. Hansen & Rieh, 2016).

With the purpose of investigating how students learn about programming during online

searching, Y. Lu and Hsiao (2017) conducted two classroom studies. The first study revealed

differences between novice and advanced learners in terms of information seeking patterns.

Novice learners tend to spend more time browsing the results and reading documents, while

advanced students could achieve more in a shorter time. Applying what they found in

the first study to designing an assistant system PiSA, they conducted a second classroom

study to test if novices could get help from the system, which embedded term suggestions,

results summarization, and other facilitates. Results showed that the system indeed could

foster novices’ learning. Pang et al. (2016) designed a health-specific website to support

different HIS behaviors. They designed and assessed the system through a laboratory-based

observational study. Participants reported that they obtained more knowledge with the help

of design considerations, such as supporting serendipity and enhancing interactivity.
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2.3 Health Consumers’ Search as Learning in OHIS

2.3.1 Domain Knowledge’s Influence on Consumers’ OHIS

Domain knowledge, one’s knowledge about the search topic, is recognized and examined

as a critical implicit factor that affects the search behavior as well as the search perfor-

mance since the early 2000s (Hölscher & Strube, 2000; Jenkins et al., 2003). Efforts have

been devoted to revealing the differences between the individuals with more domain-specific

knowledge (i.e., domain expertise) and others who are less familiar with the domain (i.e.,

domain novice) in terms of their search strategies, search behaviors, and search performances.

HIS is a typical type of domain-specific information seeking (Hanbury, 2012) because of

the nature of the health-related information tasks. As a result, health-related topics, includ-

ing healthcare, medicine, are commonly selected as a domain to distinguish the expertise

from the novice. For example, Bhavnani (2002) identified healthcare and e-commerce as two

domains to study the search strategies of users with different prior knowledge. Through a

controlled lab study, he found that experts in a domain can easily solve the task because they

already knew which website was better adapted to fill their needs, like MedlinePlus, while

laypeople usually started with Google or other general-purpose search engines. Bhavnani

(2002) also reported that better domain-specific search engines should be designed to make

the search knowledge in these new domains explicit and available. Similarly, White et al.

(2009) selected medicine as a domain to reveal how domain experts behave differently based

on large-scale log analysis. The other three domains they selected were finance, law, and

computer science. In the paper, they clarified their reason for identifying these four domains

was because that the information seekers with topical interest were obviously different in

knowledge, including both the general population of less or no knowledge and professional

groups. The findings showed that experts have a higher success rate in their domain of

expertise.

The research examining the influence of domain knowledge, however, usually views an

individual’s domain knowledge as a relatively stable state rather than a changing value with

the process of online information seeking.
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2.3.2 Health Condition’s Influence on Consumers’ OHIS

It has long been accepted that the nature of a search task is an important factor that may

impact information seekers’ search behaviors, e.g., source selection behavior. Previous work

has explored the influence of many different task characteristics, such as task complexity,

the urgency of the task, and the domain of the task (Kelly, Arguello, Edwards, & Wu, 2015;

Chi et al., 2016; Wildemuth, Kelly, Boettcher, Moore, & Dimitrova, 2018). Focusing on the

domain of OHIS, Y. Zhang et al. (2017)’s study indicates that consumers’ source selection

varies by their individual characteristics and the type of task (i.e., factual, exploratory, and

personal experience task). Health consumers with higher health literacy tend to select a

search engine in all three tasks but are more likely to consult social Q&A sites for personal

experience tasks and make more use of online health communities in the exploratory and

personal experience tasks. While in the factual tasks, consumers with better health status

prefer SNS.

Previous work has also explored whether the severity of the health condition affects

users’ OHIS behaviors. Drawing upon a large-scale analysis and a survey, De Choudhury et

al. (2014) examined users’ seeking and sharing behaviors through search engines and social

media, the two most widely-used online sources, respectively. They found that users’ source

preferences are associated with the severity of the health conditions: when searching for

severe medical conditions (e.g., cancers), users prefer search engines. On the contrary, the

participants tend to use SNSs when sharing benign health conditions and symptoms (e.g.,

headache).

These insightful studies inspire the current study to explore online health consumers’

search as learning behaviors under health conditions with different severities.

2.3.3 Laypeople’s Search as Learning in OHIS

Different from the cancer survivors who have been living with the condition for a period

of time or even for years, laypeople in this study are the consumers who are new to their

health concerns.

In this section, the related work grounded on the intersection of the aforementioned two
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broader research areas: health information seeking behavior (HISB) and search as learning

(SAL), is reviewed, focusing on laypeople. Specifically, guided by the two strands of HISB,

the review is divided into two dimensions: method dimension: Section 2.3.3.1 how laypeople

search and learn, and information dimension: Section 2.3.3.2 what laypeople search and

learn.

2.3.3.1 Laypeople’s OHIS: How They Search and Learn Most laypeople rely on

search engines to initiate OHIS, though they are also aware that the lack of knowledge

makes it difficult to accurately describe the health issue and locate the pertinent information

(Pang et al., 2014; Yilma, Inthiran, Reidpath, & Orimaye, 2017; Eysenbach & Köhler,

2002; Fox, 2013; D. L. Hansen et al., 2003). For example, in D. L. Hansen et al. (2003),

87% of the participants’ visited sites directly come from search results or search engine’s

recommendations.

There are generally two concerns regarding this issue. Firstly, it is questionable whether

or not the laypeople are capable of issuing correct or accurate queries to describe their

health information needs because such action often requires a certain level of health-related

background knowledge. It is revealed that laypeople’s queries suffer problems such as mis-

spellings (D. L. Hansen et al., 2003) and too general (Eysenbach & Köhler, 2002), resulting

in search failure. Secondly, some laypeople may be unaware that the ranking positions can

be biased by marketing, especially when searching for the health information that may lead

to purchase (Kim et al., 2011). For example, if one is searching for “weight loss”, she may

be directed to advertisements or e-commerce websites via the top-ranked results. It is im-

portant to highlight the search engines’ ranking and scoring mechanisms in the information

literacy programs designed for health consumers.

In a user study that compares laypeople’s and health professionals’ search behavior and

performance when searching for medical-related informational tasks, the results revealed

that laypeople issued significantly fewer queries, fewer search operator usages, fewer terms

in a query (Kharazmi, Karimi, Scholer, & Clark, 2014). However, laypeople and health

professionals were all report as a whole group, without an examination of how individuals’

search and learn evolve during the process.
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Built upon the exploratory search theory, Pang et al. (2015) outlined three stages in

laypeople’s OHIS process. In stage 1, a layperson with health concerns starts the search

by submitting a search query to a search engine. With pretty limited prior knowledge, she

examines the results yielded by the search engine in an exploratory fashion. In stage 2, she

gradually makes sense and learns about the related knowledge through reading and digesting

online information. Then, in stage 3, as exposed to other related but unknown topics, the

layperson engages in an exploratory search again. Obviously, the boundaries between the

stages could be fuzzy, and the order of the stages is not rigid.

To support laypeople’s exploration of online health information, Pang et al. (2015) de-

signed a web app that incorporates a set of features that facilitate laypeople’s search process.

Pang et al. (2015, 2014, 2016)’s work is inspiring because laypeople are one of the popula-

tions of interest in this study, and providing design implications is also one objective of this

dissertation. However, the current dissertation aims to take apart laypeople’s OHIS from

a cognitive learning perspective, with a focus on their behaviors, barriers, and outcomes

associated with learning.

2.3.3.2 Laypeople’s OHIS: What They Search and Learn Two dominating types

of information that laypeople search online are illness-related information and wellness-

related information (Yilma et al., 2017; Weaver III et al., 2010; Ogan, Ozakca, & Groshek,

2008).

Illness-related information is usually sought when laypeople encounter uncertain health

issues that motivate them to look for symptoms, disease, or treatment. Pang et al. (2014)

interviewed laypeople and revealed that self-diagnosis is a common information need of

laypeople’s OHIS. The respondents in the interview reported that, in most cases, encounter-

ing health issues drove them to conduct OHIS. This result is consistent with a US nationwide

survey in 2013, which revealed that one in three adults had used the Internet to diagnose

themselves or someone else (Fox, 2013). Respondents in Pang et al. (2014) further confirmed

that due to a lack of health-related knowledge about their health issues, they normally try

different queries, go through an exploratory search process, thus gradually learn about new

keywords and new knowledge concurrently with exploring and digging around the issue.
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However, it has long been concerned that laypeople’s self-diagnosis using online resources

could potentially delay the necessary medical intervention if the consumers do not follow up

with a doctor visit. In addition, if misleading or inaccurate online information were found

and believed during the customers’ own OHIS, it would later be harmful to the patient-

health professional relationship (Ahmad, Hudak, Bercovitz, Hollenberg, & Levinson, 2006;

McMullan, 2006; Robinson, Patrick, Eng, Gustafson, et al., 1998).

On the other hand, aside from people with health concerns, there is a substantial body of

evidence suggesting that healthy people, who are in pursuit of promoting a healthy lifestyle,

are taking a growing proportion of online health consumers. Wellness-related information

mainly includes diet, exercise, or fitness information (Weaver III et al., 2010; Jong & Drum-

mond, 2016). Respondents in Yilma et al. (2017)’s survey reported that fitness, diet, and skin

health were their most frequently searched wellness information on the Internet. Note that

all the respondents in this survey are identified as laypeople in the university of a developing

country.

Obviously, previous work has recognized that laypeople are involved in learning for differ-

ent health-related topics in OHIS. However, most existing studies adopt cross-sectional and

self-report data to present an overall picture of laypeople’s information needs, and limited

research has endeavored to recognize that even laypeople can engage in OHIS tasks from the

simple to complex. However, there is no clarity about what type of information is needed

to satisfy OHIS learning goals with different complexity. Yet it remains unclear how well

laypeople can learn from different types of health information.

2.3.4 Ovarian Cancer Patients’ Search as Learning in OHIS

An observational study conducted by Zeng et al. (2004) indicated that specific and com-

plicated health information retrieval goals would motivate patients towards OHIS in ad-

vance. Bundorf, Wagner, Singer, and Baker (2006) surveyed more than twelve thousand

individuals and reported that consumers who are ”uninsured with a chronic condition” tend

to seek health information online. These studies suggest OHIS is prevalent among cancer

survivors, this particular group of health consumers who are very likely to encounter specific
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as well as complicated health information retrieval goals, and many of whom are ”uninsured

with a chronic condition.” As indicated by some SAL literature, a search and learning process

is expected to happen with the complex information needs (Rieh et al., 2016).

The reviews of two dimensions are presented in this section: method dimension: 2.3.4.1

how OvCa patients search and learn, and information dimension 2.3.4.2 what OvCa patients

search and learn.

2.3.4.1 OvCa Patients’ OHIS: How They Search and Learn In a study char-

acterizing OvCa patients’ experience from pre-diagnosis to treatment (Pozzar & Berry,

2019), women with OvCa reported that they are eager to learn and engage in the treat-

ment plan with the providers. Though patients value their communication with the health

care providers very much, the fact is that the providers are not always accessible. Therefore,

the patients would turn to the Internet and conduct online seeking for more information

as well as emotional support (Pozzar & Berry, 2019; Mayer et al., 2007). Furthermore,

the Internet is found to be cancer patients’ most preferred information source over other

traditional information sources (e.g., health care providers, libraries, friends and families,

etc.) in many previous nationwide surveys (Mayer et al., 2007; Chou, Liu, Post, & Hesse,

2011; Hartoonian, Ormseth, Hanson, Bantum, & Owen, 2014). Data from the Pew research

center suggests that 51% US adults with a chronic disease have looked for information on

the Internet (Fox & Purcell, 2010).

Instead of regarding the Internet as one collective information source, it is crucial to

aware that there are many different types of online sources that provide cancer patients

with information of varying contents, formats, and qualities. Among various sources, the

online health community (OHC), also known as the online support group, where the cancer

community can seek, share, and exchange information with peers is a critical online source.

Participating in OHC is one of the three primary approaches for consumers to seek online

health information, and the other two are searching directly with the search engine and

interacting with health professions (Cline & Haynes, 2001). For cancer patients who have a

constant and evolving need for information, OHC is particularly important with its around-

the-clock availability, anonymity, immediate and time-delayed responses (Cline & Haynes,
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2001; Grandinetti, 2000). Participating in OHC facilitates cancer patients to chart the path

from being unknowing to knowing (Harkin, Beaver, Dey, & Choong, 2017).

Despite the benefits, the impact of participating in OHC remains inconsistent in litera-

ture as it is hard to quantitatively and homogeneously measure the outcomes of OHC (van

Eenbergen et al., 2017; Houlihan & Tariman, 2017). In addition, patients participating in

OHC may even demonstrate dynamic roles due to varying needs, learning styles, interaction

characteristics, expectations, and context, thus making it more complicated to deliver de-

sired support (Huh et al., 2016; D. Yang, Kraut, Smith, Mayfield, & Jurafsky, 2019). N. Liu,

Tong, and Chan (2017)’s survey results suggest that one’s social identity (e.g., group self-

esteem) and personal identity (e.g., perceived disease severity) together characterize one’s

propensity to seek health information in OHC. In addition, there are also concerns about the

quality of the narratives shared by patients in OHC (Bekker et al., 2013; J. Zhang, 2019).

Given the conflicting evidence, inconclusive instructions of OHC, and limited research on

OvCa patients, there is a dearth of research investigating how OvCa patients are navigating

through the online environment and use online sources, such as OHC, to perform the search

as learning.

2.3.4.2 OvCa Patients’ OHIS: What They Search and Learn Pozzar and Berry

(2019) reviewed the literature regarding the factors that affect OvCa patients’ treatment

decision making, and it is suggested that lack of knowledge is a critical barrier reported by

the OvCa patients in several studies. They are eager to learn more information about their

disease and the treatment (Stewart et al., 2000; Ekwall, Ternestedt, Sorbe, & Graneheim,

2011; C. Anderson et al., 2011). Beyond being able to engage in the decision-making of the

treatment, getting more information and knowledge about one’s cancer brings in additional

benefits. Women with OvCa are more likely to feel confident and empowered, thus more

willing to adhere to treatment and health behavior, and eventually get better quality of

life (Ekwall et al., 2011; M. Yang & Xu, 2019).

In terms of what they want to learn, there was substantial literature on what particular in-

formation needs and health-related topics motivated cancer patients to go through OHIS. The

highly mentioned information needs include cancer-specific information, treatment-related
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information, prognosis information, emotional support, recovery, medical system informa-

tion, et al (Rutten, Arora, Bakos, Aziz, & Rowland, 2005; Nagler et al., 2010; Maddock,

Lewis, Ahmad, & Sullivan, 2011; Halkett et al., 2010; Ramsey, Corsini, Peters, & Eckert,

2017). It is notable that cancer patients’ information needs are dynamic and change over

the illness trajectory (Rutten et al., 2005; Mistry, Wilson, Priestman, Damery, & Haque,

2010; Jacobs, Johnson, & Mynatt, 2018). Most existing studies about female cancer pa-

tients, however, concentrates on breast cancer, while limited attention has been paid to

OvCa patients.

The most common information needs of OvCa patients include the status and nature of

cancer, treatment information, and self-care and empowerment issues (Stewart et al., 2000;

Pozzar & Berry, 2019). Through content analysis of the posts on Ovarian Cancer National

Alliance (OCNA), an ovarian cancer online health community, Madathil, Greenstein, Juang,

Neyens, and Gramopadhye (2013) classified OvCa patients and caregivers’ information needs

into three types, namely ovarian cancer-specific information, treatment-related information,

and coping information. The analysis further found that the ovarian cancer-specific infor-

mation needs are more likely to be expressed in a negative tone comparing with the other

two types of needs. Surprisingly, the ones’ stage of ovarian cancer does not predict the type

of information needs. However, the individual’s phase of diagnosis and treatment indeed has

an influence on their information needs. Patients and caregivers were often concerned about

the treatment-related information (e.g., side effects of procedures) in the after diagnosis and

waiting for the treatment phase.

Regarding how much information and how frequently cancer patients search and learn,

inconsistent results were found in previous studies. In Stewart et al. (2000), most OvCa

patients reported a need for detailed and much information regardless of their phase of

diagnosis, i.e., diagnosis, during treatment, or after treatment. Differently, some studies

claimed that the time since diagnosis plays an important role (Davis, O’Malley, Bator,

Ohman-Strickland, & Hudson, 2020). Patients are more likely to experience an aggressive

and rapid information seeking phase after being diagnosed with cancer and especially before

the treatment, which results in a deluge of information (Hayes et al., 2008). However, at

this stage, due to the stress of being diagnosed, more information does not guarantee more
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learning (McEwen, 1998). Conversely, Mistry et al. (2010) demonstrated that demographic

factors are more critical in determining ones’ information needs as well as the amount of

information needed comparing with time since diagnosis. At the same time, collectively, all

the patients reported feeling under-informed regardless of demographic factors and time since

diagnosis. These studies and inconsistent evidence call for a comprehensive understanding of

what and how much OvCa patients want to search and learn through OHIS over the course

of the survivorship.
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3.0 Conceptual Framework and Research Questions

3.1 Conceptual Framework

Figure 2: Conceptual Framework of Health Information Search As Learning (HearSAL)

Built upon the theories and empirical studies reviewed in Chapter 2, a conceptual frame-

work of Health Information Search As Learning (HearSAL) is proposed, as shown in

Figure 2. Because this dissertation work studies health consumers’ information seeking as a

cognitive learning process in the context of OHIS, the conceptual framework employs theories

and models from both OHIS and SAL. Specifically, two theoretical approaches introduced

in Chapter 2 are borrowed: L. Anderson et al. (2001)’s taxonomy of learning levels and

Lambert and Loiselle (2007)’s two dimensions of HISB characteristics.

In general, as shown in the framework, it is assumed that being motivated by differ-

ent levels of learning objectives, health consumers conduct online health information seeking

with two dimensions of characteristics (i.e., information and method) and finally achieve

knowledge change as an outcome.
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3.1.1 Levels of Learning

Understand, Analyze, and Evaluate represent three levels of the six learning objectives

in A&K’s taxonomy, from lower cognitive complexity to higher cognitive complexity (see

Figure 1). Understand means the learner can explain and synthesize ideas or concepts beyond

simply recalling the concepts. To master the level of Analyze, one can draw connections

and differentiate among ideas or concepts. Above that, the Evaluate level requires the

learner to have the ability to make decisions, judgments, or critiques. Aside from these

three levels, other levels in A&K’s taxonomy are Remember, Apply, and Create. Instead of

adopting all six levels, three levels are chosen for three reasons. First, it is more feasible and

manageable to differentiate between three levels rather than including all six levels. Second,

the Remember level is too basic, and Apply, which involves using the information in a new

situation, is not very suitable for health-related tasks. Additionally, Create, the highest

level in the hierarchy, is out of the scope of health consumers’ objectives in OHIS, but more

applicable to health professionals. Third, the levels of learning objectives should be close

to real OHIS scenarios. As claimed in Cartright et al. (2011)’s search log analysis, there

are two representative OHIS intentions: evidence-based and hypothesis-directed. With the

evidence-based intention, consumers mainly focus on locating information regarding signs

and symptoms, which can be mapped to the Understand level of learning. The hypothesis-

directed intention, which drives consumers to draw connections and discriminate among

different situations and conditions under uncertainty, aligns with the Analyze level. Besides,

the Evaluate level is added, as it corresponds to decision-making intention, which involves

seeking information to make a treatment decision.

3.1.2 Characteristics of OHIS

Another component of the HearSAL framework is HISB, with its two dimensions. As

reviewed in Section 2.1.2, Lambert and Loiselle (2007) conceptualized two dimensions of

HISB based on assorted characteristics: method dimension and information dimension. Ad-

ditionally, it highlights HISB as a process of SAL with increased knowledge as a cognitive

outcome of the process. The method dimension of HISB mainly refers to the individuals’
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source selection behaviors and search behaviors. The information dimension of HISB refers

to the characteristic of the information sought through online HISB, especially the types and

amounts of the information.

3.1.3 Knowledge Change

In this conceptual framework, aligning with previous work, knowledge change (also called

”knowledge state change”) is defined as the change in one’s knowledge state over a period of

time (M. J. Wilson & Wilson, 2013; Eickhoff et al., 2014; Yu et al., 2018). Here, ”knowledge

state” refers to an individual’s temporal knowledge regarding a specific topic (e.g., health-

related knowledge). In particular, it is assumed that consumers’ knowledge state evolves

throughout OHIS and SAL for different levels of learning objectives, thus resulting in knowl-

edge change. Four aspects of OHIS—including the search behaviors, source selection, type of

information, and amount of the information collected—will influence and contribute to the

knowledge change. As for the measurement of one’s implicit knowledge state and knowledge

change, it is believed that the knowledge state can be reflected by the explicit behaviors,

such as the usage of language (e.g., number of professional terminologies) and search behav-

iors (e.g., query complexity, click complexity) (M. J. Wilson & Wilson, 2013; Eickhoff et al.,

2014; Chi et al., 2016).

