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SUMMARY

Online Health Seeking (OHS) is widespread and widely studied, but its ideal
fit in healthcare is still unclear. OHS is seemingly emblematic of patient self-interest
and control and is an intuitive fit with the tenets of patient-centered care (PCC).
Researchers have made only a few attempts to evidence or leverage this connection,
focusing instead on describing the figures and typical characteristics of OHS. Finding,
consuming and sharing online health and wellness information is one of the common
online activities, and consumers are generally satisfied with their results despite using
simple and error-prone search strategies. Physicians are interested in their patients’
OHS, but for a variety of constraints including time, compensation and traditional
roles in medicine, most patient OHS goes unshared with doctors. Healthcare facilita-
tors, a relatively new class of health professional that works to bridge the gap between
their client’s health and personal life, may be an ideal partner for patients in OHS.
In this dissertation I share my investigation of the OHS-PCC connection, presenting
a case study of a type of healthcare facilitator that has embraced OHS.

By studying OHS, I was also able to contribute to the collaborative information
seeking (CIS) community. CIS theory and social search tools have pointed to social
factors that can influence the entire process of information seeking. In this dissertation
I argue that nearly any social search design can be seen as situated or embedded in
a unique socio-environmental context. I suggest that social search tools can be used
as probes to understand the environment, and that interactions with a search tool
can illustrate phenomena far beyond direct search motivations and goals. I also
hypothesize that social search field studies can produce changes in their environment,

producing changes in user relationships outside of the experimental search system. My
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study of OHS is an opportunity to test these hypotheses by creating a collaborative
search tool that seeks to use OHS as a tool to improve patient-provider relationships.

In this dissertation I present the results of a series of field studies at a local clinic
that centers on a unique form of health facilitator. Drawing on several formative
investigations and related work I synthesize design guidelines for a collaborative OHS
tool and describe Snack, a collaborative search tool for OHS customized to my field
site. I also present results from Snack’s field study and an analysis of email messages
between advisors and clients at the clinic. My results show that these health facili-
tators embraced OHS as a tool to guide and connect with their clients, but fell from
this practice after a change at their clinic. After analyzing these results I discuss
what makes health facilitators good OHS partners and cover implications for future
OHS-based interventions. I also report the positive connections I found between OHS
and other quality of care indicators like patient-centered care and the Multidimen-
sional Health Locus of Control. Finally, I consider social search’s utility as a probe

and intervention in light of my results.
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CHAPTER 1

INTRODUCTION

Healthcare, with its recent political emphasis, universal relevance and increasing re-
liance on technology, has grown into a primary topic within the Human-Computer
Interaction (HCI) community. Many HCI researchers have used technology to em-
power the everyday health consumer by making the opaque health system more ac-
cessible, exposing new information, motivating healthy choices and more. Technical
interventions have been used to help manage chronic illness like asthma and dia-
betes [111, 112, 60], and to assist the elderly with independent living [86]. Numerous
projects have studied exercise-encouraging apps based on pedometers [67, 57, 101].
Other researchers have worked to help individuals track and respond to their health
[65], mirroring the recent explosion in personal health devices like the FitBit and Nike
Fuel Band. In my own prior work I studied how activities, including a specially devel-
oped mobile system, shape interactions between children and Child Life Specialists
in a major pediatric hospital [14].

All of these projects connect to the principal of ‘Patient-Centered Care’ (PCC).
PCC, cited by the Institute of Medicine as a goal for future health care [8], suggests
care should be tailored to individual patients. A patient-centered care plan fits into
the patient’s life, and holistically considers patient needs, goals and pressures beyond
any one medical goal. PCC also prescribes ‘continuous healing relationships’ between
patients and their care team, in which patients make informed decisions with the
ongoing guidance and support of health professionals. Though not all HCI researchers
use the medical phrase PCC, the concept is readily identifiable in each project that

emphasizes the agency and expertise of ordinary people in managing their own health.



This dissertation explores PCC in an area that has received limited attention from
the HCI community despite its informatics roots: Online Health Seeking.

Online Health Seeking (OHS), the process through which people find, consume
and share health and wellness information online is both widespread and impactful.
As Internet use in the United States grows, OHS has remained a common component
of online activity. Similar Pew polls in 2010 and 2012 found Internet use amongst
U.S. adults increased from 74% to 81% [34]. In the 2010 poll 59% of adults reported
searching for online health information, while in the 2012 poll the same proportion
reported searching within the past year. A 2011 Harris Poll reports a similar per-
centage of adults (60%) searched for health in the past month [97]. OHS also has
serious consequences. 60% of respondents to a 2009 poll reported that information
they found online affected a treatment decision [35]. Searchers use their results to
diagnose themselves and others, to decide if they need to visit a health professional,
and more [34]. To summarize, for years the majority of U.S. adults have been online
health seekers, and that OHS can have serious effects.

OHS is an intuitive match with HCI’s traditional interest in patient-empowerment.
Health seekers are demonstrably interested in the care of themselves and others, and
take the initiative to find relevant information. Medical and informatics researchers
have investigated OHS in detail, covering searcher strategies and motivations as well
as effects on patient-provider relationships. Prior work has also uncovered pain-points
within OHS, including the variable quality of both online information and health-
seeker search skills [100, 31]. In a 2013 study, health seekers found the physician-
indicated correct answer only around half of the time [105]. Despite these issues the
vast majority of health seekers seem satisfied with their results [97], and a significant
number of results aren’t shared with a health professional [23, 40, 76, 96, 97]. A
wealth of prior work has described OHS and attendant problems, but few studies

explore how OHS could benefit health seekers or be incorporated into care. The



stage is thus set for work that investigates OHS’s positive potential, including its
utility as a patient-centered intervention in the HCI tradition.

OHS is a natural candidate for a social search based intervention. Social search
tools, technologies that leverage ‘human horsepower’ to assist information seeking, are
of interest to researchers and industry alike. Companies like Google and Microsoft are
trying to include social network data in their search engines, while social networking
sites themselves try to ramp up their search capabilities, as Facebook has with Graph
Search. Next-gen Q&A sites like Quora and StackExchange are another example of
social search’s increasing importance. A social search tool for OHS could be used to
connect patients and providers, addressing known OHS issues while also creating an
opportunity for patients to contribute to their care and take leadership.

By studying and intervening in OHS, my research has also been able to push at
the boundaries of social search. Any social search tool is surrounded by a particular
social and environmental context. Other researchers have discussed this context’s
impact on social search to some degree, but in my research context takes on primary
importance. Environmental context drove my design of a collaborative search tool
via an extended investigation of health professional-client relationships at a specific
clinic, emphasizing but not limited to OHS. I also worked to understand my designs
use in context, via a field evaluation during a period of upheaval (the clinic’s closure).
Finally, my systems made an attempt to intervene in the surrounding context of
the clinic by using OHS as lever to improve health professional-client relationships.
Essentially my dissertation treats social search as a tool that can be customized for
specific context, and then used to study and intervene in that context. I call this
approach ‘Embedded Social Search’ to give first-order priority to the network of of
relationships and circumstances, search-related and otherwise, that all collaborative

search tools are ‘embedded’ in.