3.2 Research Questions

In this dissertation, the conceptual framework provides an orienting lens to help shape

the research questions and guide the research design. Therefore, this dissertation answers

four research questions. RQ1 and RQ2 are asked to disclose the linkage between levels

of learning and OHIS behaviors from the method dimension (RQ1) and information

dimension (RQ2). RQ3 examines knowledge change . Finally, RQ4 is to propose design

implications based on the results and findings.

• RQ1: How do health consumers search and learn in OHIS to achieve different levels of
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learning objectives (method dimension)?

RQ1a: How do health consumers’ search behaviors vary by different levels of learning?

RQ1b: How do health consumers’ selected online sources vary by different levels of

learning?

• RQ2: What information do health consumers search and learn in OHIS to achieve

different levels of learning objectives (information dimension)?

RQ2a: What are health consumers’ information needs of different levels of learning?

RQ2b: What types of information can health consumers acquire for different levels of

learning?

• RQ3: How well do health consumers learn in OHIS (knowledge change)?

• RQ4: What are the implications for system design?
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4.0 Methodology

This chapter provides the high-level overview of the methodology. In general, four sub-

studies are conducted to answer the research questions derived from the conceptual frame-

work. Section 4.1 first presents an overview of the research design as well as a breakdown

of the components. Section 4.2 then introduces the overview of the data collection methods

and the rationale for choosing each specific data collection method. The sections in this

chapter highlight the relationship among the four studies and their relationship with the

research questions, while the details of each study, including data collection, analysis and

results, are elaborated on separately in Chapters 5–8. Chapter 9 presents the discussions

and implications of the results and findings.

4.1 Research Design Overview

Figure 3: An illustration of the Research Design Overview

This dissertation employs a mixed-method research design (Creswel, 2009, p. 215).

Specifically, the research design is guided by a conceptual framework (i.e., Figure 2), and

mixed methods are used to collect both qualitative data and quantitative data. Figure 3
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delineates the essential components and sequence of flow sequence in the research design. In

the chart, blocks show each component in the study, and directional arrows illustrate the

sequence of the components in the entire research flow. The blocks shaded gray indicate the

four sub-studies of this dissertation.

Once the conceptual framework (Chapter 3) has been proposed based on the literature

review (Chapter 2), the four studies are conducted (Chapter 5,6,7,8). Subsequently, the

results and findings of the four studies are triangulated and inform the design implications

(Chapter 9).

In accordance with the conceptual framework, my investigation of consumers’ search

as learning in OHIS is divided into four sub-studies: two quantitative studies (Study 1 &

2) focusing on the method dimension (RQ1) and information dimension (RQ2) of health

consumers’ search as learning in OHIS, and two interview studies that directly elicit health

consumers’ experience and perspectives towards OHIS and subsequent outcomes, with an

emphasis on knowledge change as a cognitive outcome (RQ3). Specifically, laypeople (Study

3) as well as ovarian cancer patients and caregivers (Study 4) are interviewed. Finally, the

research question with respect to design implications (RQ4) is answered by synthesizing all

the results and findings.

The relationship between Study 1 and Study 2 is expansion, as the two studies highlight

different inquiry components and adopt different methods and population groups, thus ex-

tending the inquiry’s breadth and range (Creswel, 2009). By using the qualitative interview

method, Study 3 and Study 4 contribute insights into health consumers’ knowledge change

through OHIS in consumers’ natural settings, which is less revealed and discussed in Study

1 and Study 2. Therefore, Study 3 and Study 4 are complements to Study 1 and Study 2,

respectively.

4.2 Data Collection Overview

Generally, health consumers engage in OHIS through three major approaches: 1) directly

searching and navigating the internet, 2) participating in online health communities, and 3)
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Table 1: Overview of Data Collection Methods and Datasets

Study Target

Population

Data

Collection

Method

Dataset

1 Laypeople User study 5298 search log records from 24

participants who search for two

scenarios and six tasks. Each user

study lasted approximately 2h.

2 OvCa patients

and caregivers

Web scraping 909 initial posts and 14816

comments posted from June 2010

to December 2020 in National

Ovarian Cancer Coalition

CancerConnect Community.

3 Laypeople Semi-structured

interview

24 interview transcripts, each last

approximately 30 min.

4 OvCa patients

and caregivers

Semi-structured

interview

20 interview transcripts, each last

approximately 1h.
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communicating with health professionals on the web (Cline & Haynes, 2001). In this study,

as the focus is on consumer self-motivated active search as learning, the data collection

attempts to cover the first two means of accessing online health information.

Notably, as suggested in the literature review in Section 2, laypeople mainly rely on

search engines to initiate the OHIS (Pang et al., 2014; Yilma et al., 2017; Eysenbach &

Köhler, 2002; Fox, 2013; D. L. Hansen et al., 2003), due to their limited prior knowledge

about the health concern and information sources. In contrast, the online health community

(OHC) has the benefits of peer interaction and distinguishes itself for OvCa patients and

caregivers who have a constant and evolving need for information. Therefore, the data

from laypeople and OvCa survivors are collected from two settings. In addition, two semi-

structured interviews with the same populations are conducted to offset the weakness of the

two quantitative studies.

Table 1 provides an overview of the data collection methods as well as the datasets.

The laypeople’s dataset contains 5298 search log records and interview transcripts from

24 participants, each of whom searched for two scenarios with different severities and six

subtasks with different levels of learning goals. The data is collected from a lab-controlled

user study consisting of a pre-search survey, in-situ search recording, and a post-search

semi-structured interview. The data was collected from May 2017 to August 2017.

The data collection for understanding the OvCa community is collected from the National

Ovarian Cancer Coalition (NOCC) CancerConnect Community1, a peer-support online fo-

rum for OvCa community, as well as semi-structured interviews with women with OvCa and

their family caregivers. Upon approval, 909 initial posts and 14816 comments posted from

June 2010 to December 2020 in NOCC are collected. In addition, 20 participants who were

either OvCa patients (n = 18) or family caregivers (n = 2) were interviewed from May 2020

to November 2020.

1http://nocccommunity.ovarian.org/
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5.0 Study 1: Laypeople’s Health-related Search as Learning Behaviors on the

Internet

As described in the research design previously, Study 1 is conducted to unveil the method

dimension of consumers’ SAL in OHIS and answer RQ1. A user study was designed and

carried out to collect rich behavioral data. This chapter presents the data collection, analysis,

and results of the user study.

5.1 Data Collection

This section elaborates on the user study design and data collection for understanding

laypeople’s SAL, including the choice of health conditions and task design, system and

interface, procedure, and participants. Overall, it is a controlled study around scenario-

based health problems, with a live search system for the recruited laypeople to search on.

The study design was approved by the Human Research Protection Office (formerly IRB) of

the University of Pittsburgh.

5.1.1 Health Condition and Task Design

Two health conditions with different severity levels are selected: Severe Condition (SC)

and Mild Condition (MC). The SC task is a more urgent and complex health issue com-

pared to the MC. This is because, as suggested in previous work, even laypeople may behave

and perform differently in search as learning for health conditions with different severity

(De Choudhury et al., 2014). As for the specific health issues, multiple sclerosis (a demyeli-

nating disease) is chosen for the former and weight loss for the latter. It should be noted

that weight loss could be a severe condition in certain situation, but in the current study,

the scenario of weight loss is designed as a mild condition.
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Table 2: The Mapping Between OHIS Intentions and Learning Objectives

Levels of Learning
Objectives

HIS Intentions Task Design Guidance

Understand Evidence-based HIS pursuit of details and relevance of
signs and symptoms

Analyze Hypothesis-based HIS pursuit of content on one or more
illnesses, and on the
discrimination among different
diseases under the uncertainty

Evaluate Decision-based HIS given specific situation of a
condition, collect causes,
treatments, tests and other
information to make decision

5.1.1.1 Scenario The widely-used simulated work task situation (Borlund, 2000) is

adopted as the guideline for the task design. A simulated work task situation requires a

description of a realistic search scenario, which motivates the participants to search to fulfill

the goals. In the scenarios, the participants are asked to imagine that they need to search

on behalf of friends or family members who are experiencing a health issue. Particularly,

the participants were required to search for someone else instead of for themselves because

although the tasks are designed to resemble real-world needs as closely as possible, these

needs are still not originating from the participants themselves. Additionally, searching for

others is a very common situation in real life (Cutrona et al., 2015).

5.1.1.2 Task Design The design of the specific search task is guided by Table 2. The

simulated tasks should be both 1) close to real OHIS information needs on the web and

2) capable of reflecting learning with different levels of objectives. Therefore, I map the

evidence-based OHIS and hypothesis-based OHIS intentions established by Cartright et al.

(2011) through large-scale real search logs to the two levels of A & K’s taxonomy (L. Anderson

et al., 2001): Understand and Analyze, and propose a third intention for the Evaluate level

of learning: decision-based OHIS. Based on the mapping, the specific search goals for each
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OHIS intention and level of learning are described in Table 2. This framework is used to

design the specific scenario-based search tasks in the user study. The complete scenario and

task description are shown in Table 3.

Table 3: Complete Description of Task Scenarios and Subtasks

Conditions Severe Condition (SC) - Multiple
Sclerosis

Mild Condition (MC) - Weight Loss

Scenario Your friend Cathy, age 32, was diagnosed
with Relapsing-Remitting Multiple
Sclerosis (RRMS) 8 years ago. To
treat her form of Multiple Sclerosis (MS)
she has been prescribed a medication
known as Avonex. She was functioning
well until about a month ago when she
started experiencing vision loss and mus-
cle spasms with greater frequency. Upon
visiting her physician, she learned that
her Relapsing-Remitting Multiple Scle-
rosis had changed into Secondary Pro-
gressive Multiple Sclerosis (SPMS). You
want to do some research on her
condition and give her suggestions.

Your 15-year-old nephew Johnson is consid-
ering going on a diet and losing weight.
His weight is 200 lbs and he is 5 feet and
8 inches tall. Overweight teenagers are at
high risk of having health issues such as di-
abetes and high blood pressure. But you
know that it is also important to be healthy
while going on a diet. So, you want to
collect some information and give sug-
gestions to your nephew.

Understand First find out what is Secondary Pro-
gressive Multiple Sclerosis (SPMS)? De-
scribe the disease and list five symp-
toms of SPMS.

Our bodies need protein from the foods we
eat to build and maintain bones, muscles
and skin. First find out how much pro-
tein your nephew needs given his cur-
rent condition (e.g., weight, height, age,
gender).

Analyze Doctors have identified 4 major types of
MS. Your friend experienced 2 types of
MS (RRMS and SPMS). Please find out
how these two differ from the 2 other
types of MS? Describe the differences
and similarities in how patients with
each type of MS behave.

Protein can be categorized into two types:
complete protein and incomplete pro-
tein. Please find out the major dif-
ference between them. Which of the
following food(s) provide complete protein:
yogurt, rice, beans, coconut, nuts?
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Evaluate Your friend is seeking a new treatment
plan for her SPMS. You want to col-
lect some information and create a basic
treatment plan for her before she goes to
see the doctor. Given the fact that she
also has a pre-existing heart condition,
do you think she should continue
with Avonex? Why? If not, what
alternative medicine would you sug-
gest? Are there any specific types
of exercises and suggested dietary
practices that are recommended for
individuals with MS? Please also in-
clude them in your treatment plan.

Your nephew is considering a diet and exer-
cise plan. You want to help him and design
a plan for him. Some people argue that
the high protein diets can help reduce the
desire for food. People with high protein
diets can remain healthy and lose weight at
the same time. But there are also papers
arguing high protein diets can do harm, es-
pecially for long-term. Your nephew won-
ders if he should go on a high protein
diet. Besides, what alternative diet
would you suggest? Please give your
opinions and reasons in your recom-
mended plan.

5.1.2 System and Procedure

5.1.2.1 Search System A search system called HIS (health information-seeking sys-

tem)1 is designed and implemented to collect and record search behaviors. Figure 4 shows a

screenshot of the homepage. The search function is wrapped around Google Search API. Like

Google, there is a search box in the center of the page for entering queries. A unique user

ID and password are assigned to each participant beforehand. After login, the participant

with the ID S01 would be directed to the homepage.

Figure 4: A Sreenshot of the Homepage of HIS

1http://crystal.exp.sis.pitt.edu/his/login.html
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Then, Figure 5 shows a screenshot of the search result page, directly provided by Google.

All users’ interactions with the system, such as queries, clicks, and dwell times, are auto-

matically logged to a MySQL database. Each record in the log refers to a source clicked by

the participants.

Figure 5: An Example of the Search Result Page

5.1.2.2 Capturing Source Selection Behavior In order to capture and collect rich

data on the laypeople’s source selection behavior, a special feature ”save to workspace”

is designed and embedded in the system. A ”save to workspace” button is located in the

bookmark menu of the browser. As shown in Figure 6, whenever the participant finds a useful

piece of information, she can simply highlight the snippet and click ”save to workspace”. This

action triggers a separate pop-up page (see Figure 7), which prompts the participant to rate

the relevance of the snippet from 1 to 5 before she clicks the ”submit” button. The ”save to

workspace” function is supported on any webpage including the search result page.

46



Figure 6: An Example of the ”Save to Workspace” Interface(a): the user is highlighting a

piece of information and then clicking “save to workspace.”

Figure 7: An Example of the ”Save to Workspace” Interface(b): A pop-up window of the

snippet that is going to be saved.

5.1.2.3 Procedure Figure 8 provides an overview of the procedure of the user study for

each participant. The user study was conducted in a controlled lab setting. Upon arrival,
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Figure 8: User Study Procedure

each participant received a brief introduction about the study (see Appendix A) and was

asked to fill out an entry questionnaire (see Appendix B) that aimed to collect background

information (e.g., age, education) and past experience on OHIS. Then the participant worked

on the search system for 5 minutes with a prepared training task and explicitly informed

that she could freely search, click and view webpages and that all the interactions with the

system would be logged and analyzed afterward. The “save to workspace” function was

demonstrated to the participant so that she knew how to save snippets into the workspace

to generate solutions to the tasks.

The experiment adopted a within-subject design, so each participant worked on 3 sub-

tasks associated with both health conditions. The order of the two health conditions was

rotated under the Latin square principle to minimize fatigue effects. As a result, each

participant completed 6 sub-tasks.

In the search for each health condition, the participant first received a printed description

of the scenario. Then the participant was presented with the first sub-task and asked to

write a short summary about what they had already known about the task by typing in
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the system. Each sub-task requested the written summary to assess the participants’ prior-

search knowledge about the task. The participants were asked to perform searches for 7

minutes per subtask, considering the total length of the study. The two participants of

the pilot study confirmed that 7 minutes is appropriate for the tasks, and in the formal

data collection, all the participants met the time requirements. After the 7-minute search,

another written summary about the sub-task was requested again from the participants to

assess the after-search knowledge. In total, the participant would search for 21 minutes to

complete all three subtasks and provide 3 prior-search and 3 after-search written summaries.

After a five-minute break, the participant moved onto the second health condition with the

same procedure. After finishing the search for both health conditions, the participant was

requested to fill out an exit questionnaire about their satisfaction of the search. The whole

study took approximately 1.5 hours, and each participant was compensated US $20.00.

5.1.3 Participants and Dataset

Participants were recruited through flyers posted on the campuses of the University of

Pittsburgh and Carnegie Mellon University. Two criteria were applied to screen eligible

participants before they formally signed up. Firstly, individuals who had completed or were

currently pursuing health- or medicine-related education programs were excluded because

they were not considered laypeople. Secondly, potential participants must be native English

speakers over the age of 18. In total, 24 college students were recruited (15 females and 9

males, 17 undergraduates, and 7 graduate students, 18-33 years old). On a scale from 1 to 5,

participants described their search activity as very frequent (M= 4.79, SD=.104) and very

experienced (M= 4.25, SD= .124). Regarding OHIS, most had searched for health-related

information recently (in the last week: n= 15, 62.8%; last month: n= 8, 33.3%; last six

months: n= 1, 4.2%). The majority of them also reported searching on a weekly (n=8,

33.3%) or monthly (n=8, 33.3%) basis.

As a result, 48 complete search logs (144 search sessions) were collected from 24 partici-

pants. The dataset contains 5,298 clicked webpages, among which 965 (18.21%) were saved

into the workspace.
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5.2 Data Analysis

The data collected from the user study was analyzed with three steps. First, the recorded

search logs were analyzed to reveal the participants’ different search behaviors on the query

level and clicking level (Section 5.2.1). Then, a coding framework was applied to classify

all the online sources visited by the participants (Section 5.2.2). This analysis provided an

in-depth understanding of participants’ source selection behavior. Finally, the 144 written

summaries were assessed manually to measure the participants’ prior-search and after-search

knowledge (Section 5.2.3).

5.2.1 Search Behavior Measures

Issuing queries and clicking and navigating search results are two typical search behaviors

(J. Jiang, He, & Allan, 2014). Therefore, the search logs were analyzed on both the query

and click levels.

On the query level, four measures were computed:

• Number of Queries (NQ): number of queries per participant per sub-task

• Length of Queries (LQ): number of query terms per participant per sub-task

• Number of Unique Queries (NUQ): number of unique queries among all the partic-

ipants per sub-task

• Number of Unique Terms (NUT): number of unique terms among all the partici-

pants per sub-task

On the click level, three measures were used in accordance to the different source selec-

tion behaviors:

• Number of Clicked Pages (NCP): number of clicked pages per participant per sub-

task

• Number of Saved Pages (NSP): number of pages saved to the workspace per par-

ticipant per sub-task

• Number of Used Pages (NUP): number of pages cited as references in the after-

search written summaries per participant per sub-task

50



Combining the query- and click-level measures, another measure was calculated:

• Search Efficiency (SE): SE = (
M∑
i=1

RSPi)/NQ

A larger SE indicates that the participant collected more relevant information with fewer

queries. In the formula above, SE indicates the search efficiency of a participant in a sub-

task. RSPi is the relevance score of the saved page i, and the relevance score was rated

by the participant when the page i was saved to the workspace. M and NQ are the total

number of the saved pages and the total number of the queries issued by the participant to

complete the sub-task.

5.2.2 Online Health Source Classification

Due to the lack of a widely adopted classification scheme for online health information

sources, it was decided to develop one in order to classify the sources selected by the partici-

pants. Initially, the websites were classified by their different domain names. Domain names

are designed to represent websites distributed among various hosts and network systems,

with a string of characters usually separated by dots as their structure. However, since no

restrictions were imposed on the sources that the participants could select during the search,

as expected, it was found that the sources they visited were scattered across different types

of websites. Even the websites with the same domain names might function very differently

during the search process. For example, participants might consult a social network site and

an e-commercial site in the same task. Both websites have dot com domain names, but it is

not appropriate to rigidly classify them into a single simple category. Given that the web-

site type classification is too broad, a coding framework for classifying webpage types was

developed. The mapping to the webpage category was completed through content analysis

by two coders.

Researchers (Kanaris & Stamatatos, 2009) often distinguish webpages by topic (e.g.,

health vs. sport) and genre (e.g., online news vs. online forums). In this study, the topic

is restricted to health. Thus, a webpagewas classified based on its genre and a set of nine

genre types emerged. Each webpage was mapped to a genre through manual coding by two

coders. To generate the base codes, the coders separately open-coded the transaction log of
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Table 4: Coding Framework of Webpage Types

Code Webpage Type Description

SERP Search engine
result page

A search engine result page for a given query.

HSP Health-specific
page

A webpage that offers focused information about one
specific health issue, whose content is often contributed by
professionals. Webpages promoting or selling any product
such as pharmaceutical, home remedy, diet product are
excluded and classified as E-commerce pages (ECP).

WBP Wiki-based page A wiki page that collects voluntary creation from general
users.

ALP Academic
literature

A webpage whose main content is academic literature.

PP Personal webpage A webpage sharing authors’ personal ideas and experiences;
self-portrayals, personal homepages with informal content.

NAP News article page A webpage filled with long reviews, reports, newsfeeds or
photos.

SNS Social network
service

A webpage supporting interactions among users. Through
the interactions, users may engage in questioning,
answering, emotional support, human experiences, etc.
Wiki-based pages are excluded as their core is to co-edit
instead of interaction.

ECP E-commerce page A webpage with the main purpose of promoting products
and supporting online purchase.

OEP Online education
page

A webpage from educational institutes with the main goal
of online education with tutorials (in digital print, video,
etc.).
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the first participant (i.e., S01). Seven types of webpages emerged, and the coders achieved

an acceptable agreement (Cohen’s Kappa = 0.891). During the subsequent debriefing, the

coders discussed controversial records and two more types were added. Table 4 provides the

final nine genre types.

It is assumed that webpages belonging to the same type of genre resemble each other

in terms of presentation style, purpose, function, or even content. Some webpage genres

may suggest higher-quality content than others. For example, Academic literature (ALP) is

more likely to provide professional instructions. However, it is worth noting that the current

coding framework was not used to measure the quality of the webpage specifically, so it is

possible that the quality of a certain type is not identical.

5.2.3 Written Summary Assessment

The prior-search and after-search written summaries were assessed using the method

proposed by Kammerer, Nairn, Pirolli, and Chi (2009). First, a coding framework was defined

to assess the quality of the written summary in accordance with the task description. For

example, in the Understand level in SC, the summaries were rated based on the description

of the secondary progressive multiple sclerosis (0-1 point) and 5 symptoms of it (0-1 point

per symptom). Then two coders who were familiar with the search tasks and the assessment

criteria rated all the written summaries manually. Pearson correlation was used to measure

the inter-rater reliability, and the two coders obtained an acceptable agreement on all the

sub-tasks, ranging from 0.563 to 0.875, p < 0.001.

The the scores of the written summaries were used to gauge the participants’ knowledge

state before and after the search session, and the knowledge change:

• Prior-search Knowledge (PK): normalized scores of the prior-search written sum-

maries;

• After-search Knowledge (AK): normalized scores of the after-search written sum-

maries;

• Knowledge Change (KC): KC = AK − PK
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Table 5: Written Summary Assessment Criteria

Conditions Understand Analyze Evaluate

Severe
Condition
(SC)

Disease description
(0-1 point);
5 symptoms (0-1
point each)

Names of the four types
of multiple sclerosis (0-1
point each);
Characteristics of each
type (0-1 point each)

Covering the following topics,
for each topic, points from 0
(not covered) to 2 (detailed
focused coverage): Avonex and
heart risk (0-2 points);
alternative medicine (0-2
points); exercises (0-2 points);
Dietary (0-2 points)

Mild
Condition
(MC)

Amount of protein
needed (0-2point);
Characteristics
(e.g., gender, age)
of the patients
considered (0-2
points), and the
reason (0-2 points)

Characteristics of
complete and incomplete
proteins (0-1 point each);
Difference between the
two types of proteins (0-1
point);
Types of protein of the 5
foods (0-1 point each)

Covering the following topics,
for each topic, points from 0
(not covered) to 2 (detailed
focused coverage): high protein
diets, pros (0-2 points) and cons
(0-2 points); alternative diet
(0-2 points); reasons (0-2 points)

5.3 Results

5.3.1 Search Behaviors

A two-way within-subjects ANOVA was conducted to reveal the effect of the two inde-

pendent variables (levels of learning objectives and severity of health conditions) and their

interaction effect on the three groups of search behavior measures: search queries, clicks,

and search efficiency.

5.3.1.1 Search Queries Figure 9 shows the averaged number of queries (NQ) and length

of queries (LQ) issued by the participants for sub-tasks with different levels of learning

objectives. Besides, the queries of the two health conditions were separated to unveil the

effects of the conditions.

Combining the results of NQ and LQ, it was found that in the search and learning of
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Figure 9: a) Number of Queries (NQ) and b) Length of Queries (LQ)

the severe condition (SC), to achieve the Analyze level of learning, participants used longest

but fewest queries, whereas to achieve the Evaluate level, participants used the shortest but

the most number of queries.

Number of Queries

The results of the two-way repeated measures ANOVA revealed that there was a sig-

nificant interaction between levels of learning and severity of health conditions on number

of queries (NQ) issued by the participants (F (2, 46) = 8.130, p = .001, partial η2 = .261).

Significant main effects were also found on levels of learning (F (2, 46) = 12.809, p = .000,

partial η2 = .358) and severity of health conditions (F (1, 23) = 11.265, p = .003, partial

η2 = .329). The significant differences in the number of queries among levels of learning for

each condition were followed by simple pairwise comparisons among three levels while using

Bonferroni correction for control of familywise Type I error rate.

For SC, participants issued the most queries in the Evaluate task (NQ = 4.46), followed

by the Understand task (NQ = 2.79, p = .001), and the fewest in the Analyze task (NQ =

1.83, p = .000). The difference between the Understand task and the Analyze task is also

significant (p = .041). There were no significant differences in the number of queries among
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the three levels of learning objectives for MC.

Length of Queries

Similar to the NQ, there was significant interaction effect between levels of learning

and severity of health conditions on length of queries (LQ) (F (2, 46) = 9.467, p = .000,

partial η2 = .292). Besides, significant main effects were also found on levels of learning

(F (2, 46) = 6.724, p = .003, partial η2 = .226) and severity of health conditions (F (1, 23) =

8.188, p = .009, partial η2 = .263) on LQ.

Significant differences in LQ among the three levels of learning were only found in the SC.

The longest queries were issued in the Analyze level (LQ = 5.53, followed by the Understand

level (LQ = 4.44, p = .046), and the shortest in the Evaluate level (LQ = 3.60, p = .000).

The LQ in the Understand level was longer than the Evaluate level p = .037).

Number of Unique Queries and Terms

Figure 10: a) Number of Unique Queries (NUQ) and b) Number of Unique Terms (NUT)

The total number of unique queries (Figure 10 (a) NUQ) and unique terms (Figure 10

(b) NUT) among all the 24 participants were plotted across the three levels of learning

and split by the two health conditions. As shown in the figure, in the SC, the NUQ and

NUT were similar in the Understand and the Analyze level, which might mainly come from
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the task description. However, in the MC, the participants were able to use many unique

terms in the Understand level, which might arise due to their intrinsic familiarity with the

tasks in the MC (i.e., protein amount). It is notable that, in both conditions, participants

issued the largest number of unique queries and terms in the Evaluate tasks, suggesting that

the participants used diverse queries and terms beyond the task description to achieve the

Evaluate level of learning regardless of the severity of the health condition.

Figure 11: Clicks of the Three Levels of Learning in the Two Conditions

NCP:Number of Clicked Pages; NSP: Number of Saved Pages; NUP: Number of Used Pages

5.3.1.2 Clicks Figure 11 depicts the average number of clicked pages (NCP), saved pages

(NSP), and used pages (NUP) of the 24 participants for the three sub-tasks with different

levels of learning in the two health conditions (left: severe condition; right: mild condition).

Note that since the saved pages are from the clicked pages, and the used pages, the ones

cited in the written summaries, are further selected from the saved pages in the workspace,

NCP is inherently larger than NSP, and NUP is the smallest among the three types of clicks.

The results of the two-way ANOVA indicated that there was a significant interaction

effect between level of learning and severity of health conditions on the number of saved pages

(NSP) (F (2, 46) = 8.668, p = .001, partial η2 = .274). However no significant interaction

effects were found on the number of clicked pages (NCP) (F (2, 46) = 1.309, p = .280) and
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used pages (NUP) (F (2, 46) = 0.538, p = .0.588). In addition, it is notable that level of

learning had a significant main effect on all the three measures of clicks: NCP (F (2, 46) =

15.023, p = .000, partial η2 = .395), NSP (F (2, 46) = 5.982, p = .005, partial η2 = .206), and

NUP (F (2, 46) = 11.929, p = .000, partial η2 = .342). Severity of condition itself had no

significant main effect on the clicks.

Follow-up pairwise comparison using Bonferroni correction revealed that significant dif-

ferent numbers of clicks affected by the level of learning mainly appeared in the MC. To

complete the search tasks of the Evaluate level in the MC, participants significantly clicked

(NCP = 43.58), saved (NSP = 7.75), and used (NCP = 4.08) more pages than the Under-

stand level task (NCP = 31.25, p = 0.001;NSP = 4.96, p = 0.000;NUP = 2.21, p = 0.000).

The clicks in the Evaluate level were also more than those in the Analyze level (NCP =

32.71, p = 0.002;NSP = 5.92, p = 0.034;NUP = 4.96, p = 1.000), and the differences were

significant except for the NUP. The differences of clicks between the Analyze level and the

Understand level was only found significant in the number of used pages (p = 0.039). In

contrast, though the clicks also appeared to increase with the level of learning objectives in

the SC, statistically significant result was only found between the NUP in the Evaluate level

(NUP = 4.21) and the NUP in the Understand level (NUP = 3.00, p = 0.017).

5.3.1.3 Search Efficiency The search efficiency is visualized in Figure 12. A larger

SE indicates that the participant collected more relevant information with fewer queries.

Therefore, it is evident that participants’ achieved the highest SE in the Analyze level in

the SC tasks, while there was a dramatic drop from the Analyze level to the Evaluate level

following it. Conversely, the SE tended to be similar among the three levels of learning in

the MC tasks.

A significant interaction effect between levels of learning objectives and severity of

health conditions on search efficiency was found by using the two way ANOVA (F (2, 46) =

17.833, p = .000, partial η2 = .437). There was a significant main effect of levels of learning

objective on the search efficiency (F (2, 46) = 13.579, p = .000, partial η2 = .371). Significant

effect of severity of condition was also found (F (1, 23) = 10.386, p = .004, partial η2 = .311).

With respect to the follow-up comparison results, significant differences in the search
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Figure 12: Search Efficiency of the Three Levels of Learning

efficiency among the three levels of learning were mainly revealed in SC. Participants’ search

efficiencies of the three sub-tasks in the SC were significantly different from each other.

Specifically, the search efficiency was the highest in the Analyze level (SE = 24.20), com-

pared to the Understand level (SE = 13.91, p = 0.002) and the Evaluate level (SE =

7.56, p = 0.000). Search efficiency of the Understand level was higher than that of the Eval-

uate level (p = 0.0.012). In MC, participants’ search efficiency increased slightly with the

increase of learning levels, though no statistically significant results were found.

5.3.2 Source Selections

The types of the source selected in the subtasks with different levels of learning objectives

were plotted. Figure 13 and Figure 14 visualize such information with two area charts:

Figure 13 shows the types of the clicked sources in the SC task, while Figure 14 displays

the sources in the MC task. The distribution of source selections in each learning level was

further divided into two stages evenly based on the time to demonstrate the source change

on a fine-grained level.
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Figure 13: Types of Selected Sources in the Severe Condition (SC)

Figure 14: Types of Selected Sources in the Mild Condition (MC)
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In the SC (Figure 13), Health-specific page (HSP) is the top clicked source throughout

the three levels, particularly in the Understand level. However, in the MC (Figure 14),

HSP does not play the same dominant role in the Understand level of learning, but its share

increases dramatically in the Evaluate level; this indicates that participants’ selection of HSP

varies by the required knowledge level of the OHIS task they are trying to solve. Laypeople

tend to select more health-specific webpages, such as WebMD.com, when they lack sufficient

knowledge to solve their HIS task. Secondly, in the MC search process, participants tend

to consult more diverse resources, while in the SC search process, source selection centers

around HSP and search result page (SERP). Moreover, personal page (PP), which was

supposed to deliver online users’ personal experience and knowledge, is rarely visited when

solving the SC task. However its share increases gradually throughout the MC process.

Additionally, laypeople will select more diverse types of sources with the increase of the

levels of the learning objectives, i.e., in the Evaluate tasks. Consequently, search engines are

also employed more frequently in higher learning level tasks.

5.3.3 Knowledge Change

Figure 15: Prior-Search Knowledge (PK) and After-Search Knowledge (AK)

Prior-search Knowledge and After-search Knowledge
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Figure 16: Knowledge Change

Knowledge change is defined as the change between the prior-search and the after-search

knowledge state. In order to explore how the knowledge change differs in the three levels

of learning and the two health conditions, the prior-search knowledge state and after-search

knowledge state were first computed and visualized in Figure 15.

Results of two-way ANOVA indicated that levels of learning had a significant main effect

on both prior-search knowledge (PK) state (F (2, 46) = 4.11, p = .023, partial η2 = .152)

and after-search knowledge (AK) state (F (2, 46) = 33.342, p = .000, partial η2 = .592).

Severity of condition also had a significant main effect on PK (F (1, 23) = 37.244, p = .000,

partial η2 = .618) and AK (F (1, 23) = 5.678, p = .026, partial η2 = .198). It is notable that

the effect size of the severity of the condition on PK was larger than that of learning levels,

while learning levels had a larger effect size on AK compared to the severity of the condition.

This might because the participants’ prior knowledge of the two health conditions was quite

different, as one of them was a serious and complex disease (i.e., multiple sclerosis). At the

same time, the other was a health-related issue (i.e., weight loss) that they were more likely

to be familiar with.
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In general, AK decreased with the increase of levels of learning objectives in both condi-

tions. Pairwise comparisons among the three levels of learning suggested that participants’

AK were all significantly different from each other, except for the difference between the

Evaluate level and the Analyze level in the MC. Such results might indicate that laypeople

were more likely to achieve a higher knowledge state through search as learning for easier

tasks.

In contrast, there was no significant interaction effect between levels of learning and

severity of condition on participants’ PK (F (2, 46) = 1.253, p = .295) or AK (F (2, 46) =

0.119, p = .888).

Knowledge Change

Figure 16 shows the knowledge change (KC) patterns among the three levels of learning

in the two conditions. Results of two-way ANOVA demonstrated that there were significant

main effects on KC from levels of learning (F (2, 46) = 14.224, p = .000, partial η2 = .382) and

severity of condition (F (1, 23) = 45.317, p = .000, partial η2 = .663), though no significant

interaction effect between the two factors was found (F (2, 46) = 0.534, p = .590). The

significant differences on KC among levels of learning objective for each condition were

followed by simple pairwise comparisons, and the differences were found to be significant

between the Evaluate level and the Understand level in both SC (p = .003) and MC (p =

.047).

As shown in Figure 16, it is notable that participants’ knowledge change generally de-

creased with the increasing levels of learning objectives. It should be emphasized that though

the participants’ prior knowledge appeared to be higher in the lower learning levels than

higher levels, which means that they had already known much about the task, they still

tended to gain more knowledge for the easier and less complex tasks than search tasks with

a higher level of learning objectives in OHIS.

Additionally, the knowledge gain and the after-search knowledge state of SC were higher

than that of MC regardless of learning levels, suggesting that OHIS is a promising learning

resource for laypeople to learn about health-related information even for severe and complex

diseases and for a higher level of learning objective, such as making decisions and judgments

63



about a disease.

5.4 Summary of Study 1

Table 6: Summative Results of Search Behaviors

Variables
Queries Clicks Search Efficiency

NQ LQ NCP NSP NUP SE

Learning Objective ** ** ** ** ** **

Severity of Condition ** ** Not sig. Not sig. Not sig. **

Interaction Effect ** ** Not sig. ** Not sig. **

Study 1 presents a user study that examines how and how well laypeople search and

learn in OHIS for two health conditions with different severity. In general, the results

demonstrate that SAL behaviors and sources vary by different levels of learning objectives,

and the variation is affected by the severity of health conditions.

With regard to the search behaviors, two-way within-subjects ANOVA was performed

to reveal the effect of levels of learning objectives, the severity of health conditions, and the

interaction effects on three groups of search behavior measures: queries, clicks, and search

efficiency. Table 6 outlines the summative results. Notably, the level of learning objectives

has significant main effects on all the measures of search behaviors. The severity of health

conditions and the interaction effects are also discovered through many search behaviors.

As for the source selection behaviors, nine different types of online health information

sources were identified based on the genre of the clicked web page—namely, search engine

result page, health-specific page, wiki-based page, academic literature, personal web page,

news article page, social network service, e-commerce page, and online education page. The

results indicate that the types and distributions of the participants’ selected online sources

vary by different learning objectives and the severity of health conditions. Participants tend
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to select a larger number of sources with the increase of learning levels and select more

diverse types of sources in the mild condition.

The participants’ knowledge change was measured through a manual assessment of writ-

ten summaries. The results indicate that participants were able to achieve knowledge gain

in all the levels, and the knowledge gain varies by levels of learning objectives and severity

of health conditions. They tend to learn better in the easier learning tasks – the Understand

level in the mild condition.
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6.0 Study 2: OvCa Patients and Caregivers’ Search as Learning Needs and

Supports in Online Health Community

To answer RQ2, an analysis of an OHC of Ovca was performed to discover the informa-

tion dimension of consumers’ SAL in OHIS. This chapter elaborates on the data collection,

analysis, and results of Study 2.

6.1 Data Collection

6.1.1 Research Setting: National Ovarian Cancer Coalition CancerConnect

Community

National Ovarian Cancer Coalition (NOCC), a nonprofit advocacy organization, has de-

voted itself to educating and supporting ovarian cancer survivors since its inception in 1991.

The NOCC CancerConnect Community is one of the most active OvCa online health com-

munities (OHC). It is a peer-support OHC with the goal of providing an open-access platform

that encourages and enhances interpersonal learning via informational and emotional peer

interactions. To this end, NOCC allows registered users to participate and contribute to the

community in several ways, such as initiating a post as a poster and replying to the post as

a replier, searching and reading posts and comments, creating profiles, joining groups, and

sending and receiving private messages.

The goal is to understand OvCa patients and caregivers’ SAL needs, support exchanged,

and knowledge change in the context of OHC. One challenge is identifying the anonymous

users and collecting longitude data that manifests the survivors’ sustained participation and

knowledge change in the community. In the NOCC community, registration is required to

post and comment, so all the initial posts and comments are associated with usernames,

making it possible to observe and track individuals’ participation in the NOCC community.

The data collection and analysis activities were approved by the University of Pittsburgh
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Human Research Protection Office (formerly IRB). The dataset contains 909 ovarian cancer

threads posted from June 2010 to December 2020. Each thread is made of one initial post and

corresponding comments, if any. In total, there are 909 initial posts and 14816 comments.

Example of initial post and follow-up comments are shown in the next section.

6.1.2 OvCa Survivors’ Posts and Comments

Figure 17: An Example of Initial Post

Figure 17 is an example of an initial post in a thread. The real username and the user’s

profile image was removed for privacy. Overall, Two categories of data were collected from a

post: user-related data and post-related data. User-related data included username, number

of posts. Post-related data are post title, poster username, date, URL, and content.

Figure 18 displays two comment examples replied to the post shown in Figure 17. For

each comment, the collected data consisted of the replier’s username, date of the comment,

comment content, URL, and the post associated with the comment.
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Figure 18: Examples of Comments
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6.2 Data Analysis

In order to identify the users’ learning levels expressed in the posts and the different

types of support exchanged in the comments, manual content analysis was first adopted as

the method to establish different categories.

For the initial posts, manual annotations were performed to identify:

• The posters’ levels of learning objectives if there was one or more explicit informa-

tion needs articulated in the post (section 6.2.1);

• Ovarian cancer topics that the poster asked to learn (section 6.2.2);

• Two other characteristics of initial post, including self-disclosure and role of the

poster (section 6.2.3).

The comments content was coded in terms of:

• Types of support provided by the commenters (section 6.2.4)

Automatic classification models were applied to predict different types of support in the

comment following the manual coding due to the large number of comments.

6.2.1 Identifying Initial Posts with Information Needs and Levels of Learning

Though OHC is widely used to address information needs and acquire knowledge, not

every consumer shares their post in OHC with the purpose of seeking information and

learning knowledge. Therefore, to study consumers’ search as learning in OHC, it is necessary

to first distinguish posts with information needs and learning objectives from other posts.

Then, for the posts with information needs, furthermore, a coding framework guided

by A & K’s taxonomy (L. Anderson et al., 2001) was developed to classify the levels of

learning objectives expected by the poster. Given the considerations stated in section 3.1.1,

Understand, Analyze, and Evaluate were chosen from the six learning objectives from lower

cognitive complexity to higher cognitive complexity. The description of each level and the

de-identified example posts are displayed in Table 7. Note that to achieve the higher levels

in the A & K’s taxonomy, one must master the lower levels in the hierarchy. Therefore, the

three levels of learning were coded mutually exclusively. For example:
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“...Last one [CA score] showed 2 point increase and Dr wasn’t concerned as said basically

save number 28 to 30. This was 1/22. Today it has went up .8. Any reason to be concerned

since trend is upward?” (see complete post in Table 7)

In this post, the poster described her situation and sought judgment from peers. There-

fore it was coded as the ”Evaluate” level of learning objective. In addition, to make an

effective judgment, she was required to ”Understand” and ”Analyze” the situation.

Two coders applied the coding framework to 100 sample posts out of 909 posts individu-

ally to 1) identify whether or not the post involved information needs and learning objectives;

2) if so, determine the level of learning that best described the consumer’s learning objec-

tive. One coder annotated the remaining posts after an acceptable agreement being achieved

between two coders on the 100 sample posts (percent agreement = 79.4%, Cohen’s kappa =

0.72).

Table 7: Coding Framework of Levels of Learning Objectives in the Initial Post

Levels of
Learning

Description Example

Understand

Pursuit of facts, concepts, and
ideas by describing, explaining,
identifying, detailing, interpret-
ing, or summarizing, etc.

“Hi does anyone have information on
AMG 386? Thank You”

Analyze

Pursuit of connections and re-
lationships among concepts un-
der uncertainty by differentiat-
ing, comparing, distinguishing,
contrasting, sorting, etc.

“I recently developed small red dots
all over my legs, looks like little blood
marks. I’m on Avastin and wonder if
anyone has experienced these marks on
their body?”