1.1 Research Questions

The above motivation establishes two research threads for my dissertation. The first
set of questions revolve around understanding OHS’s potential to improve health
professional-client relationships. The second set of questions are on the interaction
between social search and its ‘embedding’ context. Because I explore using social
search as a probe to investigate a subject or context, in this case OHS at a particular
clinic, many of my research activities and findings are relevant to both threads. Along

these two threads, I ask the following research questions:
1.1.1 Online Health Seeking’s Patient-Centered Potential

RQ-OHS-1: What role does OHS currently play for health advisors and
their clients? Existing work has reported on the web-search process of OHS
and the attitudes of patients and doctors, including the effects of discussing
OHS. Opinions on OHS, use of online resources and reactions to patient OHS
vary between doctors, with younger doctors tending to view OHS more fa-
vorably [61]. Though the doctor-patient relationship remains a foundation of
healthcare, other ‘health facilitators’ with a variety of training are often in-
volved in helping patients and caregivers manage health. These include Child
Life Specialists [14], Cancer Navigators [48] and more. How does this breed of
health professional employ OHS? Where does OHS fit in relationships between

these health advisors/supporters and their clients?

RQ-OHS-2: Are there connections or correlations between OHS and qual-
ity indicators like patient-centered care? Many studies have worked to
chronicle and explain OHS, which has been established as a major online activ-
ity. Some of these studies have documented both positive and negative effects on
patient-provider relationships [76, 40, 106]. Can OHS be systematically related

to concepts like PCC? Is OHS worth pursing as a tool for improving patient



agency and holistic care?

RQ-OHS-3: Can OHS be used as tool to create a more patient-centered
environment? Work on OHS has been descriptive rather than intervention-
ist. Could a technical system impact OHS activity in a positive way, overcom-
ing some of the challenges identified by existing work? Could OHS activity
leveraged to produce positive changes? Projects could study OHS’s utility for
improving many different aspects of care from adherence to managing a spe-
cific health condition. In my dissertation, I focus only on the aspect of patient

control and patient-provider relationship satisfaction.
1.1.2 An Embedded Approach to Social Search

RQ-ESS-1: Can social search ground a larger investigation into a specific
environment? In social search, a wide variety of social and environmental
factors influence the search process. Will studying these search processes illu-
minate the larger environment? Could social search tools be designed as probes,

to fit into and explore specific contexts?

RQ-ESS-2: Can a social search tool be used as an intervention to affect
processes besides information seeking? Collaborative information seeking
is already a complicated process, influenced by many context-specific factors.
Can a social search tool have a targeted effect on those factors in turn? My
investigation of this question is closely tied to RQ-OHS-3. My work examines
the impact of different social OHS tools on health advisor-client relationships,

which exist apart from OHS activity.

1.2 Overview of Dissertation

This dissertation is organized as follows. In Chapter 2, I discuss related work to

motivate, guide and contextualize my own experiments. I cover research on OHS,



including interventions and the effect on patient-provider relationships. I also discuss
HCT’s history of patient-centered interventions. Chapter 2 also includes an overview
of collaborative information seeking and social search. I conclude by introducing and
defining ‘Embedded Social Search’.

Chapter 3 introduces the Emory Predictive Health Institute (EPHI), the field
site which hosted my work. In this chapter I discuss the results of three formative
studies at EPHI: two different sets of focus groups and a series of shadowing and in-
terviewing. These findings are relevant to RQ-OHS-1 and also informed my following
intervention’s design.

In Chapter 4, I synthesize a set of design guidelines for an OHS intervention at
EPHI. These guidelines are drawn from the literature review and formative work
described in the preceding chapters. Next I describe the design of Snack, the system
I developed to support a form of OHS conducive to PCC.

Chapter 5 details Snack’s field deployment. Health professionals and clients at
EPHI used Snack for several months in the summer of 2013. During my deployment,
EPHI began a sunsetting process that had a fundamental impact on my deployment.
The results of my deployment address OHS’s capacity to encourage PCC (RQ-OHS-
3), social search’s utility as a probe (RQ-ESS-1) and the effects of search on non-search
phenomena (RQ-ESS-2).

Coinciding with Snack’s field trial, I conducted a series of surveys with EPHI
clients. In Chapter 6 I report these results, which illustrate OHS’s association with
quality indicators like PCC (RQ-OHS2).

Chapter 7 reports my analysis of email messages between EPHI’s health profes-
sionals and their clients. I was able to access five years of email, the primary mode of
communication at EPHI. I used a machine learning approach to analyze this large set
of data, including topic modeling and sentiment analysis. These results offer another

window into care at the EPHI, and also pertain to RQ-OHS-1.



Chapter 8 reflects on my experiences as a researcher. I first consider the chal-
lenge of doing research in a changing environment and the use of interventions as
environmental probes. I then discuss my interviewing methodology.

In this chapter, I reflect on some of the research methodologies and data-gathering
techniques I used in my work with EPHI. I begin by discussing change and treating in-
terventions as probes of an environment. Then, I discuss my experiences interviewing
and observing my participants in private settings.

Finally, Chapter 9 brings my dissertation to a close by revisiting each of my
research questions and summarizing my findings. I end with brief reflections on the

implications for future work connected to OHS or social search.

1.3 Contributions

My work contributes to the healthcare community by assessing and attempting to
harness the power of OHS to improve care. I also give an in-depth look at one form of
health facilitator-client pairing by working with EPHI’s advisors and clients. My work
also contributes to the HCI community by investigating ‘Embedded Social Search’,
which emphasizes social search’s interactions with the larger non-search environment.
ESS positions social search as a technological probe to study and intervene in specific
contexts that are not necessarily limited to search processes and stakeholders alone.

This dissertation presents the following specific contributions:

1. A series of field studies that reveal and unpack advisor-client relationships at
the EPHI. EPHI’s exact model is unique, but related health facilitators are a
growing part of the larger healthcare system and my work with EPHI serves as

a case study.

(a) Within these studies, an exploration of OHS’s role in the advisor-client

relationship.



. Design guidelines for OHS interventions that link health facilitators and clients,

synthesized from my case studies.

. A design overview of Snack, a collaborative search tool for OHS at the EPHI.
Snack encompasses several designs, and was intended to encourage patient lead-

ership and control.

. A longitudinal deployment of Snack at EPHI exploring the capacity of social
search to affect non-search factors by testing OHS as an intervention encourag-

ing patient-centered care.

(a) As EPHI underwent significant downsizing during my deployment, this
field study also contributes a view of health facilitator-client relationships

during change and stress.

. A 3-pronged set of surveys given during my system’s deployment. Links were
found between OHS and two quality of care metrics, PCC and the Multidimen-

sional Health Locus of Control.

. Analysis of an email message corpus between EPHI’s providers and their clients.
This investigation is separate from my fieldwork but contributes to the same

case study of EPHI’s advisors as healthcare facilitators.