Evaluate

Pursuit of decision or judgment
given specific conditions by ap-
praising, arguing, judging, se-
lecting, critiquing, weighing, rec-
ommending, assessing, predict-
ing, etc.

“Hi Sisters, I finished front line 12/8
and ca has be tested 3 times since. Last
one showed 2 point increase and Dr
wasn’t concerned as said basically save
number 28 to 30. This was 1/22. To-
day it has went up .8. Any reason to be
concerned since trend is upward? I’m
concerned of this continuing and I’m
already full of worry. I also work out
every day with weights. Does intense
exercise affect this with the temporary
inflammation? Thanks!”
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6.2.2 Identifying Topics of Information Needs in the Initial Post

Table 8: Coding Framework of Topics of Information Needs in the Initial Post

Topics Description Code

Disease
Management

Information needs related to ovarian cancer disease manage-
ment, such as diagnosis, prognosis, finding gynecologic oncologist,
preparing for visit, advance care planning/advance directives, bor-
derline malignant tumors, prophylactic surgery, secondary preven-
tion, monitoring for recurrence, management of recurrence, sup-
portive care/palliative care

DM

Symptom
Management

Information needs related to ovarian cancer symptom manage-
ment, such as fatigue, sleep, bowel, pain, neuropathy, cognitive
memory, nausea, vomiting, bloating, ascites, appetite, appear-
ance, shortness of breath, lymphedema, urinary, early menopause,
ostomy management, rash, anemia, mouth sore, myelosuppression

SM

Treatment
Information needs related to ovarian cancer treatment informa-
tion, such as medications, surgery, radiation, chemotherapy, bio-
logic therapies, clinical trials

TM

Treatment
Decision

Information needs related to ovarian cancer treatment decision. TD

Emotional
Management

Information needs related to emotional management, such as anx-
iety, depression, fear of recurrence, mood swings, coping, grief and
loss

EM

Self-
Management

Information needs related to self-management, such as nutrition,
spiritual support, physical activity, relationship with loved ones

SF

Practical
Needs

Information needs related to practical needs, such as finance, in-
surance, employment, legal, community resources

PN

Caregiving
Information needs related to caregivers’ needs, such as stress, care-
giver coping, grief and loss

CG

Others

Other ovarian cancer related information needs such as
communication, sexuality, rehabilitation, complementary ther-
apy/integrative medicine, ovarian cancer organization and facil-
ities

OT

To understand the information dimension of consumers’ search as learning in OHC, topics

of the information needs in the initial posts were also annotated through content analysis.

The coding framework was developed inductively by a nurse practitioner by immersing herself

in the posts. A coding framework with 13 topics was established initially.
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Using the framework, two coders annotated all 909 posts individually, with one having

a nursing degree. One initial post can include one or multiple topics. Later on, topics that

appeared in less than 10 posts among 909 posts were further grouped into ”Others.” As

a result, 9 codes were used to classify the topics of information needs in the initial post.

Description of each topic is detailed in Table 8. An acceptable inter-rater agreement was

obtained between the two coders, with an average percent agreement of 94.38% and Cohen’s

kappa coefficient of 0.717, ranging from 0.620 to 0.810 across 9 categories.

6.2.3 Identifying Other Characteristics of Information Needs in the Initial Post

Self-disclosure and the role of the posters were annotated to further unveil the charac-

teristics of the information needs in the initial posts.

Self-disclosure is the consumers’ act of sharing personal information. Previous work found

that self-disclosure is associated with the seek of support in the initial post (D. Yang, Yao,

Seering, & Kraut, 2019; Y.-C. Wang, Kraut, & Levine, 2015). However, little is known about

the relationship between self-disclosure and the levels of learning being sought in the post.

Therefore, two coders annotated 100 sample posts in a binary fashion, with the question of

whether there was any form of self-disclosure in the post. Sharing demographic information

(e.g., age, location, family structure) and medical information (e.g., cancer trajectory, treat-

ment, insurance) are both counted as self-disclosure. Since a good agreement was achieved

between the two coders (percent agreement = 95.1%, Cohen’s Kappa = 0.881), one coder

coded the remaining posts.

The poster’s role was elicited to discover the levels of learning of different types of con-

sumers, i.e., patients and caregivers. The role of the poster is either explicitly stated or absent

from the post. Since the annotation task is very straightforward, one coder annotated all

the 909 posts using three codes: patient, caregiver, and unknown.

6.2.4 Identifying Support Types in the Comments

The two most common types of social support that the consumers exchange in OHC are

informational support and emotional support (Y.-C. Wang, Kraut, & Levine, 2012; X. Wang,
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High, Wang, & Zhao, 2021). In this dissertation, as the interest is to investigate what

information the consumers receive to fulfill their search as learning needs, the informational

support provided in the comment was further classified by employing the framework proposed

in Chuang and Yang (2014). Chuang and Yang (2014) identified 5 types of informational

support:

• Advice: The comment offers ideas and suggestions actions for coping with challenges.

• Referral: The comment refers to information sources, e.g., books, websites, contacts.

• Fact: The comment offers facts or reassesses the situation.

• Personal Experience: The comment shares personal stories or incidents.

• Opinion: The comment Offers view or judgment formed about something. It is not

necessarily based on fact or knowledge.

In addition, Emotional Support was also coded to assess if a comment provided em-

pathy, encouragement, or appreciation (D. Yang, Kraut, et al., 2019).

All six types of support were coded in a binary fashion, and one comment can provide

zero or one or multiple types of support. If no informational or emotional support was

provided, the comment was coded as Others. For example, the comment below was coded

as ”1” for providing advice, fact, and opinion, and ”0” for referral and emotional support:

“Sounds difficult and i think you are taking the right approach. Stage III ovarian cancer

is usually treatable with debulking surgery and chemo. You might consider getting a sec-

ond opinion from a gynecologic oncologist at a large cancer center. They should have more

experience in this type of situation and may have access to potentially helpful clinical trials.”

After screening out the comments of the posts without information needs, 3998 comments

were remaining. The support types provided in these 3998 comments were identified through

three steps. Firstly, two coders coded 150 sample comments to ensure the reliability of

the coding framework. On average, an agreement rate of 94% percent agreement and 0.84

Cohen’s Kappa was achieved, indicating an almost perfect agreement (McHugh, 2012). After

addressing all the disagreements, one coder coded 350 more comments. Given the 500

annotated comments, BERT sequence classifiers were built to classify the six different types

of support. The inter-rater agreement between the two coders and the performance of the
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classification models were presented in Table 9. Finally, the models were applied to the

remaining comments to predict the support types. As a result, after filtering out comments

with no type of informational support or emotional support (i.e., those coded as ”Others”),

3642 comments remained. Each comment provided at least one type of informational support

or emotional support.

Table 9: Inter-rater Agreement between Human Annotators and Classification Score for

Support Types in the Comments

Support Type
Inter-rater Agreement Classification Score

Percent Agreement Cohen’s Kappa Precision Recall F-score

Advice 96% 0.883 0.772 0.850 0.809

Referral 98% 0.935 0.818 1.000 0.900

Fact 93.3% 0.864 0.816 0.769 0.792

Personal experience 90% 0.8 0.948 0.873 0.909

Opinion 93.3% 0.786 0.807 0.807 0.807

Emotional support 91.3% 0.823 0.910 0.739 0.816

Others 95.3% 0.762 - - -

Average 94% 0.84 0.85 0.84 0.84

6.3 Results

The results of NOCC forum analysis are elaborated in three subsections:

• Section 6.3.1 Levels of Learning in the Initial Posts: presents the prevalence and

characteristics of posters’ OvCa-related information needs with different levels of

learning objectives (i.e., understand, analyze, evaluate) in NOCC.

• Section 6.3.2 Support for Different Levels of Learning in the Comments: reveals

the types and the amounts of support exchanged in the comments for information

74



needs with different levels of learning objectives.

• Section 6.3.3 Knowledge Change: explores the change of individual users’ levels of

learning objectives in NOCC and how it relates to the current level of learning and

the supports exchanged.

6.3.1 Levels of Learning in the Initial Posts

Figure 19: Distribution of Initial Posts with Different Levels of Learning Objective

U - Understand, A - Analyze, E - Evaluate

6.3.1.1 Distribution of Different Levels of Learning In total, 560 out of 909 initial

posts were associated with learning objectives, as indicated by the explicit information needs

expressed in the posts. 349 remained posts without any information needs were coded

as ”others,” which mainly consisted of posts sharing personal updates, sharing resources,

provoking discussions, providing inspirations, etc.

All the following results were based on the analysis of the 560 initial posts with identified

learning levels, and 3142 comments replied to them.
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The distribution of the posts with one of the three learning levels is presented in Fig-

ure 19. Among the 560 posts, Analyze was the most common learning objective, accounting

for almost half of the total (46%). Following it, 36% of the posts with information needs

sought the Understand level knowledge, whereas the Evaluate, the highest level of learning,

only accounted for 18% of the information seeking posts. This result suggested that OvCa

consumers mainly use the NOCC community to look for lower-level knowledge (i.e., facts,

concepts, or relationships between facts and concepts) rather than higher-level knowledge

(i.e., decisions and judgments).

Figure 20: Distribution of Number of Topics per Post

6.3.1.2 Number of Topics The distribution of number of topics per post is plotted in

Figure 20. Topics counted here only include topics mentioned in the consumers’ information

needs. In most initial posts with information needs, consumers tended to seek information

and knowledge about one (N = 363, 64.82%) or two topics (N = 176, 31.43%). There were

only two posts in which consumers consulted peers on four different topics.

Then, the initial posts were grouped by the three levels of learning objectives, and the

average number of topics in each group was calculated (Table 10). A one-way between-
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subjects ANOVA was performed on the number of topics in one post as a function of the level

of learning objective. With violation of the assumption of homogeneity of variance, an F-test

with Brown-Forsythe adjustment was conducted. Results suggested a statistically significant

difference in the number of topics among different levels of learning goals (F (2, 193.364) =

72.537, p = .000). A Games-Howell post hoc test revealed that there were significantly more

topics in the posts with the Evaluate learning objective (N = 1.828, p = .000) than posts

with the Analyze learning objective (N = 1.498, p = .000). The posts with the Understand

learning objective consisted of the least number of topics compared to the two higher levels

(N = 1.049, p = .000).

The difference in the number of topics might indicate that to obtain the Evaluate level

knowledge, consumers tend to acquire information across multiple topics. In contrast, for

lower levels of learning, their information needs were more likely to focus on one specific

topic. The results in the next section 6.3.1.3 elaborate on what topics the consumers were

interested in for each level of learning.

Table 10: Number of Topics of Each Learning Level

Levels of Learning # Topics per Post (Mean) # Posts

Understand 1.049 204

Analyze 1.498 257

Evaluate 1.828 99

Total 1.392 560

6.3.1.3 Category of Topics Using the coding framework in Table 8, consumers’ infor-

mation needs in the initial posts were classified into 9 different categories based on cancer-

related topics. In this section, two results of topic categories are presented. Firstly, topics

were grouped by different levels of learning to show what information the consumers needed

for each learning level. Then, for the posts with more than one topic, the frequencies of all

the topic pairs were examined to further demonstrate what topics were likely to be needed

together by the consumers.
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Figure 21: Distribution of Topics of Interest in Each Learning Level.

DM-Disease Management; SM-Symptom Management; TM-Treatment;

TD-Treatment Decision; EM-Emotion Management; SF-Self-management;

PN-Practical Needs; CG-Caregiving; OT-Others
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Figure 21 shows the distribution of nine ovarian cancer topics in the posts with informa-

tion needs. Each bar represents posts of one of the three learning levels, whereas a segments

in a bar denote the portion of a topic among all the posts with the same level of learning.

Segments of the same color are comparable.

It is evident that treatment is the most popular topic of interest in all three learning levels,

with a higher portion in the Analyze level (N = 175, 45.45%) than the other two levels. This

result indicated that comparing or differentiating treatment information under uncertainty

was a common need among OvCa consumers in OHC. In addition, pursuing treatment

information to understand or evaluate was also frequent, which might because the treatment

information of ovarian cancer was complex and scattered, making the topic of treatment the

dominant information needs across all the learning levels. Analyzing symptom management

is the second prevalent information need, while understanding and evaluating symptom

management information are not that popular. The result suggested that, for symptom

management, the consumers struggle more with the differentiation or connection among

different symptoms than learning about basic symptom information or making judgments.

On the contrary, disease management was more associated with the Understand and the

Evaluate learning levels than the Analyze level, implying that consumers needed support

for interpreting disease information such as diagnosis, prognosis, recurrence on both a basic

fact or concept level and a high judgment or decision level. Besides, it is notable that

treatment decisions accounted for a significant portion in the Evaluate level. However, it

is questionable if consumers should use OHC as a resource for making treatment-related

decisions. Emotional management and practical needs present similar patterns across the

three levels of learning: proportions in the Understand and Evaluate level were higher than

Analyze level. Caregiving information accounted for a much more share in the Understand

level than the other two. Lastly, the ratios of other topics were very similar in all three levels

of learning.

Chi-square results revealed that there was a significant association between levels of

learning objectives and topics of DM (χ2(2) = 17.196, p < .001), SM (χ2(2) = 40.260, p <

.001), TM (χ2(2) == 38.548, p < .001), TD (χ2(2) = 85.827, p < .001), EM (χ2(2) =

7.698, p < .05). However, no significant association was found between levels of learning
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objectives and topics of SF (χ2(2) = .004, p > .05), PN (χ2(2) = .3.379, p > .05), CG

(χ2(2) = .4.89, p > .087), and Others (χ2(2) = .690, p > .05).

Figure 22: Co-occurrence of Topic Pairs in One Post.

(N.B., darker color indicates larger proportions)

Figure 22 shows the proportion of different topic pairs among all the 245 topic pairs

extracted from the posts with more than one topic. Notably, treatment (TM) and Symptom

Management (SM) were most likely to appear together in one post (29.39%). Besides,

consumers’ tended to learn treatment along with disease management (DM) or treatment

decisions (TD).

6.3.1.4 Self-disclosure The distribution of posts with or without self-disclosure grouped

by learning levels was displayed in Figure 23. The number of posts without self-disclosure

was similar in the Understand and the Analyze level. In the Evaluate level, however, there

were only two posts without any kind of self-disclosure information. Results suggested that

consumers tended to disclose some of their personal information when seeking information,

especially in the learning of judgments or decisions from peers.

6.3.1.5 Role of Posters The roles of the consumers who posted information needs in

the NOCC community were sorted by the learning levels and plotted in Figure 24 after

excluding those with the unknown role. Most of the posts were posted by patients regardless

of their learning level. Caregivers are also expected to learn information across all three

levels.
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Figure 23: Distribution of Posts with or without Self-disclosure in Each Learning Level

(NB. w/SD - post with self-disclosure, w/o SD - post without self-disclosure)
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Figure 24: Distributions of Roles of the Posters in Each Learning Level.

(NB. P - patient, CG - caregiver)

6.3.2 Support for Different Levels of Learning in the Comments

6.3.2.1 Number of Comments The 3642 comments to the 560 initial posts with infor-

mation needs were grouped by the level of learning in the post. Figure 25 shows the average

number of comments of one post in each learning level. As displayed in the figure, posts

with the Understand level of learning objective were likely to receive the largest number of

comments from peers (N = 7.68), followed by the Evaluate level (N = 7.07) and the Analyze

level (N = 5.63). However, results from one-way ANOVA suggested no statistically signif-

icant difference between the average number of comments among the three learning levels

(F (2, 451.295) = 2.712, p = .067 > 0.05).

6.3.2.2 Types of Support As the types of support provided in one comment were

coded in a non-mutually exclusive approach, which means one comment could provide one

or multiple types of support among advice, referral, fact, personal experience, and emo-
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Figure 25: Average Number of Comments per Post in Each Learning Level

tional support, the correlation coefficient of each pair of supports was calculated to show

the relationship among different types of support. Phi-coefficient was used to measure the

correlation coefficient as types of support were coded as binary (i.e., 0 or 1). The correlation

matrix could help to reveal which pair of supports was likely to be provided together or not

in one comment. Figure 26 (a) shows the correlation matrix created based on all the 5642

comments provided to support 560 posts with learning objectives, while Figure 26 (b), (c),

(d) were computed based on comments that were replied to support one of the three learning

levels, i.e., understand, analyze, and evaluate, respectively.

The four correlation matrixes present similar patterns with some slight differences in

the values, inferring that how each type of support related to another in one comment is

independent of the learning level in the initial post. The following interpretation of the

correlation matrixes takes the coefficients in Figure 26 (a) as examples, while the findings of

the relationship between support types are applicable to the other three matrixes as well.

First, there is a moderate positive relationship between Advice and Fact (r = 0.32), and

a weak positive relationship between Advice and Opinion (r = 0.25). This might because
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(a) All Comments to Support Learning (b) Comments to Support Understand

(c) Comments to Support Analyze (d) Comments to Support Evaluate

Figure 26: Correlation Matrix of Different Types of Support in One Comment

(Advice, Referral, Fact, Personal Experience, Opinion, Emotional Support)
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when commenters provide advice to posters in OHC, they tend to bring up some facts or

express their opinions at the same time. Other than Advice, Fact also has positive moderate

relationships with Personal Experience (r = 0.36) and Opinion (r = 0.33). Besides, a

moderate positive correlation is also found between Personal Experience and Opinion (r =

0.24). Given the moderate correlation between any two of the three, it can be inferred that

when commenters share their personal experience with the posters, they might offer other

informational support, i.e., fact and opinion. Interestingly, the relationship between Referral

and Personal Experience (r = −0.21), and that between Referral and Emotional Support

(r = −0.20) are both negative and weak, indicating that referral to sources is unlikely

to be provided together with commenters’ personal experiences or the emotional support.

Additionally, other than the weak negative relationships between Emotional Support and

Fact (r = −0.24), and that between Emotional Support and Referral (r = −0.20), no

relationships between Emotional Support and other types of information support is found.

Figure 27: Amount of Different Types of Support Received in Each Learning Level

After examining the types of support provided by commenters in each comment, the
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amount of support aggregated by posts was also investigated. Figure 27 shows the amount

of different types of support received in one post belonging to each learning level. For

different learning levels, log transformation is applied to the total number of each type of

comment and plotted in the line chart.

In general, the total amount of support is the largest in the Evaluate level, followed by

the Understand level, and it is the smallest in the Analyze level. As determined by one-

way ANOVA, significant differences among the three levels of learning objectives were found

in the Advice support (F (2, 437.84) = 9.687, p = .000), Opinion support (F (2, 418.18) =

11.563, p = .000), and Emotional support (F (2, 395.88) = 3.236, p = .014). A Games-howell

post hoc test revealed that posts with Analyze level learning goal received significantly less

Opinion support compared to Understand (p = .002) and Evaluate level (p = .000). The

amount of Advice support in the Evaluate level is significantly more than that in the Analyze

level (p = .000) and Understand level (p = .001). For Emotional support, the significant

result was only found between the Analyze level and the Evaluate level (p = .015).

6.3.3 Knowledge Change

As some users posted more than one post with information needs and learning objectives

in the forum, it allowed the researcher to unveil how the individual users’ levels of learning

manifested by the information needs change over time. 344 distinct users posted the 560

initial posts with information needs. Figure 28 depicts the distribution of the number of

posts with information needs per user. As shown in the figure, most users (N = 244, 70.93%)

posted only one post, while 100 users posted multiple posts. These 100 users who posted at

least two posts with learning goals were further examined to uncover the change of levels of

learning.

A change of levels of learning is defined as the transition between level of learning ob-

jective in post pi and post pi+1 of the same user u.The changes of levels of learning were

classified into three categories, based on the transition from pi to post pi+1: Knowledge

Increase, Knowledge Decrease, and No Change. For example, if a user posted three

initial posts (i.e., p1, p2, and p3) in the NOCC forum, and the level of learning in them are p1
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Figure 28: Distribution of Number of Posts with Information Needs per User

- Understand, p2 - Analyze, and p3 - Analyze, then the change of levels of learning from p1

to p2 is knowledge increase, and the change from p2 to p3 is no change. In total, 216 changes

of levels of learning were identified from the 100 users who contributed multiple posts in the

NOCC forum.

6.3.3.1 Current Level and Knowledge Change in the Subsequent Post The 216

changes of levels of learning were grouped by the three categories of change type, and the

distribution was plotted in Figure 29. In general, 41.7% (N=90) of the pairs of two consec-

utive posts sought information on the same level of learning, which resulted in no change in

the learning levels. Knowledge increase, in which the learning level in the subsequent post is

higher than the prior one, is the second frequent change of levels of learning (N=70, 32.4%).

The least frequent type of change is knowledge decrease (N=56, 25.9%). It can be inferred

that users were more likely to increase or remain at the same level of learning objective as

they continued posting and seeking information in the same forum.

Then the specific types of transition from different levels (e.g., from understand to un-
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Figure 29: Change of Learning Objectives

U- Understand, A- Analyze, E- Evaluate

derstand) helped reveal how the current level of learning, which meant the level in the prior

post, affected the subsequent post.

First, from the Analyze to Analyze (A → A,N = 57, 26.4%) is the most common

transition. Its amount and ratio are also higher than that from Analyze to Understand

(A → U,N = 22, 10.2%), and Analyze to Evaluate (A → E,N = 24, 11.2%), suggesting

that Analyze level question were likely to be followed by another Analyze question than the

increase or decrease of levels of learning objective of the same user.

Second, after asking an Understand level question, users tend to increase the level of

learning and ask an Analyze level question (U → A,N = 36, 16.7%). The possibility is

higher than asking another Understand level question (U → U,N = 27, 12.5%) or Evaluate

question (U → E,N = 10, 4.6%). This might be attributed to the fact that the Understand

level of learning was relatively easy to achieve, or the users’ OvCa-related knowledge might

evolve and increase over the course of time, driving them to pursue a higher level of learning.

Third, the Evaluate level posts were mainly followed by Analyze level post (E → A,N =
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22, 10.2%) or Understand posts (E → U,N = 12, 5.6%). Only rarely would the users ask

another Evaluate level question (E → E,N = 6, 2.8%). Additionally, users were more likely

to increase learning objectives by one level (e.g., U → A,→ E) or decrease by one level

(e.g., E → A,A → U) in two consecutive posts than increase or decrease by two levels

(e.g., U → E,E → U), indicating that change of learning level was a graduate evolving

process.

Figure 30: Support Received and the Change of Learning Objectives

6.3.3.2 Support Received and Knowledge Change Next, how the types and the

amounts of support received for pi influenced the levels of learning objectives in pi+1 is

explored. As depicted in Figure 30, on average, for most types of support, when users received

more support in amount, including Advice, Personal Experience, Opinion, and Emotional

Support, they were more likely to increase the learning objective in the next post, rather than

decrease or keep the same level of learning objective. Note that no statistically significant

differences were found among the three types of change.
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6.4 Summary of Study 2

Study 2 reveals the information dimension of health consumers’ search as learning pro-

cess in OHIS through the analysis of a well-known online health community for ovarian

cancer. The results demonstrate that consumers use online health communities to address

information needs with different levels of learning objectives, and at the same time, they can

acquire various types of informational support in the comments from peers. Receiving more

information support drives the consumers to seek information with higher levels of learning

objectives.

Based on the underlying learning objective, 560 initial posts with explicit information

needs were annotated and mapped to one of the three learning levels based on the underlying

learning objective associated with the information needs. The coding framework and exam-

ple posts were presented in Table 7. The results suggest that ovarian cancer patients and

caregivers are more likely to use OHC to address lower-level information needs. The informa-

tion needs with different learning levels are also different in the frequency of self-disclosure

behaviors and topics of interest in the questions.

Regarding the support received by the consumers for information needs with different

learning levels, it is found that the largest number of supports is provided for the Understand

level information needs, followed by the Evaluate level. Generally, more advice, opinion,

and emotional supports were obtained for the information needs with the Evaluate level

of learning. Consumers’ knowledge state was measured unobtrusively by annotating the

change of learning levels in the posts from the same user. The results reveal that consumers’

knowledge change varies by the amount of support received.
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7.0 Study 3: Laypeople’s Outcomes of OHIS

This chapter focuses on the interview findings of laypeople’s OHIS and outcomes in their

real life. This semi-structured interview was a follow-up study of the user study reported

in Chapter 5. Chapter 5 presents the user study examining consumers’ search as learning

behaviors in completing different pre-designed OHIS tasks, while this interview study com-

plements Study 1 because the information needs described by the lay participants in this

interview were their real needs rather than assigned ones in Study 1.

7.1 Data Collection

7.1.1 Setting and Sampling

In total, 24 participants (Female: 15 and Males: 9; Undergraduates: 17 and Graduates:

7; Age: 18-33), who were recruited via flyers from the University of Pittsburgh and Carnegie

Mellon University, were interviewed. The details of the participant recruitment and screening

have been presented in section 5.1.3. The participants were considered as laypeople, because

they had no health- or medical-related background. Besides, the interview results suggested

that most of them (N = 20) were unfamiliar with the health conditions they searched for.

Each participant came for approximate two hours for the whole study, and the interview

accounted for about 30 minutes. All the interviews were audio-taped. Each participant was

compensated $20, and the interview design was approved by the Human Research Protection

Office of the University of Pittsburgh.

7.1.2 Interview Design

The interviews were guided by a semi-structured interview protocol (Appendix C). The

protocol mainly consists of two sections. In the first section, the participants were asked to

express their perspectives on OHIS, centering around How do you decide whether or not to
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select an online health information source, and why?

After these conversations, the interview processed to elicit the participants’ real OHIS

experiences based on the principles of Critical Incident Technique (CIT) (Flanagan, 1954).

The CIT approach directly asks the participants to recall the context and the task, which can

recover a more realistic process. For decades, CIT has been actively used in the information

behavior studies, including the research on health information seeking behaviors (Urquhart

et al., 2003; Marcella, Rowlands, & Baxter, 2013; T. Jiang, Liu, & Chi, 2015; Courtright,

2005). CIT was adopted because it allowed the researchers to analyze the OHIS process in the

context of participants’ real OHIS tasks. Since the topic was health issues, the participants

were first informed that they could choose not to tell the exact health condition if they felt

uncomfortable to share, and the focus of the study was their search process. If they were

glad to share, they were prompted to start from their most impressive or most recent OHIS

experience.

Participants gave responses by recalling the most recent or most impressive OHIS expe-

rience. To reveal the details in the whole OHIS process, a list of questions and prompts were

designed that would help the participants to recall and unfold the specific incidents from

memory. In general, the conversation was mainly led by the following questions: “What

motivated your OHIS? Why did you want to search for it? How did you search for it? How

did you start your search? Could you recall what kind of websites you visited? Were they

helpful? Why or why not? How did you feel before and after the search or during the search?

Why?” and “Did your OHIS process involve any decision-making activities? If so, what

decision did you make after seeking the information? Did you take any action? Why or why

not?”

7.2 Data Analysis

All 24 interview audio clips were transcribed, and the data analysis was conducted by

the author and three other researchers through an iterative thematic content analysis pro-

cess (Hsieh & Shannon, 2005) which was consisted of three main phases. In the first phase,
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the research team worked together to develop an initial codebook. The initial themes and

codes were mainly originated from two sources: the semi-structured interview protocol and

the results of the first-round open coding. As described in the last section, the interview

protocol has already composed some themes. As for the first-round open coding, three re-

searchers coded individually on two randomly chosen transcripts and generated some new

themes. The team discussed the themes and the subcategories from the two sources and

established a revised codebook.

In the second phase, three researchers coded individually the same two transcripts again

using the revised codebook, and reached an average pairwise percent agreement of 0.891 and

average pairwise Cohen’s Kappa of 0.583, indicating a reliable agreement (Viera, Garrett,

et al., 2005). After discuss and address the disagreements, the code team then applied the

codebook to the remaining 22 transcripts in the third phase. As a result, each transcript was

coded by two of the three coders. The percentage agreement was 0.879, and Cohen’s kappa

coefficient was 0.539. Throughout the process, the team met weekly to discuss problems and

address disagreements, and the whole analysis process lasted approximately two months.

7.3 Results: Characterize Laypeople’s Own OHIS Story

This section presents the results of analyzing the participants’ own search incidents.

Due to various needs, goals, or search strategies that laypeople may have, their descriptions

vary greatly. However, four important aspects that commonly existed in each story were

identified. The first two are I. information needs and II. searching starting-point, and they

are focused on the OHIS behaviors. A consumer’s search is always triggered by a particular

health-related information need, and the consumer would have to pick up an online website

to start the search.

The following two aspects are III. emotion changes and IV. follow up decisions, which

occur offline as an outcome of the OHIS. The results will focus on the analysis of the four

aspects and the transitions between them. As shown in Figure 31, 24 valid incidents collected

from the participants’ real search experiences are visualized with a Sankey diagram (Csala,
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2014). A set of subcategories is generated for each aspect, and the width of the flow branches

is proportional to the number of incidents.

7.3.1 Information Needs

The most common type of information needs that motivated the participants to conduct

OHIS is to self-diagnose (N=10). It usually happened when the participant found a suspicious

symptom and was eager to check out what exactly it was. This needs usually come together

with high uncertainty. For example, S06 described: “I started feeling itchy in my throat, so

I just looked up, what’s going on? Is it a virus going on?” In another example, S23 recalled

that: “I felt something in my rib popped, and it was sort of have a shape that I could see it

in the mirror, so I searched online. . . ”

The second most frequent type of information needs is to learn about a health issue

(N=7). In these cases, the information need may be aroused from prior activities on the

Internet such as browsing, searching or social interactions, during which, the participants

encountered some stimuli regarding health issues and then conducted the following OHIS.

For example, S04 recalled the reason that she searched for health information was: “there

was a case which I had read in the paper, online paper, where it was given why exactly the

problems happen, why the girls don’t have the regular cycles and all.” The desire to learn

about a health issue might also happen when the participant wanted to search for someone

else, such as their relatives or friends. For example, S16 shared an incident: ”one of my

friends...he was actually diagnosed with clinical depression. Because I was concerned for

him, I would just do research on symptoms, like how I can help without being a burden and

stuff like that.”

When a participant had a pre-existing condition, one would search to relieve a condition

(N=4). As the participants in this study were all young adults, none of them reported any

incident relates to severe chronic conditions, but four participants reported their searches

for pre-existing conditions. For example, two participants shared how they struggled against

overweight, and they searched online to learn how to lose weight. S20 confirmed the cost-

free advantage of OHIS:“...the internet definitely helped me a lot like how to lose weight.
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Figure 31: Four Important Aspects of OHIS Process and the Transitions Between the

Adjacent Aspects
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Because I don’t really go to a doctor or a physical trainer because I don’t want to pay money

for that...”

In some cases, the participants, especially those who were currently healthy, might con-

duct OHIS to pursue better health conditions (N=3), such as reconstructing the workout

plan, or searching for a new diet, etc. This result confirmed that wellness and nutrition

information is a real information need of lay consumers.

7.3.2 Search Starting-points

The participants were requested to describe more about how they started the OHIS

process in their own search story. It is found that the majority just relied on the search

engines (N=21), and only a few directly went to familiar sources (N=3). Such finding justified

the design of the user study (Study 1), in which search engine interface was displayed to the

participants at the beginning of the search.

As for the search strategy with general-purpose search engines, S16 shared a common

experience. She described that she just started from general keywords, and further refined

the search with the suggested search queries. When she examined the search results, she

preferred the sources that present the same information:“I would just use the keywords and

a lot of it when I typed it in, there would be suggested queries. Yeah, so then I would use

those. Usually, the good is like the most used search engines are at the top when you search

for something. So, I would usually click on those first and get the general gist and then click

the other ones to see what kind of common information would be on it.” It is notable that

the participants’ clicks of the search results were affected by the ranking positions. A similar

case was reported by S11:“Probably, like what the search engine brings up... like the first ten

that come up. I will look at those ten and pick whichever one is most specific to the question

that I’m asking.”

In only three incidents, the participants claimed they would directly go to their familiar

online health information sources, and two of them (i.e., S02 & S20) conducted the search to

relieve a pre-existing condition (see Figure 31). S02 used Mayo Clinic to learn about what to

do to relieve her sciatic pain, and S20 reported using Reddit and other similar online forums
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to deal with overweight. So, different from other consumers, those who conducted OHIS

to relieve a condition were more likely to have prior knowledge about online health-related

sources, and preferred to directly consult and trust their familiar sources. While for other

lay consumers, they tended to simply start from search engines and filter the sources with

the help of search result rankings.

7.3.3 Emotion Changes

The participants were asked to recall how they felt before and after they conducted the

OHIS respectively. The comments about their feelings were categorized into five categories

of emotion change outcomes: 1) changing from negative to positive (N=11); 2) keeping

negative (N=6); 3) keeping neutral (N=2); 4) keeping positive (N=1); and 5) being not sure

about the feeling before and after the search, which is coded as “not reported” (N=4). None

of the participants reported feeling changing from positive to negative.

When searching for health information, especially searching to relieve a condition or to

self-diagnose, it is very common that the consumers start the OHIS with a negative feeling.

Unsurprisingly, 17 out 24 participants expressed negative feelings before they conducted the

OHIS, such as worried or anxious. Among these 17 participants, 11 reported their emotions

changed to positive after searching online, while 6 remained feeling negative. This indicated

that online information made them feel relieved or less worried about the condition. For

example, S02 recalled: “Before the search, I was kind of like, ’Oh, I’m in trouble, I need to

see the doctor but the doctor is not available right now, and I want to go to bed but I can’t

because I’m in pain.’ Then after, I was like, ’I’m still in pain, but maybe this is a way to

help improve it for the future.’ ”

Another reason that the participants felt better after OHIS was that they knew that

their condition was common. For example, S05 stated that“Before I was scared just to my

knowledge of what I was experiencing but if you read more about how common it is online

then I feel a little bit better”. Sometimes, the consumers would also feel positive as they feel

“more knowledgeable”(S09), or “more confident”(S20).

For those who keep feeling negative, one common reason was that they were not satisfied
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with the information. The frustration could come from the failure to understand the infor-

mation. For example, S17 commented that “I was just frustrated, also not really understood

the information given to me. All these, like the words that were being used were not just like

caffeine, it was like really big scientific words.”

Knowing health-related information, especially the content of severe conditions, would

also trigger the participants’ negative feelings such as panic or worried. For example, S18

complained that “I think it’s strange that reading the information can affect you. A lot of

people look for the information because they hate not knowing, but also sometimes when you

read it, it actually makes you panic more.”

Two participants (S10 and S14) reported they did not feel any strong emotions involved

in their search, maybe because one searched for relatively mild cold symptoms, and the

other searched for gym routines. Only one participant (S04) kept positive during the whole

HIS. She was searching to satisfy her curiosity about a health issue she encountered during

browsing articles.

7.3.4 Decision-makings

At the last section of the interview, the participants were asked about whether they con-

ducted any decision-making activity after the search experiences they just shared with us.

This question was asked to capture the potential behavioral outcomes of OHIS. Decision-

making refers to the decision that was made by the participants regarding the online instruc-

tions and a visit to a doctor. All the decision-making activities collected from the interviews

were coded mutually exclusive. As a result, six categories were established, and the ranking

based on the count is: 1) Follow the online instructions (N=8, 33.33%); 2) No decision-

making activity (N=6); 3) Decide to see a doctor (N=4); 4) Decide not to see a doctor

(N=3); 5) Terminate HIS behaviors (N=2); and 6) Reject the online instructions (N=1).

Surprisingly, one-third of the participants claimed that they decided to follow what they

found online after the search. Among them, 5 applied the online instructions to change their

workout plans or diet plans.

For those who reported there were no decision-making activities after the online search,
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we further asked them why. It turned out they were relatively more cautious about online

health information. S15 told us:“You just cannot trust on all the information. Basically, I

agree on information for symptoms, but for treatments, like I don’t trust it.”

Only four participants confirmed that after their own OHIS experiences, they decided

to see a doctor, because they felt that the online information was not sufficient for them to

confirm their conditions, and the professional opinions were needed. For example, S10 said

that “Now I need to go to my doctor to confirm that and to make sure that I have that or I

don’t, because they will be able to run tests and stuff like that. Whereas, like online, I can’t

diagnosis with myself, I have to go to doctor for that.”

However, some participants decided not to see a doctor after finding their symptoms

were common through an online search. For example, S05 was experiencing headaches and

doubted if she had diabetes. So she conducted an OHIS with the purpose of self-diagnosis

and decided not to see a doctor because: “I was scared just to my knowledge of what I was

experiencing, but if you read more about how common it is online, then I feel a little bit

better and that’s why afterwards I was like, ahh it’s not as alarming as I thought it was, so

I’m not going to go to my doctor.”

Two participants decided to never conduct OHIS again as it could be so frustrating and

frightening. For example, S12 stated that “I took a decision that never search for any other

symptoms on the Internet. It starts with something small; it turns out to be something big.

That’s how these websites work.”

In only one case, S03 thought that the online information was so ridiculous that she

decided to not follow the instruction. The instruction was to ask her to drink “Bulletproof

coffee” to boost performance in the CrossFit.

7.3.5 Transitions between the Stages

Figure 31 characterizes the transitions between every two adjacent aspects of the two

stages. Firstly, as presented by the transition from Aspect I to Aspect II, which are the two

aspects of the beginning stage, most participants relied on search engines to start their OHIS,

and only a small portion of participants with the information needs to relieve a condition or
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to learn about a health issue directly went to a familiar source. Then, these participants’

emotions tended to change from negative to positive.

With respect to the outcomes, the transition from Aspect III “the emotion changes” to

Aspect IV “the decision-making” is diverse. The emotion change from negative to positive

would result in many different decisions, with a main stream following the instructions online.

The continued negative emotion is likely to push the participants to see a doctor, but in some

extreme situations, it would stop the OHIS forever. The neutral emotions would also drive

the consumers to either follow the online instructions or see a doctor.

7.4 Summary of Study 3

Online Health Information Seeking has become pervasive with critical impacts on con-

sumers’ health. Yet, little is known about the connections between consumers’ OHIS process

and subsequent outcomes. Therefore, a semi-structured interview was conducted by adopt-

ing the Critical Incident Technique to understand the real-world search experiences from 24

laypeople participants.

Participants’ OHIS process was characterized around information needs, search starting-

point, then further their impacts on the emotion outcomes and decision-making outcomes

were analyzed. Specifically, self-diagnosis is a common need for OHIS, where search engines

are dominantly used as the starting point. More surprisingly, although mostly being viewed

as helpful, OHIS might lead to consumers’ extremely negative emotions and decisions. These

findings deepen the understanding of consumer-centered health information seeking behav-

iors and provide insights for designing better interactive technologies to facilitate desirable

online-offline transitions and thus promoting the outcomes of healthcare.
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8.0 Study 4: OvCa Patients and Caregivers’ Outcomes of OHIS

This interview study was conducted as part of an ongoing research project, Health E-

Librarian with Personalized Recommendations (HELPeR), which has an overarching goal to

build and implement a personalized health recommendation system for OvCa patients and

caregivers. The analysis and results presented in this chapter focus on OvCa patients and

their family caregivers’ perceived outcomes of OHIS.

8.1 Data Collection

The specific goal of this interview study was to identify potential users’ needs and ex-

pectations for the HELPeR system. This study was funded through National Library of

Medicine (R01 LM013038). Therefore, the semi-structured interview protocol consisted of

two major sections: users’ own information seeking experience and the perceptions about

the recommendation system being developed (See Appendix D for the full list of interview

questions).

In the first section, the conversation was framed by the questions about the subjects’

illness-related information and their own information seeking experiences, such as the in-

formation needs, channels, evaluation criteria, outcomes of information seeking activities,

etc. Then the subjects were asked to identify their interested ovarian cancer-related topics

of interest, and the potentially relevant information from the HELPeR resource library was

presented to the subject to elicit their perceptions and suggestions.

Our inclusion criteria of participants were: (1) patients with a diagnosis of ovarian, fal-

lopian, or primary peritoneal cancer (any stage of OvCa) and any time after initial diagnosis,

including recurrence) or family caregivers of patients diagnosed with ovarian, fallopian, or

primary peritoneal cancer, (2) 18 years or older, (3) ability to read and write in English, and

(4) access to a computer (or mobile device) and the Internet.

From May 2020 to November 2020, a total of 20 subjects who were either ovarian cancer
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patients (n=18) or family caregivers (n=2) were interviewed over Zoom due to COVID

restrictions. The average age of participants was 58, and 60% of the participants (n=14)

were diagnosed at stage III or stage IV. All but one had received chemotherapy, and half of

the participants had finished the initial treatment. Each interview lasted approximately 1

hour.

8.2 Data Analysis

20 interview audio clips were fully transcribed and anonymized with pseudonyms. Then

the research team proceeded with a 4-step content analysis process (Hsieh & Shannon, 2005).

In the first step, a tentative coding framework was developed with a combination of

inductive and deductive approaches. The semi-structured interview protocol was applied in

a deductive manner, while inductively, 3 coders were immersed in the 20 transcripts and

performed open coding to generate codes derived from the data.

Secondly, 3 coders annotated 3 randomly chosen transcripts individually with the tenta-

tive coding framework. NVivo was used as the tool for the analysis. NVivo allows coders to

highlight any length of text in the transcript and assign one or multiple codes from the pre-

defined codebook. Once completed, the team met and discussed and established a revised

coding framework.

Thirdly, using the revised codebook, 3 coders each coded all the 20 transcripts separately

and reached an average percent agreement of 0.996 and Cohen’s kappa coefficient of 0.746,

ranging from 0.596 to 0.950 across 27 subcategories. Note that the inter-rater agreement is

calculated by NVivo and the units of measure are characters. Following NVivo’s guidelines,

the current Cohen’s kappa indicates a fair to good agreement.