CHAPTER 11

RELATED WORK AND EMBEDDED SOCIAL SEARCH

In this chapter I discuss related work by other researchers that motivates and informs
my own investigations. [ first summarize research on OHS, beginning with statistics
and characteristics of health seekers. I then cover several OHS-based interventions
and outline the opportunities I see in OHS. In the next section I begin to unpack
the phrase ‘patient-centered care’ and briefly touch on the long history of patient-
empowerment in HCI research. Finally, in the last section I discuss information
seeking, moving from theory on to a variety of experimental social search studies.
To conclude I introduce and define ‘Embedded Social Search’, an approach to social

search research that builds on and compliments existing work and theory.

2.1 Online Health Seeking
2.1.1 Non-Professional Health Seekers

Many large-n surveys have been used to collect basic information on OHS by non-
health professionals, such as correlated demographics and overall prevalence. National
polls in the United States by the Harris and Pew organizations provide evidence that
the majority of Americans are online, and that seeking health information is amongst
the most popular online activities [33, 96]. In particular, a 2011 poll by Fox at the Pew
Internet and American Life project found that hundreds of millions of people in the
United States alone (the majority of US adults) use the Internet to search for health
information of all types: to track their diet, compare doctors or insurance, or even
to self-diagnose. Outside of the USA, a 2007 seven-country survey in Europe found
that 71% of Internet users (a majority of Internet users in each surveyed country)

had sought health information [4]. More recently, the 2013 Oxford Internet Survey



split Internet users in the UK (78% of adult Britons) into 5 ‘cultural’ groups, from ‘e-
mersive’ digital natives to ‘a-digitals’ with a mostly negative reaction to the Internet
[26]. Still, the majority in each of these diverse ‘Internet Cultures’ were online health
seekers. Both Fox and Andreassen et al. found OHS positively correlated with youth,
female gender and education level [33, 4]. Fox also noted a correlation with income.
Andreassen et al. did not explicitly measure income, but noted correlations with
related factors like career and education level.

Not only is OHS widespread, it has a real impact: 60% of respondents to a 2009
poll reported that information the found online affected a treatment decision [35].
The same poll also found that a significant portion of OHS, even a majority, is done
on behalf of others. A 2005 survey indicated medical professionals and the Internet
are the preferred sources of cancer information, but health seekers report turning to
the Internet first far more often (10.9% vs. 48.6%) [43]. Similarly, in a 2007 survey
respondents listed health professionals as their first choice for information (followed
by the Internet), but when asked which source they had last tapped, the Internet led
health professionals (34.5% vs 19.4%) [62]. While it does not seem like the Internet is
completely replacing health professionals as an information source, online information
has clearly become a primary resource on its own.

Researchers have also investigated how non-professionals actually participate in
OHS. This work is generally formative, either concluding with straightforward design
guidelines or remaining completely descriptive. Some of these studies observed and
interviewed small groups of health seekers, independently noting similar characteris-
tics among a diverse set of health seekers [31, 90, 100]. Users preferred using general
search engines to specific medical sites or tools and were quick to reject sites, especially
based on site presentation, design, and ease of use. In Toms et al. and Eysenbach
& Kohler, searchers used extremely simple queries [100, 31]; in the case of Toms et

al. search engines automatically excluded so many terms as common ‘stop words’
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that only a single query per term was used on average [100]. Peterson et al. also
reported users tended towards simple search strategies and had misunderstandings
about search engine function [79].

Logging of queries or browsing activity seems key to understanding OHS. Given
the sporadic nature of OHS, logging allows researchers to capture OHS whenever it
occurs, and to monitor searches over a long period of time. Eysenbach & Kohler
also noted that while users mentioned their concern over information sources during
interviews, none actually visited ‘about us’ type pages on the sites they selected, and
few were able to recall where they had retrieved information [31]. This dissonance
suggests, as Peterson et al. mention, that user logging or observation are key to
accurately understanding user searches. Accordingly, logging was included as part of
my experiments.

Many other studies have used observation or logs to describe or model OHS be-
havior. White and Horvitz found that some types of OHS proceed in a ‘bursty’
fashion [106]. Their study examined logged queries related to medical symptoms
from thousands of subjects, finding that the large majority of queries related to any
one symptom take place within two weeks of each other. This study also found that
the majority of searchers had used the order of results in a search engine as a way
to determine the likelihood of a diagnosis. Two other log-based studies emphasize
the importance of searcher hypotheses to OHS, noting that diagnostic searches tend
to begin with symptoms and seek a disease hypothesis, or begin with a hypothesis
and seek verification [20, 51]. Another third log-based study by White showed that
personal biases can affect health search results [105]. White found searchers favored
information that confirmed their hypotheses, and also found searchers (as well as
search engines!) tend toward results with a positive perspective. Participants in
White’s study found the (physician-indicated) correct answer only about 50% of the

time. Health seekers’ domain-specific knowledge can also affect their search process
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and results. In an observation-based study, Bhavnani compared health professionals
and expert shoppers as they each carried out web searchers on health and shopping.
Bhavnani observed that within their respective domains of expertise, the experts have
a concretely sequenced set of goals [9]. When searching outside this comfort zone,
experts lost this sequencing and resorted to general search engines and bouncing
amongst sites.

Taken as a whole, research on non-professional health seekers gives some cause for
concern. OHS is extremely widespread and has a noteworthy impact on searchers.
The large majority of searchers seem confident in online information’s utility, as well
as their own ability to find online resources. However, non-expert searchers tend
towards simple strategies and often fail to find the correct answer. Furthermore, a
great deal of OHS goes unshared with a health professional, as I will discuss in the

following section.
2.1.2 OHS and Health Professionals

Other studies have evaluated OHS and Internet use among health professionals, es-
pecially doctors. Masters conducted a literature review of studies that asked why
physicians did or did not use the Internet [61]. Mirroring non-professionals, Internet
use amongst physicians is increasingly common, and younger doctors were often more
likely to report Internet use. Typical physician OHS is reviewing medical journals
and databases, a contrast to consumer OHS via general searches. Despite this, a low
but growing portion of physicians used email to communicate with patients, citing
issues like workload, legal and privacy concerns, and the fact that it can be difficult
to reimburse or bill time spent on email. The vast majority of physicians (89%) found
it ‘interesting” when patients shared OHS, but far fewer doctors carried out OHS for
patients (44%) or referred patients to web resources (20%).

OHS can involve both patients and providers, and many studies have explored the
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impact of OHS on patient-provider relationships. The proportion of health seekers
who share their searches with providers varies widely across studies, suggesting that
while many discuss OHS with providers, many do not [23, 96, 76, 107]. Some patients
fear sharing their OHS with a doctor could be seen as challenging their provider’s
expertise or role, and a few have experienced negative reactions [15, 40, 42]. This fear
seems justified, as physicians feel a patient who uses OHS to challenge their expertise,
insisting on a particular diagnosis or treatment, has a negative impact on care [76, 93].
Some patients use ‘face-saving strategies’ for discussing OHS with providers, such as
not mentioning the information under discussion is the product of OHS [17]. Positive
reactions seem to be more common however, and patients generally feel discussing
OHS improves their relationship with their provider [76, 40]. Patients who did consult
a provider were “reassured that their worries were not justified” nearly 75% of the time
[106], which meshes well with physicians’ feelings that OHS can lead to unfounded
fears [3]. Most physicians consider OHS to be helpful to patients [76, 83, 93], if

perhaps creating more work for physicians themselves [3, 83].
2.1.3 OHS Interventions

Though the literature on OHS is typically descriptive in nature, there are also exam-
ples of interventionist studies. Recall that Toms et al. found consumer health queries
were frequently ineffective and largely composted of stop-words [100]. Many inter-
ventions involve reformulating or interpreting user queries, either with existing search
engines or with a new purpose-built product. Plovnick & Zeng et al. reformulated
consumer queries on Google and MedlinePlus, replacing words with related termi-
nology from the Unified Medical Language System (UMLS) [82, 113]. Reformulated
queries were somewhat more successful (1 or more relevant documents in the top 10 of
results), but there was no difference in user satisfaction. Can & Baykal created Medi-

coPort, which also reformulates queries based on the UMLS [18]. MedicoPort uses
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its own web crawler to index pages relevant to the overall UMLS hierarchy. Can &
Baykal claim that focus groups found MedicoPort to be more effective than Google,
but are somewhat vague in their reporting. A final reformulation-based system is
iMed, which uses a questionnaire to help users create multiple queries and organizes
results (sourced only from certain high-quality sites) using the Medical Subject Head-
ings (MeSH) system [58]. In a limited evaluation based on hypothetical ‘diagnosis
based on symptoms’ scenarios, users found iMed to be faster and more successful than
commercial search engines like Google Health, though only 30% of searches ended in
success (i.e., the correct diagnosis).

Another intervention, Information RX (IRX), is intended to increase OHS rather
than replace existing search tools. IRX is an ongoing project of the American College
of Physicians Foundation and the U. S. National Library of Medicine which began
in 2002, and is still available today (http://informationrx.org/). IRX offers paper
‘information prescription pads’ to health professionals, allowing them to prescribe
information just as they prescribe a drug. These prescriptions are intended to be
‘filled” by visiting MedlinePlus.gov. The first study of IRX (2003) had limited suc-
cess recruiting physicians, as only 20% of eligible providers in the targeted states of
lowa and Georgia participated [88]. However amongst physicians who did partici-
pate, significant portions felt referring patients to MedlinePlus could increase their
self-efficacy (54%) and improve patient-provider communication (42%). Patients also
had largely positive responses to IRX, feeling it helped them make better health de-
cisions (93%) and that their doctor’s recommendation made them more likely to try
(74%) and trust (84%). A later study made an extensive effort to integrate IRX into
a particular teaching hospital, offering classes on IRX for providers and distributing
IRX materials throughout the clinic [16]. The intervention was successful in con-

vincing participating doctors that recommending online information to patients was
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useful, but even with the outreach efforts the study had some trouble driving physi-
cian participation. Physicians were concerned about patient literacy, but the most
prominent barrier was the physician’s lack of time during consultations. Elsewhere, a
2009 survey in Georgia found only 2 of 46 physicians and 46 of 105 medical librarians
had even heard of IRX, and use appeared very limited [66]

Though researchers have been creating OHS-interventions for over a decade, sig-
nificant gaps remain for new projects to fill. As described in the previous section,
problems like incorrect search results have not gone away. Many interventions have
focused only on the patient/consumer, without considering the effects on patient-
provider relationships (or trying to leverage health professionals). Projects have also
typically relied on hypothetical evaluations or post-hoc investigations of logs, which
make it challenging to investigate the social components of OHS in detail. IRX makes
an admirable attempt to involve both sides of the patient-provider dyad and has been
deployed in situ at a number of hospitals/clinics. However, IRX has faced issues with
adoption by time-pressed doctors, and as an especially simple intervention is limited
in its ability to address OHS challenges like ineffective queries. OHS is a complicated
process —these existing interventions are valuable contributions, but space remains
for new designs, especially those centered on patient-provider relations. A project
that significantly incorporates providers and their clients, directly addresses some of
the challenges of OHS and is tested in situ would be a valuable contribution to the

existing stable of OHS interventions.
2.1.4 Discussion: Framing OHS as an Opportunity

Diverse sets of researchers have long recognized OHS as a common activity with a
significant impact on health seeker’s care decisions and patient-provider relationships.
However, prior work has been mostly descriptive, covering how health seekers search,

or how they feel sharing OHS has affected their relationship with a provider. Studies
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have noted positive effects on patient-provider relationships from sharing OHS, but
offer few concrete strategies or examples for encouraging these encounters. Interven-
tions have typically focused on only one side of the patient-provider relationship, and
have rarely been evaluated in the field. IRX is a notable exception to both of these
traits, and IRX’s suggestions about OHS and patient-self efficacy are inspiring to my
own work.

In this dissertation, I explore OHS as a positive, reciprocal connection between
patients and providers, rather than as a potentially dangerous patient activity for
providers to monitor or an individual task to be handled in isolation. Health seek-
ers are demonstrably interested in the care of themselves and others, and take the
initiative to find relevant information. Acknowledging and nurturing this interest,
not to mention using OHS as an avenue to develop holistic understanding of a pa-
tient’s interests, seems aligned with the goals of patient-centered care. However, few
interventions have taken this integrative approach to OHS. IRX is rare for its view
of OHS in terms of potentials instead of problems, but its basic design represents
only a first step towards understanding these potentials. IRX has also struggled to
engage with busy doctors, so I investigate other health professionals as OHS partners
for patients. By deploying my system over time at a real clinic, I attempt to investi-
gate the effects on real patient-provider relationships as opposed to success rates on

hypothetical searches.

2.2 Patient-Centered Care

PCC’s simple name belies a somewhat complicated construct. PCC was cited over
a decade ago in the Institute of Medicine’s landmark ‘Crossing the Quality Chasm’
report as a goal for future health care. PCC emphasizes patient leadership and a
holistic understanding of the patient [22, 8]. A PCC care model incorporates partici-

patory ‘continuous healing relationships’ between patients and providers that extend
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beyond consultations, and may be contrasted with ‘clinically focused” models featur-
ing expert caregivers and passive care receivers. Since the IOM’s report, authors have
worked to develop a consistent definition and means of measuring PCC [95, 28]. Be-
cause circumstances vary so significantly between specific clinics and patient-provider
pairs, it is difficult to move from generalities like ‘holistic relationships’ to specific
metrics with which to measure PCC in any context. Robinson et al. describe PCC
descriptors for both clinical and patient actors, and suggest interviewing and numeric
scales to measure PCC via these descriptors [85]. In my dissertation, I develop spe-
cific questions based on these descriptors that are suited to OHS and the particular
clinic used as my field site. I describe the development of my PCC survey in more
detail in Chapter 6. Because PCC emphasizes shared control of care, I also utilized

the Multidimensional Health Locus of Control instrument [103].