Finally, the overarching themes and findings were synthesized through discussion among

team members.

The whole coding process lasted approximately 3 months, and during which the research

team met on a weekly or bi-weekly basis to discuss disagreements and come to resolutions.
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8.3 Results: OvCa Patients and Caregivers’ Outcomes of OHIS

The results reported here focus on the ovarian cancer patients and their family caregivers’

perspectives towards online health information seeking and their associated outcomes, in-

cluding affective outcome, cognitive outcome, and behavioral outcome. Knowledge

change is a type of cognitive outcome.

The findings are framed by the themes that emerged from the interview analysis: 1) what

leads to positive affective and cognitive outcomes (Section 8.3.1); 2) what causes negative

affective and cognitive outcomes (Section 8.3.2); 3) behavioral outcomes associated with

affective and cognitive outcomes (Section 8.3.3); and 4) online health community: a double-

edged sword (Section 8.3.4).

8.3.1 What Leads to Positive Affective and Cognitive Outcomes?

In the interview, the participants commented on their feelings and thoughts after con-

ducting OHIS. In general, these affective and cognitive outcomes can both be either posi-

tive or negative. Surprisingly, the participants reported more positive cognitive outcomes,

whereas OHIS was more associated with negative feelings.

Increased knowledge is the most frequently discovered positive outcome, with several

participants reporting a gain of knowledge through OHIS. Patients and caregivers affirmed

that they acquired knowledge about ovarian cancer from the Internet, where a wealth of

information was provided. For example, as one of the interview questions, we asked the

participants to assess their knowledge about ovarian cancer-related topics. S03, who rated

herself 8.5 on a scale from 0-10, further told us “I would say that I probably only got 3 of

that 8 from my doctors. I got the 5.5 from the internet”. S04 felt that after OHIS ”I’ve kind

of started learning more about medical jargon around cancer and genetics.”

It is also notable that though searching online information did not answer all the questions

of the patients, the belief of being knowledgeable did make them feel more informed and

confident, as stated by S02: “what I notice from the people I’ve talked to is I would say 30

or 40% of families dealing with this have the degree of the knowledge we do and the majority
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do not. We’re able to grasp it [information on the Internet] and translate it into what does

it mean. It doesn’t answer all the questions, but it makes you a more informed patient.”

From experience shared by S01, we also found that having appropriate comprehensive

information could make the patient feel less worried (affective outcome), more confident, and

assured the disease is curable (cognitive outcome). S01 told us that when she found and

read NCCN guidelines for ovarian cancer, a resource that covers comprehensive aspects of

ovarian cancer, she thought “I’m very fortunate. And I knew going in I had a high degree

of confidence in my team. I was assured that this was curable. I had really no reason to

worry.”

8.3.2 What Causes Negative Affective and Cognitive Outcomes?

Different from the cognitive outcomes, most of the affective outcomes reported by the

participants in this interview were negative rather than positive. We summarized the reasons

for participants’ negative feelings and thoughts and grouped them into three categories:

knowledge-related, quality-related, and disease-related.

Firstly, lack of cancer-related knowledge could engender extremely negative feelings

such as hopelessness, fear, and frustration when the OvCa patients and caregivers conducted

OHIS. For example, S13 told us, “If it gets too complicated, then I get frustrated, and then

I get more confused, and then I have to look up more words. And by the time I’m done, I’m

getting totally upset.”

This can be explained that OvCa is, by nature, a complicated disease that requires a high

degree of information and knowledge to be understood. For example, Donovan, Hartenbach,

and Method (2005) found that women with OvCa under treatment suffer from 12 concurrent

symptoms on average. OvCa patients and caregivers were required to search and learn a

lot to manage their complex symptoms. In a recent study, Reid et al. (2021) found that

69% of the surveyed OvCa patients had not heard of or knew nothing about OvCa before

their diagnosis. Lack of disease awareness makes the learning process extremely difficult and

causes negative feelings toward the OHIS process.

S13 shared a story of how online information made her feel terrified due to the lack
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of knowledge about what the content means: “I can’t understand it [information on the

Internet], when I first found out it was cancer, and then I saw that there was this five-year

thing. I thought it meant that I only had five years to live. I had no clue what it meant. And

they weren’t exactly descriptive on the Internet about it. So, I panicked and thought, “Oh,

my gosh, I only have five years to live. But then my doctor explained that it’s just during

five years, this is how many people survive. But at first it was terrifying. I would get on the

Internet and find all sorts of stuff, and I wouldn’t know what it was, and it was terrible. I

would lose sleep.”

Besides, learning through OHIS is an independent and unassisted process, unlike con-

sulting a doctor. S12 described her challenges when she tried to search and learn the medical

terms on the Internet: “I’d take a lot of words, medical words in particular, that I didn’t

understand in the doctors’ notes and google those and get more information. And that was

overwhelming because a lot of it was– it just seemed like doom and gloom. And you really

don’t have someone there to turn to and say, ”How is this?” And you’re just reading some-

thing. It’s not interactive. So, it was frustrating. I didn’t feel like I had a handle on all I

could know about my disease other than cancer being– you’re fearful, obviously. But yeah, I

didn’t feel like I ever got enough information.”

Second, the poor quality of some online information caused a sense of frustration among

participants. As stated in the literature (Chi, He, & Jeng, 2020), the quality of online health

information is highly variable. Due to the low prevalence of OvCa, the online information on

OvCa is generally scarcer, and the quality was less validated. S11 said ”what I initially read

online was really frightening and wasn’t necessarily true.” Worse yet, some participants were

not confident in evaluating the quality of the online information that they searched. S17

stated that ”I’m a little leery about reading things that are more– it’s hard to tell sometimes

what’s drug-pushed articles and what’s actual medical exam articles. And I get nervous about

not knowing whether or not this relates to my specific process in my journey. . . I would just

be kind of nervous about where I’m getting the information of, and knowing whether or not

it’s valid information or if it’s just trying to sell me a drug or something like that.”

Two specific quality issues of online content were reported by the participants: too

generic and incomprehensive. Too generic made it hard for the patient to identify relevant
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information (S03), and the incomprehensive online information about clinical trials eligibility

impeded the progress of application and enrollment. S05 stated that “once you’re turned

down a couple of times, you don’t want to be bothered. It’s too much of a headache.”

Third, the inherent characteristics of the OvCa led to feelings of fear, depression, anxiety,

and hopelessness about OHIS for the participants. Women with OvCa experience high rates

of recurrence, high symptom burden, and high intensity of treatment (Hagan & Donovan,

2013). In addition, most OvCa patients are diagnosed in advanced stages. A population-

based study found one in four women with advanced OvCa die within 3 months of diagnosis

(Urban et al., 2016). The majority of our participants were diagnosed with advanced stages.

Thus, knowing the complexity and the prognosis of the disease can be very stressful to

patients and family caregivers, regardless of the source of information.

Our participants described that information provided by reputable cancer organizations

did not ease their anxiety on the poor prognosis of OvCa. S13 told us her feeling toward

the information from the American Cancer Society, an authoritative cancer resource: “Ev-

erything’s negative on there. I mean, it says you have a very low chance of living. That

ovarian cancer is very hard to go through. They say it’s one of the worst, and it’s just a

terrible way they have it set up. They give you absolutely no hope. Believe me. . . they’re

terrifying. They’re so negative it’s ridiculous. It scares me. So, I mean, that site is one of

the main reasons why I stopped looking stuff up”. S13 was not the only one who stopped

OHIS ever since being scared by OHIS. S15 quitted OHIS and turned to her doctor and

children for information because ”I find I get depressed and more anxious if I read the bad

[from Internet].”

8.3.3 Behavioral Outcomes Associated with Affective and Cognitive Outcomes

Consulting with doctors was the solution to deal with the lack of knowledge challenge

and the associated negative feelings, as mentioned by several participants. For example, if

S10 had questions about the online information, she would bring them to the doctor visit:

“It [online information] seems to be understandable. If we have any questions, we’ll ask

whenever we go to the office”. Very similarly, S16 said: “Well, if I don’t know some of
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the stuff [on the Internet], can’t figure it out, I will ask the doctor”. Consulting with the

doctor and seeking help about OHIS from professionals is a desirable behavior as it eases the

patients’ anxieties led by the lack of knowledge. It, however, also highlights the importance

of getting stable and reliable communications with healthcare teams or providers for women

with OvCa.

Another desirable subsequent behavior of OHIS is the curation of the information

sought. S05 shared with us her personal strategies in organizing the information from her

email subscriptions. Though it was a passive information seeking process, she managed

to save the online information for later use: “What I typically do when I get my email

subscriptions, I’ll put them in separate folders from the different companies or whatever, and

I’d probably have at least 20 different folders”

Beyond obtaining information and knowledge from the Internet, surprisingly, OvCa pa-

tients could result in changing their behaviors after OHIS. Surprisingly, three participants

told us how they followed the online instructions about nutrition and diet after searching

online by themselves. S11 told us that she used black raspberry powder as a consequence of

her own research about the impact of concentrated black raspberry powder on cancer. S16

needed nutrition-related information due to her too low platelets for chemotherapy, and she

also ended up following online instructions: “my platelets were too low to get chemo, and

I looked up and seen what kind of foods you could eat to help bring it up. It gave you this

food in there which you could eat to bring it up. So I found it, and then started doing that

food too.” Likewise, S03 went on fasting during chemotherapy as a result of her own research

through OHIS.

It is notable that the nutrition and diet information is a commonly unmet information

need of women with OvCa, as mentioned by several participants in this study. The partici-

pants would follow the online instructions to prepare foods or go on a diet, which could be

problematic if the information found online is not clinically verified or not applicable to the

patients’ situation.

OHIS could also lead to physical activity. S11 shared with us that “I have researched

a lot about physical activity and joined the application Noom for managing what you eat and

managing your exercise. So I learned a lot from that.”
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It is worth noting that another OHIS behavioral outcome due to negative emotions and

cognitions is the information avoidance behavior. Several participants who were scared

or frustrated after OHIS tended to be more cautious of the online information. For example,

S07 said: “I try not to do it [OHIS] a lot because I did it first, and it was pretty depressing.

So, I started to only when something came to my mind that I either didn’t feel comfortable

asking my doctor because I was afraid, I would get emotional or it was something that I just

felt like I needed to know right then.”

While some patients told us they would even intentionally avoid any information from

online resources, instead, they turned to other information resources, such as doctors. As

S13 said: “Now, if I have questions, I just ask the doctor. I don’t get on the Internet because

it’s too terrifying. There’s way too much negative on there.”

8.3.4 Online Health Community: A Double-edged Sword

The online health community provides various benefits to cancer patients and care-

givers thanks to its around- the-clock availability, anonymity, immediate and time-delayed

responses (Cline & Haynes, 2001; Grandinetti, 2000). The impact of participating in OHC,

However, remains inconsistent in literature as it is hard to quantitatively and homogeneously

measure the outcomes of OHC (van Eenbergen et al., 2017; Houlihan & Tariman, 2017).

Aligning with previous work, in this study, the interviewed OvCa patients and caregivers re-

ported inconsistent outcomes of participating in OHC. The reasons that led to the extremely

different outcomes deepened the understanding of OHC.

On the one hand, some participants acknowledged that OHC provided them with infor-

mational support and emotional support. They feel informed and confident. S09 described

OHC as “a huge place of learning”. Particularly, reading the experiences and perspectives

of the other patients informed the participants of what to expect at certain stages of the

disease trajectory. For example, S10 learned knowledge about OvCa in OHC when she was

first diagnosed, the period that patients were more likely to experience an aggressive and

rapid information seeking phase because of the diagnosis with cancer (Hayes et al., 2008).

Learning in OHC could also lead to active communications with the doctors, as stated by
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S12: “Reading people’s stories was truly important to me because you could see that their

doctor maybe took a different approach. It created questions for me, which was good, that

I could go back and ask my doctor.” Besides, the emotional support in OHC is also very

critical. Learning about other patients’ stories could engender a feeling of strength. S18 told

us: “When somebody tells you their story, and you can pick up their strength and maybe

improve your own strengths. like, they share stuff about how the drugs affected them. It’s a

tough fight.”

On the other hand, however, sharing and reading personal stories of fighting with OvCa

could be a painful experience due to the negative feelings associated with the disease. S07

told us: “when you hear that somebody’s been in chemotherapy for seven years or something,

it gets a little depressing.” S17 felt that the information in OHC was a constant reminder of

her negative situation, which she was trying to move forward with positive, so she left the

online community, even though she acknowledged the benefits of OHC.

8.4 Summary of Study 4

Ovarian cancer (OvCa) patients and caregivers have constant and evolving information

needs. To meet their needs, they seek information from various resources, including online

health information. Although about 60% of cancer patients are now using the Internet to

meet their information needs, little is known about online health information seeking (OHIS)

among OvCa patients and caregivers. Therefore, 18 OvCa patients and 2 family caregivers

of OvCa patients were interviewed, and content analysis was performed on the transcribed

data.

Outcomes of OHIS were identified, including cognitive, affective, and behavioral out-

comes. Knowledge change is a common positive cognitive outcome of OHIS. Subsequently,

the results reveal what leads to positive affective and cognitive outcomes and what causes

negative affective and cognitive outcomes. It is also notable that OHIS could also result in

some debatable behavioral outcomes such as following the online instructions and informa-

tion avoidance. The findings deepen the understanding of OvCa patients and caregivers and
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provide insights to support their OHIS experience better.
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9.0 Discussions and Implications

This chapter discusses the empirical, practical, theoretical, and methodological implica-

tions of this dissertation. First, the answers to the research questions are summarized by

highlighting the major results from the four sub-studies. The associated empirical implica-

tions are discussed based on the alignment with previous literature in Section 9.1. Then,

practical implications for design and theoretical and methodological implications are pro-

posed in Section 9.2 and Section 9.3, respectively.

9.1 Discussion of Results

9.1.1 Method Dimension

RQ1: How do health consumers search and learn in OHIS to achieve different

levels of learning objectives?

The examination of the method dimension intends to answer the above research question.

Given the research design, Study 1 (the user study with laypeople) mainly contributes to the

method dimension, as no constraints on search approaches or online sources were imposed

in the user study, resulting in a wealth of data about how the consumers search and learn.

In general, Study 1 demonstrates that SAL behaviors and sources vary by different levels of

learning objectives, and the variation is affected by the severity of health conditions.

Specifically, the results of search behaviors and source selections were presented sepa-

rately to answer the two research sub-questions of RQ1.

• RQ1a: How do health consumers’ search behaviors vary by different levels of

learning?

Given the significant results of queries, clicks, and search efficiency presented in Chapter

5, it could be inferred that to achieve the Analyze level of cognitive learning objective in the

severe condition (SC), participants used the longest but fewest queries (NQ = 1.83, LQ =
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5.53). Meanwhile, using those queries, participants saved the greatest number of relevant

pages, compared to two the other two levels (NSP = 8.17), and they believe these saved

pages are also more relevant to the task, which could be seen from the highest search efficiency

among all the levels and conditions (SE = 24.20). This might indicate that, after searching

the first Understand task in SC, in the Analyze level, coming up with the appropriate query

and recognizing relevant information at that stage.

In contrast, to achieve the Evaluate level in SC, participants used the shortest but the

largest number of queries (NQ = 4.46, LQ = 3.60). The search efficiency, however, was

relatively low in the Evaluate level (SE = 7.56). This might suggest that the participants

used a trial-and-error strategy. In other words, the participants tried many short queries

with few terms and changed to new queries if the search results did not appear to be very

relevant. Evidence also came from the examination of the number of unique queries and

terms. Participants issued the largest number of unique queries and terms in the Evaluate

level of SC, compared to the Understand and Analyze levels, implying that, unlike the other

two levels, participants issued diverse queries and terms beyond the task description to

overcome the Evaluate level task.

The trends of participants’ behaviors among the three levels in SC align with the findings

in Jansen, Booth, and Smith (2009), in which the search behaviors in the lower levels (i.e.,

Remember and Understand) are found to be similar to the higher levels (i.e., Evaluate and

Create). Conversely, in Jansen et al. (2009), the middle levels (i.e., Apply and Analyze) are

found to be most difficult since they were associated with more searching behaviors than

other levels. In the current study, with the measure of the search efficiency, we believe that

the participants were more satisfied with the queries issued and the information found for the

Analyze level in SC. On the contrary, the participants appeared to experience more difficulty

in the Evaluate level, as implied by the low search efficiency.

Concerning the mild condition (MC), descriptive statistics revealed that participants’

search behaviors — including the number of queries, number of clicks, and search efficiency —

increased with learning objectives, though some pairwise comparisons were not statistically

significant. This behavioral pattern is consistent with several existing studies (Brennan,

Kelly, & Arguello, 2014; Wu, Kelly, Edwards, & Arguello, 2012; Kelly et al., 2015; Thomas,
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Bailey, Moffat, & Scholer, 2015), , in which higher levels were associated with more search

behaviors.

Therefore, the effects of levels of learning objectives on the search behaviors are affected

by the severity of the health conditions. For the MC, which is more common and less complex,

participants generally have more search behaviors with increased learning levels. On the

other hand, in the search and learn for the SC, which is a serious disease involving complex

concepts and procedures, participants tend to face difficulties in creating appropriate queries

and collecting relevant information for search tasks with high levels of learning objectives.

• RQ1b: How do health consumers’ selected sources vary by different levels of

learning?

To answer this question, a follow-up content analysis of participants’ clicked pages was

conducted. Among the nine different types of sources, attention should particularly be paid

to two dominant types of sources: the health-specific page and search engine result page.

Notably, the health-specific page (HSP) is the prominent source, with a leading position,

especially in the Understand level in SC and the Evaluate level in MC. This might because

that HSPs, such as WebMD.com, display multiple aspects of a specific health issue, making

them particularly helpful for consumers to learn about an issue quickly. Search engines

might consider these webpages highly relevant when consumers lack sufficient knowledge

about the health issue. Though we assume webpages of the same genre imply similar source

characteristics in terms of content, presentation, purpose, and so on, it is important to note

that variances in quality may exist even in the same type of web page. Thus, some HSPs may

be of higher quality than others. Given its popularity, it is crucial to monitor and improve

the quality of HSPs.

The search engine result page (SERP) is the second most selected source in SC and the

first in MC across the whole OHIS process accross the three learning levels. It is obvious

that the share of SERP increases when consumers select more diverse types of online sources,

and it occurred in the higher levels in SC and all the three levels in MC. With respect to

SC, SERP’s increasing proportion might indicate that consumers have to collect information

from various sources to address the tasks with higher level of learning objectives. Regarding
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the large amount of SERP in MC across all the learning levels, one possible reason stems

from the specific health condition (i.e., weight loss) that we selected to design the search

scenario and tasks. As one of the most common health information needs that drives OHIS

(Yilma et al., 2017; Jong & Drummond, 2016), it is not surprising that online information

about weight loss is scattered across different types of webpages. As a result, search engines

are critical in organizing scattered information for such mild and common health conditions.

Practical implications for promoting SERP are further discussed in Section 9.2.

9.1.2 Information Dimension

RQ2: What information do health consumers search and learn in OHIS to

achieve different levels of learning objectives? While there exists an extensive body

of literature investigating online health communities (OHCs), and it has been proven that

patients and their caregivers would use OHCs to post questions and address information

needs (D. Yang, Kraut, et al., 2019; Y.-C. Wang et al., 2015; Chuang & Yang, 2014),

little has been done to differentiate the information needs with different levels of learning

objectives and the associated informational support provided by peers in OHCs. Study 2

demonstrates that the consumers’ interaction in OHCs can be described and studied from

a learning perspective. Not all the information needs are identical regarding the underlying

complexity of cognitive learning objectives.

Through content analysis of the National Ovarian Cancer Coalition (NOCC), a leading

OHC for ovarian cancer, it is confirmed that ovarian-cancer patients and their caregivers

resort to OHCs for information needs with different levels of learning objectives. The in-

formation needs of each learning level are featured with different characteristics, including

one or multiple cancer-related topics, the role of the poster, and the self-disclosure behavior.

These findings provide answers to RQ2a: What are health consumers’ information needs of

different levels of learning? Additionally, based on the classification of five types of informa-

tional support in the comments, the results demonstrate the types of information available

in OHCs to support the learning of different levels, which answers RQ2b: What types of

information do health consumers acquire for different levels of learning?
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The major findings of the two sub-questions are discussed below.

• RQ2a: What are health consumers’ information needs of different levels of

learning?