2.2.1 HCI and PCC

The HCI community has had a longstanding interest patient empowerment. Though
these projects have not always referred to ‘PCC’, they generally aim to give patients
more control over their care, and elevate the value of patients’ ‘everyday expertise’.
For example, Bickmore et al. developed an agent to explain discharge information
to patients, taking less time from pressed nurses and (hopefully) helping patients
prepare to integrate their new medical regimes with their regular life [10]. Mamykina
et al. created MAHI to help diabetic individuals track and learn to manage their
condition [60], while Medynskiy & Mynatt developed Salud! as a motivational tool
to help users track their weight over time [65].

Other projects have studied patient agency, investigating who controls medical
counters and looking for opportunities to place control in the hands of patients. Unruh
et al. found typical clinic environments inhibited the ability of patients to interact

with their physicians in a collaborative way, encouraging passive encounters [102].
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Their study suggested a re-imagined exam room, with a more egalitarian physical
layout and collaborative technologies like large screens, could support more patient-
driven encounters. My own prior work investigated the relationship between Child
Life Specialists (CLS) and children at a local hospital [14]. I found that CLS-child
encounters were activity-based, and that the type of activity chosen could affect the
nature of the interaction. By selecting activities that allowed simultaneous input
—Ilike painting instead of a single-player video game —CLS could encourage children
to take a more active role in encounters.

These studies are just a small sample of patient-focused work within HCI. Though
these projects are varied, they have many common features that my own work takes
on as well. Many of these systems counted both patients and health professionals
as their users, and sought to make the connection an empowering one for patients.
My own work in this dissertation also encompasses both professional and amateur
users, and seeks to place patients in a leading role. HCI researchers also typically
emphasize fieldwork to study health care, and combine data from several methods
when investigating a site or conducting an intervention. I used a variety of methods,
from interviewing and observation to surveys and experience sampling, to answer my
research questions. All of these activities were conducted at a local clinic, introduced

in the next chapter.

2.3 (Collaborative) Information Seeking

Collaborative search is a type of Collaborative Information Seeking (CIS), which is
itself a subset of Information Seeking (IS). IS theories traditionally emphasize the
individual [27, 55]. Pirolli & Card’s Information Foraging (IF) has been another
influential theory [81]. IF describes an individual searcher that creates an internal
schema to categorize and organize both their search and the information they find.

In IF, the searcher continually re-evaluates their available information sources and
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decides how to budget their limited search resources. CIS theories are a response
to antecedent IS theories like these. CIS theories expand on IS by adding a social
component, attempting to explain how other humans can influence an information
seeker.

Collaborative theories have abounded in the past decade, reflecting a community
that is still working to model the social world’s impact on search. Some researchers
have studied traditional models in collaborative situations, finding the match to be
imperfect and emphasizing the potentially social nature of seemingly individual tasks
[39, 47]. For example, Hyldegard examined a traditional IS theory (Kuhlthau’s In-
formation Search Process or ISP [47]) in a group search task - students working on a
project [47]. These would seem to be very similar searchers, but students each had
their own values for information sources and “...divergence in motivations and ambi-
tions between group members had contributed to negative feelings such as frustration
and disappointment.” Hyldegard found ISP incomplete, and in need of a social ex-
tension that could “... address also the impact of contextual and social factors, such
as the work task and socio-psychological intragroup issues.”

Other researchers have created models that are social from the start. Reddy &
Jansen studied collaborative information behavior in two hospital units, where a di-
verse team meets information needs together [84]. They describe a two-dimensional
model of ‘Information Behavior’ which favors a gradual approach instead of stark
classifications. On one dimension, behavior varies from searching (tactical) to seek-
ing (strategic). On the second dimension, behavior varies from individual to col-
laborative. At the hospital, Reddy & Jensen found that more complicated searches
tend to become collaborative. Another model, by Evans & Chi, highlights where
social factors can impact a web search [29]. Their model grew from a survey of web
searchers, which found social impacts before search (such as a request from a client),

during search (such as asking a friend to help refine a search) and after a search (such
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as sharing results). In other words, social connections can completely surround the
search process!

Collaborative search processes can have social inputs and outputs even outside the
act of searching, and thus must consider human relationships outside of information
seeking. Highlighting relationships in this way is a call for caution: misunderstand-
ing how a searcher connects with their peers (or their boss) could scuttle a system.
However, this highlighting also exposes an opportunity: search tools could directly
or indirectly affect human relationships. To understand or even harness collaborative
search as a tool to shape human connections, we need to understand the social envi-
ronment our search tools interact with. This contextual shaping and understanding
is the point of ‘Embedded Social Search’ (ESS), which gives first order priority to the

environment tools are embedded in.
2.3.1 Social and Collaborative Search

As researchers have sought to understand social impacts on information seeking, other
projects have created or studied search tools expressly designed for social data and
collaborative use. These projects represent a broad research area and it can been
difficult to identify a clear taxonomy that describes types of social search and types
of social search tools. Consider as evidence the preponderance of papers seeking to

define social or collaborative search.

1. In the March 2009 edition of the IEEE Computer journal, Ed Chi suggests
social search be split into two categories [21]. In “Social Answering” systems,
an individual or social network directly responds to a user’s query. In “Social
Feedback” systems, social data is gathered implicitly (e.g., logging of users) or

explicitly (e.g., tagging by users) and used to rank or highlight search results.

2. In the very same journal issue, Golovchinsky et al. offer their own taxonomy for

collaboration in search which relies on 4 dimensions: intent (do users explicitly
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or implicitly collaborate?), mediation (do any underlying algorithms recognize

multiple users?), concurrency and location [36].

3. McNally et al. use a Venn Diagram to illustrate a continuum of social search,
moving from individual “Queries and Searching” towards social “Sharing and
Communities” [64]. McNally et al. also discuss “implicit collaboration”, repre-
sented by a user that leaves a social trace like a tag that later impacts another

user.

4. Morris and Horvitz describe “passive collaboration”, represented by logging and
data mining which automatically adjusts search results or rankings [70]. This
concept is contrasted with systems that tightly couple users, allowing direct

communication and teamwork, including across time or distance.

5. In later work Morris and Teevan position collaborative search, in which users
share an information need and are part of an explicit group, as a subset of
social search [73]. A social search tool may be ‘implicitly social’ rather than
collaborative. An implicitly social tool may have a social data source, such as
search engine for Twitter, but does not create groups or teams of searchers who

actively cooperate and interact on searches.