First of all, the NOCC was mainly used by the OvCa patients and their caregivers to

address information needs with low- to middle-level learning objectives. The Analyze level

was found to be the most prevalent learning objective in the NOCC (N = 257, 46%). The

consumer initiated a post to pursue connections and relationships among concepts under

uncertainty, followed by the Understand level (N = 204, 36%), which referred to the posts

seeking basic facts and concepts. It is notable that only 18% of posts with information

needs were categorized as Evaluate level learning objective, in which the consumers asked

other OHC members to help them to make decisions or judgments based on their specific

conditions. These results are partially different from the findings in Savolainen (2011), in

which the author found that more than 70% of the posted questions in the online discussion

forums were seeking an opinion or evaluation of an issue, resembling an Evaluate- or Analyze-

level learning objective, while needs for factual information and procedural information were

less common. The conflicting results could possibly be attributed to the different health

conditions being studied. In Savolainen (2011), the topic of interest in the threads was

depression, while in the current study, it was OvCa, which is listed as one type of rare cancer

by the National Institutes of Health (Ovarian Cancer , n.d.). As a result, the general public

lacks disease awareness and education regarding OvCa, and the information is complex and

scattered. This might cause the consumers in OHCs to seek some basic facts and concepts of

the Understand level more often. Besides, the prevalence of Analyze-level information needs

could be explained by the fact that OvCa is a very complex disease. Women with OvCa and

their caregivers are required to learn and sort out many concepts under uncertainty at the

same time. As an example, on average, women with OvCa under treatment need to manage

12 concurrent symptoms (Donovan et al., 2005).

To capture the characteristics of the information needs of different learning levels, a

coding framework of nine OvCa-related topics was adopted to annotate the topics of the

information needs in the initial posts. The topics include disease management (DM), symp-
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tom management (SM), treatment (TM), treatment decision (TD), emotional management

(EM), self-management (SF), practical needs (PN), caregiving (CG), and others (OT).

First, the descriptive results of the content analysis show that the number of topics

increases with learning levels. In the Evaluate level, on average, one initial post is associated

with 1.828 topics, while the number of topics was just slightly above one in the Understand

level (N = 1.049), and around one and a half in the Analyze level (N = 1.498). This

result is somewhat predictable, as the learners are expected to master multiple concepts

and knowledge components to achieve higher learning objectives. But, notably, treatment

is the most popular topic of interest among all the information needs, regardless of learning

levels. The finding is in accordance with the results in Madathil et al. (2013), in which

treatment-related information was found to be the most sought-after information by patients

(41.3%), compared to ovarian cancer-specific and coping information. The data analysis was

conducted in the Ovarian Cancer National Alliance (OCNA), another OHC for OvCa. In this

current study, given the fine-grained topic classification framework, nine different topics were

identified, and the posts were classified in a non-mutually-exclusive manner. Treatment was

still found to be the most popular topic. Such a finding further underlines OvCa patients’

and their caregivers’ high demand for treatment-related information and support.

Other than treatment-related information, the numbers of posts seeking information on

topics of DM, SM, treatment decision (TD), and EM varied by levels of learning objectives,

as indicated by Chi-square results. It is noteworthy that TD accounted for a large share in

the Evaluate level, despite the concern that an OHC might not be the appropriate resource

in which to ask for treatment-related decisions.

Beyond topics of interest, information needs were further captured by examining the

role and the self-disclosure behavior of the question posters. The roles of posters (i.e.,

patients or caregivers) were found to be independent of levels of learning objectives, and

among the 560 initial posts with explicit information needs, 70.89% were posted by OvCa

patients, compared with that in Madathil et al. (2013) (68.9%). In addition, self-disclosure

of personal information was found to happen more frequently in the Evaluate level. This

might indicate some consumers believed it was necessary to disclose personal information,

to a certain extent, to learn peers’ responses on decisions or judgments.
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• RQ2b: What types of information can health consumers acquire for different

levels of learning?

It has been demonstrated in previous work that online knowledge building and collab-

orative knowledge production take place through the discourse among members in online

communities (Griesbaum, Mahrholz, von Löwe Kiedrowski, & Rittberger, 2015). After post-

ing questions in the OHC, consumers can acquire a range of information, such as factual

information and personal opinions, from comments to address their information needs and

close knowledge gaps (Chuang & Yang, 2014; Harkin et al., 2017; Gill & Whisnant, 2012).

Therefore, examining the type and amount of informational support in the comments pro-

vides a means to study the quantity and quality of the information that health consumers

can acquire for different levels of learning.

In general, consumers in the NOCC received the largest amount of support in the Un-

derstand level (N = 7.68), followed by the Evaluate level (N = 7.07) and the Analyze level

(N = 5.63), as indicated by the average number of comments. However, the number of com-

ments itself was not enough to reflect the quality and quantity of support in OHC because

one comment could provide none or one or multiple types of informational support. With

respect to the types of support in the comments, the coding framework in Chuang and Yang

(2014)was adopted to classify comments into five types of informational support, including

Advice, Referral, Fact, Personal Experience, and Opinion. Additionally, Emotional support

and Others were added to capture other types of support beyond informational.

The correlation matrixes (Figure 26) confirm that some types of support are more likely

to be offered together and some are not. The co-occurrence is independent of levels of learning

objectives in the initial posts. For example, personal experiences and facts were most likely

to be shared together (r = .36), and advice and opinion could be provided together in one

comment (r = .25).

With respect to the amount of support received in different learning levels, descriptive

results indicated that in general, the total amount of support of all types was the largest in

the Evaluate level, followed by the Understand level, and it was the smallest in the Analyze

level. As for each type of support, Fact was found to be acquired the most, compared to

other types of support. This result is consistent with the results in Chuang and Yang (2014),
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which were based on a manual analysis of an alcoholism OHC. Regarding the effect of levels

of learning objectives, significant differences among the three levels were found in the Advice

support (F (2, 437.84) = 9.687, p = .000), Opinion support (F (2, 418.18) = 11.563, p = .000),

and Emotional Support (F (2, 395.88) = 3.236, p = .014), as determined by one-way ANOVA.

Generally, more advice, opinion and emotional supports were obtained for the information

needs with the Evaluate level of learning. One possible explanation about this finding was

that some subjective knowledge to a certain extent was needed to support cancer patients

and caregivers’ information needs of the Evaluate level. As justified by the interviewees in

Harkin et al. (2017), online practical online advice shared by peers in OHCs was welcomed

by many interviewees, as such information led them on a ”journey to become informed”.

It is also notable that though the questions with Analyze level information needs were

the most frequently posted in the OHC, there were the lowest number of average comments

and the least amount of almost all the types of support in the comments. Other measures

beyond the number of comments and supports are needed to explore this problem in the

future further.

9.1.3 Knowledge Change

RQ3: How well do health consumers learn in OHIS (knowledge change)?

This research question was investigated in all the four studies of this dissertation from

different perspectives. Specifically, Study 1 and Study 2, which focused on method dimension

and information dimension, respectively, revealed how information and methods related to

knowledge change, and the results suggested that knowledge change varies by levels of learn-

ing objectives, health conditions, and the amount and types of support received. Additionally,

the two interviews about the outcomes of OHIS also provides answers to this question, given

that knowledge change is a particular type of OHIS outcome. Therefore, the results of the

two interviews were triangulated and discussed from two points: knowledge change as a type

of cognitive outcome of OHIS and the relationship between knowledge change and emotion

change of OHIS.
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9.1.3.1 Knowledge Change Varies by Levels of Learning Objectives Knowledge

change (KC) was measured as the difference between the prior-search knowledge stage (PK)

and after-search knowledge state (AK) in Study 1. Notably, a gain in the knowledge state

was observed in all the learning levels in both health conditions. But the knowledge gain and

the PK and AK behind it vary by the three levels of learning, which means that participants

could learn at certain levels better than others.

Participants’ KC was the highest in the Understand level, especially in the SC; mean-

while, their PK was also the highest in the Understand level. Such findings suggest that the

participants could achieve the best learning outcomes in the lower levels, though they had

already known the most for the tasks in the lower levels, compared to higher levels. Ad-

ditionally, the statistically significant differences were only found between the Understand

and Evaluate levels, as indicated by the simple pairwise comparisons. This implies that the

differences in the knowledge change were more likely to happen between the extreme low and

high levels in the A & K’s hierarchy rather than between low and middle levels or between

middle and high levels.

It is interesting to note that, in general, KC decreased with the increase of learning ob-

jectives in both conditions, as shown in Figure 16. These findings show that the participants

established a higher knowledge gain initially, and the gain gradually slowed down and finally

reached a plateau if participants’ searching and learning for the three levels were viewed as

a continuous OHIS process. These results align with the findings in previous work (Han,

2018; J. Liu et al., 2013), and the plateau in the knowledge gain was defined as the “ceiling”

effect in J. Liu et al. (2013). For future studies, it will be interesting to explore the design

that mitigates the ceiling effect and enhances health consumers’ searching and learning for

complex health-related tasks in an OHIS.

9.1.3.2 Knowledge Change Varies by Health Conditions Participants’ knowledge

changes were different in the two health conditions examined in Study 1. In particular, it

was found that participants were more likely to achieve more knowledge gain and higher AK

in SC, regardless of learning levels. On the contrary, in MC, their AK and KC appeared

to be lower. The results suggested that OHIS is a promising learning resources for health
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consumers to learn about health-related information, even for serious and complex diseases.

One possible explanation for the varied KC in the two conditions is the different PK of

the two conditions. As indicated by the two-way ANOVA results, health conditions had a

larger effect on PK than that of learning levels. This might be because the participants’

PK and familiarity of the two health conditions were quite different, as one of them was

a serious and complex disease (i.e., multiple sclerosis) while the other was a health-related

issue (i.e., weight loss) that they were more likely to be familiar with. Evidence also came

from a previous study (Yu et al., 2018), in which the authors found that the more individuals

tended to obtain the lesser knowledge gain in online search, the more they were familiar with

a topic, though the topics were not constrained in the context of health information seeking.

9.1.3.3 Knowledge Change Varies by Amount of Support Received The analysis

of the posts and comments in the NOCC in Study 2 exhibited how consumers’ knowledge

changes and evolves in the real world without manipulations and interruptions in the lab

settings. The knowledge state was reflected by the level of learning objective in the initial

post with information needs, and the knowledge change was measured as the change from the

current post’s learning level to the subsequent post’s level of the same user. Specifically, posts

from the same users were tracked to reveal two questions: 1) how do the users’ knowledge

changes in general, knowledge increase, decrease or no change? and 2) how is the amount

of support received from the comments related to knowledge change?

First, most of the users who posted more than one initial post with information need

in the NOCC tended to increase (32.4%) or remain the same (41.7%) regarding the level

of learning objective as they continued posting and seeking information in the same forum.

Second, it should be noted that for users who increased the level of learning objective in

the next post, a larger amount of support in Advice, Personal Experience, Opinion, and

Emotional Support was observed in the current post (Figure 30). In other words, receiving

more social support was associated with the knowledge increase. Though the result was

not statistically significant, this finding adds to previous studies that have demonstrated

the effect of social support on member retention and engagement (X. Wang et al., 2021;

Xing, Goggins, & Introne, 2018; Y.-C. Wang et al., 2012) and contributes new evidence on
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the potential effects of social support in collaborative knowledge building and generation in

online communities (Griesbaum et al., 2015). In-depth future research promises to investigate

the relationship between receiving social support, especially informational support and the

knowledge change in OHC.

9.1.3.4 Knowledge Change as a Type of Cognitive Outcome Though Study 1

and Study 2 have investigated two groups of representative health consumers’(laypeople’s

and OvCa patients’) searching and learning in OHIS and the associated knowledge change,

both adopted quantitative methods. To complement Studies 1 and 2, two qualitative semi-

structured interviews were conducted to directly elicit inputs from health consumers’ per-

spectives and generate in-depth insights in natural settings. Laypeople and women with

OvCa were interviewed, respectively, in Study 3 and Study 4.

Though the participants of the two interviews were different, both of them focused on

the outcomes of OHIS. Knowledge change, especially knowledge gain, was reported as an

important cognitive outcome of consumers’ OHIS, along with manifold outcomes of OHIS,

such as emotional outcomes and behavioral outcomes.

It is interesting to note that consumers’ cognitive outcomes of OHIS were mainly pos-

itive, and they mainly came from the feeling of being more informed after OHIS. In other

words, knowledge gain is the most frequently reported cognitive outcome of consumers in-

terviewed in this dissertation. OvCa patients and their family caregivers affirmed that they

acquired knowledge about ovarian cancer from the Internet, where a wealth of information

was provided. One OvCa patient (S03) even told us she gained more knowledge about OvCa

from her OHIS than from her doctors. According to what we found in Study 1, laypeople

were able to gain knowledge about multiple sclerosis after a short-term OHIS. It makes sense

that the OvCa community could benefit from an extensive online resource to gain knowledge

about cancer and address their assorted informational needs.

In addition, according to the laypeople interviewed, searching to learn was found to

be a critical motivation that leads to OHIS. Most of the participants conducted OHIS to

fill a knowledge gap, either learning for self-diagnosing an uncertain symptom or learning

about a health issue. This finding confirms that one’s knowledge state affects OHIS, and the
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knowledge change is the effected outcome (A. T. Chen, 2021).

9.1.3.5 Knowledge Change and Emotion Change It is noteworthy that knowledge

change is intertwined with emotional change in OHIS. This finding was observed in both

interviews. In most cases, a lack of knowledge was the reason that led to laypeople’s negative

feelings in OHIS. For example, as stated by S17, the failure to understand the “scientific

words” made her feel very frustrated. This also happened to OvCa patients and caregivers.

Most OvCa patients had not heard of or knew nothing about OvCa before their diagnosis

(Reid et al., 2021), making them the equivalent of laypeople. However, facing OvCa, a fatal

and aggressive disease, posed extra burdens on women with OvCa.

Few subsequent positive emotion outcomes were found in the interview with OvCa pa-

tients and caregivers, though many participants reported feeling more knowledgeable after

OHIS. The rich online information did make the participants feel more knowledgeable and

empowered, but at the same time, the overwhelming information, or the learned knowledge,

about the disease also could be associated with terrible feelings. This could be attributed

to the inherent characteristics of OvCa, such as the high complexity and aggressive progres-

sion of the disease (Hagan & Donovan, 2013; Donovan et al., 2005). Madathil et al. (2013)

suggested that the presentation of OvCa-specific information should be carefully adjusted

to take the information seekers’ negative emotions into account.

9.2 Implications for Design

RQ4: What are the implications for system design?

Based on the results and discussions of this dissertation, the researcher proposes impli-

cations for design that can better facilitate health consumers’ search as learning activities

in OHIS. In general, the proposed practical implications can be grouped under three critical

components of OHIS: 1) adapting to consumers’ needs and contexts, 2) advancing search

tools and platforms, and 3) promoting desirable OHIS outcomes.
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9.2.1 Adapting to Consumers’ Information Needs and Search Contexts

First, the findings in this dissertation highlight the complexity and importance of health

consumers’ information needs and contexts. In particular, search systems should be able to

take into account the fact that consumers’ health-related information needs are not identi-

cal. Rather, they feature different levels of cognitive learning objectives and certain health

conditions. The complexities of consumers’ information needs should be recognized by the

search system and adjusted to accordingly.

9.2.1.1 Adapting to Learning Objectives This study has exhibited how health con-

sumers’ information needs feature different levels of learning objectives. To address these

needs, consumers resort to the internet and go through the search as learning process, which

varies in its information and method dimensions. As a consequence, consumers’ knowledge

change also varies by learning objectives.

Given the fact that the information and method dimensions fluctuate throughout the

learning process, search systems should be designed to adapt to the consumers’ level of

learning objective at a given stage to support and enhance the search as learning in OHIS.

For example, if the consumers are searching for low-level knowledge, e.g., Understand level,

they are likely to look for information about one specific topic, and prefer health-specific

webpages (HSP) as information sources. Therefore, a high-quality HSP focusing on the

topic of interest should be prioritized. In contrast, consumers tend to look for information

about multiple topics for high-level learning, e.g., Evaluate. They may experience difficulty

in coming up with accurate search queries, so query suggestions are particularly needed.

Additionally — as supported by the evidence about knowledge change — while the

search process might not be long, consumers gain knowledge when interacting with search

systems and different sources. Thus, search systems are not expected to treat consumers

as being completely naive about health conditions and may gradually adjust the content to

meet patients’ knowledge states and learning curves. The search as learning systems that

accommodate consumers’ learning objectives should be more intuitive and interactive and

provide sufficient support, particularly for medical terms and jargon.
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9.2.1.2 Adapting to Health Conditions Health-related search systems should also

be able to adapt to consumers’ health conditions, as consumers’ OHIS and SAL behaviors

differ by the conditions they search for. In Study 1, laypeople were requested to search and

learn about two conditions with different severities, and the results showed that they faced

different challenges in the two conditions.

In the severe condition (SC), laypeople mainly struggle at the Evaluate level, as inferred

by the extremely low search efficiency. Moreover, they need help from the system to issue

search queries. Additionally, in terms of the source selection, laypeople with severe conditions

(SC) are more likely to trust health professionals’ information. This raises a concern over

whether or not laypeople can understand and digest information from professionals given

their limited knowledge about complex and often urgent health conditions.

More importantly, regarding mild health conditions which are nonetheless much less

severe, the apparently relevant information comes from diverse sources, including many non-

professional sites that sell health-related products in addition to providing health advice.

Given this complication, can laypeople acquire adequate health knowledge and information

literacy to separate low-quality or biased information from truly useful information? For

example, a website selling protein powder suggests a much larger quantity of protein is

needed per day for a teenager than in normal practice.

The results indicate that certain support mechanisms are needed to help laypeople search

and learn based on the severity of a health condition. For example, when dealing with

mild or common health issues such as nutrition and diet, search systems must play a more

important role in organizing scattered information at the beginning of the search process to

help laypeople judge the sources’ reliability. However, when handling a search for a serious

disease, laypeople focus on information from fewer sources; thus, broadening the search

results with different sources would help them better explore the relevant information.

In addition, OvCa patients and caregivers exhibit constant and dynamic information

needs that change based on disease trajectory. When first diagnosed, most OvCa patients

could be considered laypeople given their low awareness of OvCa. Their OHIS behaviors

and the supports they need would be comparable with those in severe condition. But as the

disease trajectory proceeds, both their information needs and knowledge about the disease
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evolve gradually. A more personalized search system would be beneficial to provide adjusted

and dynamic support.

9.2.2 Advancing Search Tools and Platforms

Practical design implications for search engines and online health communities are pro-

posed in accordance with the major findings of this dissertation.

9.2.2.1 Advancing Search Engines Most of our participants, including laypeople in

Study 1 & 3 and OvCa patients in Study 4 relied on search engines to initiate their OHIS

and SAL by issuing queries and navigating the search results. This finding aligns with prior

work (Eysenbach & Köhler, 2002; Fox, 2013; D. L. Hansen et al., 2003). In D. L. Hansen et

al. (2003), 87% of the adolescent participants visited sites directly presented by the search

results or the search engine’s recommendations. Eickhoff et al. (2014) found that 3% of web

search sessions were associated with a learning intent.

There are three concerns and suggestions regarding this finding. First, it is questionable

whether or not consumers are capable of issuing correct or accurate queries to describe their

health information needs, as such an action often requires a certain level of health-related

background knowledge. Consumers’ OHIS queries are revealed to suffer from problems such

as misspellings (D. L. Hansen et al., 2003) and being too general (Eysenbach & Köhler,

2002), resulting in search failure. For example, in Study 1, the participants adopted a trial-

and-error strategy by using the shortest but largest number of queries and collected the

least-relevant information for each query. Search engines should therefore implement query

suggestions, particularly to help consumers with tasks for which they lack knowledge. In

addition, features that could promote learning should be explored. For example, using social

tags to filter search results was found to be an effective feature that could enhance learning

in previous work (Kammerer et al., 2009).

Second, some consumers may be unaware that the ranking positions can be biased

by marketing, especially when searching for health information that may lead to a pur-

chase (Kim et al., 2011). For example, if one is searching for “weight loss,” they may be
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directed to advertisements or e-commerce websites via the top-ranked results. It is important

to highlight the search engines’ ranking and scoring mechanisms to the health consumers.

Third, many participants expressed the challenge and frustration they experienced when

reading complicated medical-related content in OHIS. For example, S13 in Study 4 said:

“Just layman terms are great with me. If it gets too complicated, then I get frustrated”.

Such findings provide important insights for designing search engines. For example, for

search result ranking, the content in layman’s terms should perhaps be assigned more weight.

9.2.2.2 Advancing Online Health Communities The analysis of NOCC demon-

strated that OHC is a promising resource for health consumers to address information needs

with different levels of learning objectives, and OHC can help consumers improve their

knowledge if their information needs are well-supported with informational and emotional

support.