I have found it useful to view social search tools on a continuum, from ‘passive’
to ‘active’. Most of the taxonomies seem to describe two sorts of tool, which I call
passive and active social search. Passive tools frequently include implicit grouping
and large numbers of anonymous users. Indirect cooperation, indirect communication
and general search goals characterize passive tool use. Users typically share identical
roles and capabilities. Active tools on the other hand tend to employ explicit user
groups, known identities and small numbers of users. Direct communication, direct

collaboration and specific shared search goals are hallmarks of active tools.
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In this dissertation I focus on active social search (also called collaborative search).
In this section I discuss passive and active social search in general, then cover search

via Social Networks and Question and Answer tools in more detail.
2.8.1.1 Passive Social Search

Passive social search tools take many forms and leverage a diverse set of data, but
tend to share certain key characteristics. Without direct collaboration or explicitly
shared goals to connect users, search groups are made implicitly. Grouping users
with similar search queries is a common approach [5, 49, 56, 91]. Social bookmarking
services like del.icio.us have also been used to create implicit groups of users, assuming
that multiple users of a given tag may share interests [7, 109]. Each of these systems
relies on large-scale user bases and anonymous users. Smyth et al.’s I-SPY and Jones
et al. both worked from databases with thousands of queries [91, 49], while Bao et
al. and Yanbe et al. drew from an overall corpus with hundreds of thousands of
annotations [7, 109]. Any additional user tags or queries would simply be added to
the dataset, and when a user sees their search results modified, they have little to no
idea who made the queries or tags leading to that modification.

This is not to say that all passive search tools share all these characteristics.
Govaerts et al. used explicit social networks via the OpenSocial API to group users,
while researchers at IBM used both explicit social links and implicit means like co-use
of a tag to group users [37, 19]. In both systems, however, browsing data from the
grouped users is pooled and used anonymously to adjust or highlight search results.
In all of these tools, users are not guaranteed to share exact search goals, and can
communicate only indirectly by taking some action (tagging, viewing a page, making

a query) that could potentially impact a future searcher.
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2.3.1.2  Active/Collaborative Social Search

The social search community also evaluates tools for direct collaboration among
smaller, known groups - what I term active social search. These systems would
also fall under Morris and Teevan’s definition of collaborative search. For example,
CoSense by Paul & Morris was evaluated with groups of 3 members planning a trip
[78]. SearchTogether was studied with pairs of users with pre-existing relationships
(romantic partners, friends or relatives), who were instructed to search on any topic
of mutual interest [70]. Finally WeSearch, a table-top system, was evaluated with
groups of 4 who again had pre-existing relationships and were instructed to address
‘typical mutual information needs for their team’ [71]. Analysis frequently returns to
the same topics and challenges, including the division of labor among group members,
managing awareness to avoid redundancy, and allowing searches to persist between
multiple sessions.

Other systems straddle the line between passive and active/collaborative social
search. An example is Heystaks, a tool that allows users to self-select into groups
around particular topics, finding and sharing results [92]. Heystaks allows users to
create shared searches, or ‘staks’. Users can join public staks, tagging and adding
pages to staks, and can directly invite friends to a stak. Many of the active social
search hallmarks are present: known users, direct communication, and small groups
for example. However, once a stak is joined the tool becomes more passive and
tagging-like. User contributions (tags) aren’t publicly noted, and the system adjusts

search results based on the aggregate pool of data in each stak.
2.8.1.8 Social Search, Social Context

Across these projects, there is a focus on the search task itself: avoiding redundant
work, improving a list of results, and so on. Many of these projects also touch on the

importance of social context. For example, Smyth et al. found their Heystaks system
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contained a dichotomy of ‘producers’ and ‘consumers’ [92]. With CoSense, Paul and
Morris described participants who appraised one another’s search skills [78]. Why
does the Heystaks dichotomy exist, and do inter-user evaluations in CoSense impact
later teamwork? ESS is meant as an approach to answer questions like these by
looking at search’s interaction with surrounding social context. In this way, I see
ESS as motivated by and complimentary to prior social search work, rather than as

a replacement or indictment.
2.3.2 Search via Social Networking Services

Most recently, a number of studies have focused on information seeking via Social
Networking Services (SNS). Perhaps because these projects begin with social net-
works, they often consider searcher relationships beyond information seeking. Yang
et al. found cultural differences among countries in the type of questions users posted
to social networking sites, as well as the asker’s motivation for using their social
network [110]. For example, their work suggested a preference for social network
Q&A in India and China could be related to traditional ‘collectivist’ values. Other
researchers directly compare SNS-search with web search. Teevan et al. compared
Twitter queries with web search engines, finding a number of syntactic differences.
Twitter searches were also more frequent than web queries, serving as a way of mon-
itoring current events, trends and user-related information. In another comparison
study, Evans et al. conducted an experiment contrasting two groups working on the
same search challenges: a traditional web search group (search engines, Wikipedia
and so on but no SNS services) and a social group (SNS and talking to friends, but
no ‘regular’ search tools) [30]. In the social group users chose who to ask based on
perceived knowledge and expertise as well as factors like current accessibility and the
social cost of asking. This last observation is interesting: it’s not enough to know an

expert on a topic. An SNS search (e.g., collaboration) must also fit the relationship
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between users, and search can have effects (ex: creating an obligation to answer, to
return the favor) on relationships.

Other projects have looked to build on existing social networking services. Hecht
et al. developed ‘SearchBuddies’; agents that would interject search results or men-
tion relevant friends in a user’s Facebook feed when the user appeared to post a
question [41]. The question-poster’s relationships affected their interaction with the
SearchBuddy: users did not appreciate it when the agent mentioned peripheral ac-
quaintances, or linked friends who had recently had a falling out. Hecht et al. also
suggested that SearchBuddies could guide conversations, making them more informa-
tive or more social.

These studies show that human relationships, from a macro-societal level down
to individual friendships, affect how users perceive and interact with search tools.
They also suggest collaborative tools, like SearchBuddies, can frame their users in-
teractions around information seeking. Hecht et al. even describe their prototype
as a ‘socially embedded search engine’. By talking about Embedded Social Search I
mean to highlight that any collaborative search tool, not just one designed within a
social networking service, is situated in a cultural and individual web of relationships.
Understanding how the users relate to one another inside and outside the system, and
how the system mediates their self and peer conceptions over time, is relevant to any

type of social search.
2.3.3 Q & A Tools

Question and Answer services (Q & A) have a long history of working to match
information seeking needs with social structures. For example, Answer Garden was a
seminal QQ & A system from the early 90’s that was initially conceived as an alternative
or supplement to manuals and documentation[1]. Answer Garden connected ordinary

‘users’ with experts, storing expert responses to augment organizational memory. A
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second version of Answer Garden made a number of changes, but one telling point was
an emphasis on ’context’ [2]. Ackerman et al. found experts wrote better answers
when they had a more holistic understanding of the question and (especially) its
asker. Answer Garden 2 sought to connect question-askers to nearby experts who
could leverage their knowledge of the asker’s skills, issues and motivations in their
answer.

Stack Overflow (SO) is a modern Q & A system, a web community for program-
mers to exchange knowledge. Mamykina et al. studied SO and found it to be very
successful, with 90% of questions receiving answers [59]. Their paper’s discussion
makes a blunt point: “Design matters, community organization matters more”. In
the opinion of Mamykina et al., the most important factor in SO’s success was its
founders’ esteemed position in the programming community and ongoing involvement
with the site. The founders’ prestige lured in both askers and answerers and encour-
aged skeptics to try the site, even as it was under development. The researchers
report that some users even view their public activity on SO as a valuable part of
their professional resume. Mamykina et al.’s work with SO is an example of social
search’s embeddeness. Studying SO’s system of badges and achievements or the fre-
quency of questions versus answers is only one part of understanding how and why
SO functions. By taking a broader approach, Mamykina et al. were able to show
that SO’s success in part flowed from its founder’s social capital, and that users have
complex motivations for answering a particular question.

Quora is a general Q & A website with a vote up/vote down system similar to SO,
but without SO’s focus on programming topics. On Quora questions are organized
under topics like ‘electric cars’, ‘healthy eating’ or ‘college basketball’ - any topic is
fair game. Wang et al. describe Quora in terms of three graphs: one linking users to
topics, one linking related questions, and one connecting users to one another [104].

Unlike SO, on Quora users may ‘follow’ or subscribe to one another. Gang et al.
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found that ‘super users’ with many followers tended to end up with the highest-voted
answers. Super users also get more answers to their own questions. In another study,
Paul et al. discuss how Quora users evaluate whether an answer is authoritative. A
primary factor is the answerer’s reputation, since Quora requires real names [77]. Paul
et al. discuss several other fascinating effects of Quora’s real-identity decision. Quora
users will follow others and answer questions as a means of networking and building
their reputation. Voting on an answer can also serve as a social signal, as users
support their friends or associate with a ‘super-user’. As with SO, the collaborative
information seeking process interacts heavily with user relationships.

That last Q & A tool I will discuss is another commercial system, Aardvark. Aard-
vark was a tool that helped users ask one another questions in system-mediated chats
[45]. Aardvark automatically found good matches to answer queries using metrics
like user-entered expertise, friend-endorsed expertise, politeness and message length.
Recall from Evans et al.’s comparison of SNS question-asking and web search that
finding the correct and appropriate person to answer a query depended on more than
just expertise [30]. Also, as just discussed, SO and Quora elevate users and an-
swers based on social capital as well as correctness. Aardvark’s multi-faceted way of
calculating connectedness is an example of a search tool that begins to model user
relationships beyond search. Aardvark turns this a fuller picture of searchers back
towards information seeking, looking to improve the search experience. In the next
section, I ask whether social search tools could extend their reach beyond the search

process.

2.4 Discussion: Introducing Embedded Social Search

I use the phrase Embedded Social Search (ESS) to emphasize the critical importance
of socio-environmental context for social search. Collaborative information seeking

models have expanded to the point that there are social potentials before, during
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and after a search. Inward-facing models that consider only the search process itself
minimize the social context all collaborative searches are embedded in - a rich data
source that could explain searcher interactions and motivations and guide system
designs. They also miss the potential to use social search as a probe to modify or
simply understand the users and relationships they link.

ESS emphasizes the socio-professional context or environment all social search
tools are embedded in. The environment can be relevant from a macro level (e.g.
‘the healthcare system’) on down to the micro level (e.g., specific patient-provider
relationships at a particular clinic). ESS says that environmental features, even ones
that seem remote from information seeking, can be important for social search. These
features can inform a design and affect its use. Through their interaction with a search
tool, users can reveal or illustrate environmental features, including their change over
time. Finally, ESS suggests that social search tools can produce changes in their
environment. In summary, ESS encourages researchers to consider how social search
can be guided and affected by the environment, how the larger environment can reveal
itself through search processes, and how search tools can impact the environment.

With ESS, I intend to expand the lens we use to evaluate social search tools. I
discussed several exemplary social search systems earlier in this related works section
like CoSense and Heystaks, which focus on how users navigate an experimental social
search tool. ESS suggests complimentary investigations, asking how the new search
system redefines relationships on a team, or what social processes the system has
exposed. Social search researchers are stepping into this area as they study social
networking services. Studies of Q & A tools have also shown that there is a complex,
interactive relationship between collaborative information seeking and social context.
Remember for example the critical role of the SO founders’ social capital, or Aard-

vark’s multi-leveled way of calculating connectedness. I suggest questions like ‘how
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does system use vary between cultures?’ or ‘who are searchers comfortable collabo-
rating with, and how could our tool shape their interaction?’ are just as relevant for
tools like CoSense as they are for studies of Facebook, Twitter or Quora. Questions of
this nature require grappling with the social context tools are embedded in, meaning
more longitudinal deployments, more field work and more ethnographically-inspired
methods.

At this stage, ESS is not a theory or a new kind of social search system - rather,
ESS is a point ABOUT theories, and a point about HOW we create and evaluate a
collaborative search tool. In “Where the Action Is”, Paul Dourish says that “Embod-
ied interaction is interaction with computer systems that occupy our world, a world
of physical and social reality, and that exploit this fact with how they interact with
us” [24]. ESS makes a similar point with a narrower scope: social search is always
embedded in a network of evolving human and environmental connections, and this
should affect how researchers design and evaluate social search.

My ESS-related research questions focus on the relationship between search and
social context. RQ-ESS-1 looks at the effects of the environment on search, asking
how a search tool can be tailored to a specific, local context. With RQ-ESS-1, I
also ask if collaborative search can be used as a probe to understand an environment
over time, as changes in user circumstances and relationships are surfaced by search.
RQ-ESS-2 looks at the other side of the equation, asking whether collaborative
search can be an avenue for change in an environment. In the following chapters, I
describe the development of a collaborative search tool for OHS at a specific clinic,
and describe changing relationships as framed by my system (RQ-ESS-1). I also
investigate whether any of my designs was able to help create a patient-centered

environment (RQ-ESS-2).
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2.4.1 An ESS Example

A small hypothetical example can illustrate the ESS approach more concisely than
my dissertation in toto. In this section, imagine we are developing a collaborative
search tool for real estate agents and their clients. ESS encourages us to consider the
embedding socio-professional environment from a macro to a micro level throughout
our project.

The environment can guide our search tool’s design and development. With proper
formative work, we can mold our tool to fit the general real estate agent model. Per-
haps real estate searches usually turn on agents finding homes and clients evaluating
the results, so our tool creates seeking utilities for agents and evaluating functionality
for clients. We could also choose to intentionally confront or upend the environment
in some way; perhaps we have reason to believe searches would be more successful
(by some metric) if clients also contributed to the search. We could also adapt our
design to a particular or localized context: a real estate agency, a geographic location
or so on, that has unique features of some kind. For example, maybe a particular
agency uses multiple agents for each customer, while another focuses on renovations
and house flippers. Aspects of our design could be tailored to each of these agencies.