On the other hand, it is also notable that conflict perspectives towards OHC were ex-

pressed by interview participants in Study 4. OHC is a double-edged sword. With its social

feature, OHC amplifies the benefits from exposure to a wealth of information as well as the

negative emotions shared by peers. In addition, there are also concerns about the quality

of the narratives shared by patients in OHC (Bekker et al., 2013; J. Zhang, 2019). False

information and rumors could give members false expectations (Harkin et al., 2017). To deal

with the potential downside of OHC, it is suggested that the content be carefully adminis-

trated by moderators who have a professional background. Attention should be particularly

devoted to posts with extremely negative tones and information-seeking posts with high

learning objectives such as pursuing judgments and decisions from peers. In addition, some

high-quality learning materials could be developed and disseminated via OHC, as it has been

proven to be an active informal learning platform.

9.2.3 Promoting Desirable Outcomes

Last but not least, it should be mentioned that knowledge change or knowledge gain

is one particular type of outcome of OHIS and is the most frequently reported positive
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cognitive outcome by the participants in the two interviews. Other than knowledge change,

however, affective and behavioral outcomes communicated in the interviews were not always

desirable. Both laypeople and OvCa patients and caregivers brought up extreme negative

emotions and concerned behaviors they experienced after OHIS. Therefore, the researcher

believes that attention should be drawn to these “side effects” of OHIS, as these negative

outcomes deserve mention.

Some participants in both interviews terminated OHIS due to extreme negative emotions.

In many cases, consumers conduct OHIS to calm or eliminate their anxiety, but conversely,

the search may result in even worse fear or information avoidance. However, the information

that causes the exceedingly negative feeling is sometimes simply misinterpreted or even

irrelevant to the consumer’s situation (El Sherif, Pluye, Thoër, & Rodriguez, 2018). In our

findings, this negative feeling could lead to terminating HIS forever, emphasizing consumers’

terrible sense of frustration and stress.

Understanding the causes of these negative emotions would help to reduce such “side

effects” and promote a positive consumer experience of OHIS. Interestingly, Study 3 showed

that consumers who directly visited a familiar source all transformed their negative emotions

into positive ones. Similarly, White and Horvitz (2009) found that search engines potentially

escalate medical concerns, making consumers feel more anxious. Given the relatively small

sample size, the current study is not sufficient to conclude that health consumers are more

likely to feel good after OHIS if they directly visit their familiar source, but a promising

research question in the future would be to explore and examine the different impact of a

familiar source vs. search engines.

We expect this paper to be a starting point for designing interactions to encourage health

consumers to engage in desirable online-offline behaviors, for example, promoting the seeking

of care if people encounter health problems, relieving consumers who feel uneasy about their

health condition. It is critical to investigate further how to create a better experience for

consumers who decided to never conduct OHIS again due to escalated health anxiety.

As demonstrated in Lauckner and Hsieh (2013), even a small manipulation of the presen-

tation of the search result page influences health consumers’ emotional outcome. However,

research seeking to understand the outcomes of OHIS and the factors leading to different out-
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comes remains scarce. It is important to fill this gap and provide consumers with the desired

help. As demonstrated in this study, knowledge gain is generally reported as a dominant

positive outcome of OHIS. Therefore, this study highlights the question of how to design,

from a search as learning perspective, a better search engine and online health information

resources to ensure positive outcomes.

9.3 Theoretical and Methodological Implications

Aside from the empirical and practical implications, there are several theoretical and

methodological implications of this dissertation study.

9.3.1 HearSAL Framework

HearSAL is the conceptual framework that guides the design of this study, but it is also

a stand-alone research output of this work. Built upon the literature, models and theories

from OHIS and SAL, HearSAL outlines an approach to investigating consumers’ search as

learning experiences and perspectives in OHIS that could be adopted by future researchers.

The HearSAL framework highlights three levels of learning objectives, from low to middle

to high. Information and method are emphasized as two critical dimensions in the process,

and knowledge change is the subsequent outcome.

In this study, the framework was utilized for two populations, each focusing on examining

one of the two dimensions in the framework given the characteristics of the population and the

research methods employed in each sub-study. Specifically, laypeople were recruited to a user

study that examined the method dimension in HearSAL as the obtrusive user study allowed

the researcher to control the search tasks and collect rich behavioral data that was later used

to uncover the search behaviors and sources at each level of learning. With respect to the

information dimension, an OHC for OvCa was sampled to investigate the characteristics of

the consumers’ information needs at each learning level. Such unobtrusive data collection

methods aided in studying the real information needs of consumers with health concerns,
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such as the OvCa patients and caregivers selected in this study. The sampling of the two

populations enables better testing of the validity and generalizability of the framework.

The empirical studies also add certain details to the framework, such as what to examine

in the two dimensions, how to design search tasks with the three learning levels, and how

to measure knowledge change. The results also expand the framework by pointing out the

importance of consumer-related characteristics, such as prior knowledge and the severity of

the condition. More empirical evidence is needed in the future to further expand, validate

and polish the framework. In addition, three future expansions of the HearSAL framework

that could be explored are: 1) the validity of the framework with respect to different health

consumer groups other than laypeople and cancer patients; 2) the long-term learning effect

and knowledge change with longitudinal studies; and 3) the other three cognitive learning

levels in A & K’s taxonomy.

9.3.2 Coding Frameworks

Several coding frameworks are originated in this study. Some frameworks can serve as

the theoretical basis for future researchers who look into similar problems and contexts.

Among them, the ones worth noting are elaborated below:

9.3.2.1 Classification of Online Health Sources Based on Genre There are nu-

merous existing ways to classify sources (L. Lu & Yuan, 2011; Krikelas, 1983). However,

to the best of our knowledge, there have been few discussions on health information source

classification based on the genre of the online source. In order to fill this gap, in Study

1, a genre-based classification framework for online health information sources is proposed

through a bottom-up analysis of the participants’ search logs. Such a framework can provide

future researchers with an approach to classify online health information sources.

9.3.2.2 Approaches and Frameworks of Knowledge State Assessment It is hard

to measure an individual’s intangible knowledge state. In this study, two different knowledge

state assessment approaches are used to measure participants’ knowledge state in the user
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study and in the NOCC. In the user study, the participants were asked to compose written

summaries before and after the search sessions, which were later used to assess their knowl-

edge state within a framework that defines the criteria. The method of assessing written

summaries originated from previous work (Kammerer et al., 2009), but the assessment crite-

ria are first proposed by this study. As for the posts in NOCC, a coding framework of levels

of learning with descriptions and examples is developed to assess the knowledge state in the

initial posts with information needs. The two approaches and corresponding frameworks can

be examined and expanded upon by future researchers.

9.3.2.3 Framework of Task Design By mapping the OHIS intentions (Cartright et

al., 2011) to the levels of cognitive learning objectives, a framework that guides the design of

search tasks is proposed and detailed in Table 2. Correspondingly, the scenario-based task

design, which consists of three sub-tasks with increasing levels of learning and two health

conditions, can be adopted by future researchers to study similarly complex and exploratory

online seeking behaviors.

9.3.3 Research Design

This study employs a mixed-method research design, which consists of qualitative and

quantitative data collection and analysis methods. In addition, two different groups of

consumers are selected and sampled to emphasize some parts of the conceptual framework

and answer specific research questions. Such a design confers benefits as well as specific

challenges to the study. This section explains the benefits and rationale of adopting the data

from different health consumer groups, and the mixed-method approach.

9.3.3.1 Mixing Results from Two User Groups Given the same overarching re-

search goal, the relationship between the two consumer groups is expansion, because the

two studies of the two groups highlight different inquiry components and adopt different

methods, thus extending the inquiry’s breadth and range (Creswel, 2009).

The major advantage of a laypeople user study is the plentiful and unconstrained be-
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havioral data on the method dimension, while the OHC dataset adds more capabilities to

uncover consumers’ self-motivated SAL information needs. The data collection methods for

studying laypeople and OvCa patients are determined by the inherent characteristics of the

two user groups. Specifically, a user study with two pre-assigned OHIS scenarios is designed

to elicit search behaviors from laypeople, as they were found to mainly rely on search engines

and conduct OHIS in search of health issues with a very broad range of topics. Thus, the

user study allows us to automatically record laypeople’s search behaviors and control the

health conditions. In contrast, for the OvCa patients, scraping OHC datasets provides the

possibility to reveal their relatively long-term SAL experience in a natural context.

Additionally, the data from these two groups validates the HearSAL framework in two

settings, increasing the external validity of the study. This allows the possibility of general-

izing and transferring the findings to other health consumer groups in a similar context such

as laypeople or cancer patients.

9.3.3.2 Mixing Results from Different Types of Data A mixed-method approach

consisting of quantitative and qualitative data is adopted in this study. Mixing both types of

data contributes strengths that offset the weaknesses of either the quantitative or qualitative

approach alone (Creswell & Clark, 2017). For example, in Study 1, though the search sce-

narios and tasks are designed to be close to real practice, the artificially designed information

needs are not the participants’ real needs. Study 3 then serves as a complement to Study 1

by adopting the critical incident technique in the qualitative interview to unfold laypeople’s

own OHIS stories, including the real needs that motivate laypeople’s OHIS.
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10.0 Conclusion

10.1 Limitations

Despite the benefits and rationale of the research design, it is critical to understand that

this study has several limitations.

First, one should be aware that the current study was conducted on laypeople and the

OvCa community, two particular health consumer groups. Consequently, the results of this

dissertation might be biased towards specific consumer groups. In addition, the convenience

sampling used to recruit participants and the relatively small sample size in each consumer

group may further hurt the generalizability and transferability of the results.

Second, the inherent limitations of the research methods adopted in each sub-study

should be noted, though the data triangulation was expected to offset some of the limita-

tions. For example, given the limitations of controlled user studies, the usage of some types

of sources might be affected in Study 1. The “save to workspace” function has the bene-

fit of capturing source adoption behavior, but it may also introduce unnatural factors into

this study — in real life, people might take other actions to adopt a source, such as taking

notes, texting friends or just trying to remember the information. In Study 2, meanwhile,

the analysis did not take into account the patients’ disease trajectories, which could poten-

tially affect their information needs and levels of learning objectives. Besides, it is notable

that women living with gynaecological cancer have various supportive care needs, such as

interpersonal/intimacy needs and daily living needs (Maguire, Kotronoulas, Simpson, & Pa-

terson, 2015), however, in study 2, the OvCa-related topics were only classified based on the

information needs. Additionally, in the two qualitative interviews, the comments on the out-

comes of OHIS were collected based on participants’ self-reports, which were not validated

or directly observed by the researcher.

Third, the measurement of consumers’ knowledge state and knowledge change in this

study is limited by its scope. Overall, only three representative cognitive learning levels

are selected to elicit participants’ search as learning behaviors and assess the learning ob-
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jectives in the information needs. Such a design is based on the rationale explained in the

methodology, but one should recognize that consumers’ learning and knowledge evolution

could be oversimplified. In addition, the measurement of knowledge change is conducted

within a certain context, though the researcher has attempted to use both unobtrusive and

obtrusive methods to collect data. For instance, in Study 2, little is known about how much

the participants have learned via other information sources beyond the information seeking

and support in the sampled OHC.

10.2 Future Work

In addition to the findings regarding consumers’ search as learning in OHIS, several other

interesting questions that are worth future research arise from this study.

First, given the scope of the current study, much attention has been devoted to knowledge

change among a variety of outcomes of OHIS. However, it is notable that beyond knowledge

change, there are other types of cognitive outcomes, such as informed decision making and

perception of control and coping (Lambert & Loiselle, 2007). Moreover, emotional outcomes

and behavioral outcomes are frequently mentioned by the participants in the two interviews.

What is noteworthy about these outcomes is that many negative emotions and concerning

behaviors are discovered. As an example, several OvCa patients interviewed told us that

they followed online nutrition instructions to prepare their food, a practice which can be

risky. Laypeople participants were also found to use online information to decide whether

or not to see a doctor or merely follow the online instructions. In spite of the benefits of

OHIS, consumers should be aware that OHIS is supposed to be a complement to, rather

than a replacement for, offline face-to-face interaction with healthcare providers (Zeng et

al., 2004). However, little is known about the connections between OHIS and the negative

emotional outcomes and debatable behavioral outcomes. Revealing the connections among

these aspects would shed new light on how to better design OHIS tools and systems and

empower consumers with a healthier online-offline transition.

Second, as mentioned in the discussion of limitations, the current study did not dis-
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tinguish the OvCa patients according to their disease trajectory given the scarce data in

NOCC and the convenience sampling in the interview. But there exists literature to suggest

that OvCa patients’ information needs change with the disease trajectory (Simacek, Raja,

Chiauzzi, Eek, & Halling, 2017). The question is then whether or not trajectory has a sig-

nificant effect on the learning objectives and behaviors. If so, the extent of that effect should

be determined. The answer to this question may help researchers and clinicians to design

interventions that better support OvCa patients along their disease trajectory. This is an

interesting and promising direction for future research.

Third, health conditions (severe vs. mild) are found to be critical factors that influ-

ence laypeople’s search behaviors and source selection behaviors, and the interaction effects

between health conditions and learning objectives are also discovered on many behavioral

measures. This highlights the importance of task-related factors in modeling consumers’

search as learning behavior in OHIS. Although more studies are needed to examine the gen-

erality of this finding, it does suggest that other aspects of health conditions besides severity

could be examined for their influence in the future.

10.3 Conclusion

This dissertation is one of the first to investigate health consumers’ OHIS from a cognitive

learning perspective.

A conceptual framework of health information search as learning (HearSAL) is proposed

by combining the work from two areas: online health information seeking (OHIS) and search

as learning (SAL). The framework is used to guide the design of the four-studies and is verified

by the empirical evidence. Laypeople and OvCa patients are selected as two representative

health consumer groups.

Based on the synthesized results of the four sub-studies, it can be concluded that health

consumers are able to increase knowledge through OHIS, and that the searching and learning

process features unique method and information dimensions.

With respect to the method dimension, health consumers’ search as learning behaviors
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and sources vary with different levels of learning objectives, and the variation is affected by

the severity of health conditions. As for the information dimension, consumers’ expressed

information needs are characterized by underlying learning objectives of different cognitive

levels. The characteristics of the needs and the types of informational support at each

level are identified. Consequently, consumers’ knowledge change in OHIS varies by levels

of learning objectives, health conditions, and the amount of support received. Implications

to system design are provided by reflecting consumers’ needs, advancing search tools, and

promoting desirable outcomes. The theoretical and methodological implications are further

summarized. Finally, limitations and future directions are discussed.
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Appendix A

User Study Introductory Script

The purpose of this research study is to investigate how users, especially laypeople seek

health-related information online. For that reason, we are going to run a scenario-based

user study and a follow-up interview. You will be asked to complete a brief questionnaire

before, during and after each search task. You will conduct 2 search tasks in this study

(approximately 30 min one task), and each task is broken down to 3 sessions. When you

are searching to complete the task, measures relating to information seeking behavior will

be collected. Your activities such as reading text, annotating passages, opening document,

search queries, etc. will be logged and analyzed afterwards in order to study your behavior

and performance. After the main session, a short interview will be conducted. The Mac

built-in audio recorder will be used to record the interview. The whole study will take

approximately 1.5 hours.

All participants must be 18 years of age or older. If you are willing to participate, our

questionnaire will ask about your background (e.g., age, academic status, gender), as well as

your level of familiarity with web search. The foreseeable risks are breach of confidentiality

which is an inherent risk in most research studies and the fatigue for study longer than one

hour. To deal with the risks, a subject number will be assigned to you as the only identifier.

The identifier will be saved separately from the record dataset, and results will be kept well

and safely. We will arrange a short break between the tasks to reduce fatigue. You will get

$12.5 compensation per hour for your participation.

Your participation is voluntary, and you may withdraw from this project at any time,

without any penalty or loss of benefits. This study is being conducted by Yu Chi, who can

be reached at yuc73@pitt.edu, if you have any questions.

Authorized representatives of the University of Pittsburgh Research Conduct and Com-

pliance Office may review your identifiable research information for the purpose of monitoring
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the appropriate conduct of this research study. You may contact the Human Subjects Pro-

tection Advocate of the IRB Office, University of Pittsburgh (1-866-212-2668) to discuss

problems, concerns, and questions; obtain information; offer input; or discuss situations that

have occurred during participation.

Do you consent to participant in this study?

Please check:

Yes

No
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Appendix B

User Study Entry Questionnaire

1. Subject ID:

2. Your gender:

3. Your age:

4. Your program of study:

Undergraduate

Graduate

Others

5. Your major:

6. How would you rate your search experience? (5 indicates strongly agree):

I am very experienced in online search. 1 2 3 4 5

I search online very frequently. 1 2 3 4 5

For the next several questions, I would like to ask you for your opinion and about

your experience using the Internet to search for health-related information. Health-related

information can the information about a disease, condition, nutrition, everyday healthy

living, etc.

7. When was the last time you search health-related information online?

Within last week

Within last month

within last 6 months

within last year

More than 1 year ago

8. How often do you search the Internet for health-related information?
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Daily

Weekly

Biweekly

Monthly

Less than monthly

9. How useful do you feel the Internet is in helping you in making decisions about your

health?

Not useful at all

Not useful

Unsure

Useful

Very useful

10. How important is it for you to be able to access health resources on the Internet?

Not important at all

Not important

Unsure

Important

Very important

10. What resources have you used for seeking health-related information?

Search engine, e.g., Google: (Rarely) 1 2 3 4 5 (Frequently)

Health portal, e.g., MedlinePlus: (Rarely) 1 2 3 4 5 (Frequently)

wikis, e.g., wikipedia: (Rarely) 1 2 3 4 5 (Frequently)

Online communities, e.g., Patientlikeme: (Rarely) 1 2 3 4 5 (Frequently)

Social media, e.g., Facebook: (Rarely) 1 2 3 4 5 (Frequently)

Other online resources:
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Appendix C

Laypeople Interview Protocol

Reflection on the search tasks (asked based on observation)

• For the two health conditions and six tasks you just searched, Which one(s) do you is

most challenging? Why?

• Did you use any secret technique/trick to solve the task?

• Based on your impression, what kind of website did you go? Were they helpful? Why or

why not?

• Did you get stuck in anywhere? How did you solve it?

Participant’s attitude towards OHIS

• What is your impression when thinking of the online health information? Why?

• What kind of health-related information do you think people might want to search online?

• Who will search online more frequently for health-related information than others?

• Would you like to share your health-related knowledge to others online? Why or why

not?

Participants’ personal OHIS experience

Did you ever search health-related information on the Internet? Would you like to share

a real experience/story to me, for example, your most recent or most memorable OHIS

experience? You don’t need to tell me the exact condition you searched for if you find it

uncomfortable, and my focus is only your search process. (Or, I noticed that in the entry

questionnaire, you replied last month was the last time you searched for health information,
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can we talk more about that? You don’t need to tell me the specific condition you search

for, because our focus is your search process.)

• (Optional, only when not covered) Why do you want to search for it?

• How did you search for it?

• Could you briefly recall; what kind of website you visited? Were they helpful? If yes,

could you name at least one? If no, why not?

• How do you tell a website or the information is good or not?

• How did you feel before and after the search or during the search process?

• Did the search task involve a decision making activity? If yes, what decision did you

make after seeking the information? Did you take any action? Why or why not?
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Appendix D

OvCa Patients and Caregivers Interview Protocol

Background Information

• When were you diagnosed with ovarian cancer?

• What stage was the cancer when you were diagnosed?

• What treatments have you received: (check all that apply – surgery, chemotherapy,

radiation therapy, immune therapy, hormone therapy)

• What is the status of the cancer now?

• Do you live with family? If so, who would that be? Who in the family are helping you?

Do you have another caregiver? If so, who is the caregiver? How often does the caregiver

help you?

• How would you say that your overall knowledge about the ovarian cancer is. . . (Likert

scale? 0-10? Not at all to expert?)

Search Experience

• What are one or more topics that you would want to know more about?

• Why do you want to know about these topics?

• How would you say that your current knowledge about topic XXX [answer of the Q6]

is. . . (Likert scale? 0-10? Not at all to expert?)

• Generally, how do you find information for topic XXX? Can you describe in details the

steps you would take to find the information? - Prompts: do you search on your own or

someone else will search for you?

• Do you have particular sources that you go to get information about cancer? How did

you learn about these sources? Were they useful? Why or why not?

• How do you judge whether the information is relevant/important/trustworthy or not?

What criteria do you use to judge relevance?
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• How do you plan to use the information you get about topic XXX?

Perspectives on the Recommendations

• We have selected online information that seems helpful for you. Could you take a look

and let us know if the recommended information meets your needs?

• Could you tell us whether this suggested information is helpful/useful for you?

• Why do you think it is useful/ not useful to you?

• Is the recommendation relevant to your current situation? Could you explain how the

recommendation is relevant to your current situation?

• Would you recommend this information to others with the same problem?

• How would you say the knowledge level in this recommended article is. . . (Likert scale?

0-10? Not at all to expert?)

• Do you think the recommended information is too hard or too easy for you? Or just at

the right level? Why?

• How often would you want to get follow-up recommendations? - Prompts: any time

when there is a new relevant information, every time they come for a treatment, once

every month, or others

• Do you think you would use the recommendation in your daily life?

• Could you explain how you will use the information to manage your cancer?
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