In the course of our deployment, interactions with our search tool can reveal the
environment. These interactions could help us discover static features, or expose new
changes. For example, we may find searches focus on a particular neighborhood and
learn this is due to a tax break in that area. We could also discover varying strategies
amongst real estate agents or agencies. Even very low-level environmental features
could be important for understanding the behavior of specific searchers: we could see
one couple struggle to agree on a house, and learn they disagree about living near
a set of in-laws. While some of these environmental features may be apparent from
analyzing system use alone, discerning other features will require additional research

activities to contextualize system use.
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Finally, ESS hypothesizes that social search tools can impact their embedding
environment. Our users have the goal of finding a house that fits their budget, has a
good location and satisfies various other requirements. Assume that we as researchers
have an ulterior motive: encouraging them to select a ‘green’ eco-friendly house.
Perhaps our tool gives homes a ‘green rating’ which guides eco-conscious buyers.
Perhaps we learn that our set of home buyers is not eco-conscious and our tool aims
to change this by presenting information about the carbon footprint of each home.
We could also look to make real estate agents prefer selling green homes: perhaps
by creating more eco-friendly agents, perhaps by highlighting that green homes have
higher margins. Our project may even find it worthwhile to connect home seekers
with eco-conscious friends. If these relationships are strong enough (or we can create
and strengthen them), home seekers may be pressured or persuaded into a green
home.

I used a collaborative search tool as my example to match the system I devel-
oped with EPHI, but ESS could also apply to passive social search. Consider the
tagging systems discussed by Bao et al. and Yanbe et al., which adjust search results
based on queries or tags from ‘similar’ users [7, 109]. Are there other factors beside
search queries —environmental features like demographics, for example —that could
be used to group similar users? ESS is also relevant to systems combining active
and passive components like Morris et al’s. ‘groupization’, which effectively brings
similar-query-adjusted search results to smaller collaborative groups [74]. The envi-
ronment could affect our groupization-based social search tool: perhaps one searcher
is more experienced and their results should make a larger contribution to the results-
adjustment. Our tool could impact the environment: perchance a team at work has
unequal power relationships, but per our groupization algorithm everyone contributes
equally. Finally, the environment may reveal itself in our tool’s use. Maybe a search

tool offers groupization and non-groupization tools to middle school students, and
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the groupization results are abandoned when sets of friends have a fight. This in turn
could feed back into a redesigned tool allowing re-grouping on the fly.

These hypothetical findings and design decisions are meant to illustrate several
tenets of ESS. First, ESS-driven findings may or may not be closely related to actual
information seeking or search. Second, findings may or may not be related to social
factors like human relationships. Third, it is critical to consider the socio-professional

environment throughout a social search research project.
2.4.2 Roles and Asymmetry in Search

Asymmetry, an unusual characteristic for collaborative search tools, is important for
my work. In contrast to symmetric designs where all users share the same capabil-
ities, asymmetric tools creates different classes of users [73]. Asymmetry is a novel
topic for collaborative search researchers, and there aren’t a great deal of examples
available. Pickens et al. provide a clear-cut instance of asymmetry, describing a sys-
tem in which a ‘prospector’ gathers new information resources and a ‘miner’ does
in-depth exploration [80]. This system creates entirely different classes of users (not
just different capabilities shared by all users) that govern collaboration.

An ESS-approach to understanding and designing a collaborative search tool, es-
pecially for OHS, will likely emphasize asymmetry. When introducing ESS, I stressed
the need to understand interactions between system roles and socio-professional rela-
tionships. In a heterogenous environment (like health) asymmetry may be necessary
for a search tool to properly support a diverse set of users. As Morris & Morris have
noted, a collaborative search tool looking to connect different roles in healthcare will
almost unavoidably be asymmetric [72]. A doctor and patient may have different
backgrounds, expertise, motivations, goals and subgoals even when they both intend
to safeguard the patient’s health. Huge differences are possible even within broad

categories like provider and patient. These differences logically lead to asymmetry;
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an added complexity and new research direction.

Interplay between social and system roles has long been a core topic in the
Computer-Supported Collaborative Work (CSCW) community. Users may negoti-
ate roles, but roles may also be embedded in a system [50]. Distribution of labor may
also reflect the balance of power between collaborators. Kling discusses “c-words”
like cooperation, coercion and control to remind us that collaborative systems can
serve to connect partners, but can also act as means of encoding and enforcing chosen
modes of work [54]. Consider the following health-related example. Bjorn & Balka
describe a carefully designed system for triaging that nonetheless failed in practice
[11]. It seems the system was designed by doctors, encoding beliefs about how triage
should proceed: objectively, standardized, and largely context free. This structure
did not match with the actual work practices of triaging nurses, and the resulting
complaints and slowdowns led to the end of what was once a mandatory system.

Asymmetry is a likely design characteristic that should be handled with care. A
divergent design could help different sets of users connect in a natural way. However,
any design’s vision for user roles and relationships represents a statement about how
the users ‘should’ view one another. What seems like an actual or even ideal rela-
tionship from one role’s point of view may be challenging or even abusive for other
collaborators. A mismatched design could also be abandoned by users as in Bjgrn
& Balka’s example. My work must carefully consider which viewpoints it embeds,
especially in an environment like health where there are stark divides and strongly

held opinions about the appropriate relationships among actors.
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CHAPTER II1

UNDERSTANDING OHS AT THE EPHI

In this chapter I introduce the Emory Predictive Health Institute (EPHI), the field
site for all of the work presented in this dissertation. I also discuss a series of formative
studies at the EPHI including focus groups, shadowing and interviewing with the two
primary roles at EPHI; health professional advisors and their clients. I found EPHI
to be a complex environment where advisors strive to connect with, support and
empower their clients, and where online resources play an important role.

This work helps answer RQ-OHS-1, which asks how non-traditional healthcare
facilitators employ OHS in their work. It also sets the stage for my following studies,

guiding the design of my intervention and helping me understand its results.

3.1 Field Site: The Emory Predictive Health Institute

All of the research activities I discuss in this document have been in collaboration with
the EPHI (also “the center”). The EPHI is a joint research project between Emory
and Georgia Tech, homed at and led by Emory. The EPHI runs a unique system of
‘predictive’ health assessments, creating an ongoing medical history of participants
which is made available to researchers. Until August 2013, the EPHI conducted these
assessments and patient visits at the Center for Health Discovery and Well Being
(CHDWB) . At the CHDWB, EPHI participants worked with a ‘Health Partner’ to
conduct their assessment, amongst other activities. For simplicity, I refer only to the

EPHI rather than making a distinction between ‘the EPHI” and ‘the CHDWB’. T will

'The effects of this change on my study and my results will be discussed at length throughout
my dissertation. The EPHI still conducts assessments. However, no Health Partners or any other
assistance/support is offered to clients
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also refer to EPHI Health Partners as ‘advisors’ and EPHI Participants as ‘clients’,
as this captures the nature of their relationship better than terms like patient or
provider.

Every 6 months to a year, EPHI clients undergo an extensive array of medical
tests called ‘the assessment’. These tests include blood work, bone, muscle and artery
scans, psychological surveys and more. Clients go over their thick binder of results
with their personal health advisor following each assessment. Advisors help their
clients establish an action plan in response to their results, and manage their health
through follow-ups (from weekly to monthly at the client’s choice) over email and
phone. Advisors come from a variety of health-related backgrounds including dieti-
tians and personal trainers, but are not medical doctors or nurses and are prohibited
from giving prescriptive advice or medical treatment.

While EPHI’s particular system of assessments is unique, their emphasis on patient-
centered, participatory care is not. The Institute of Medicine has identified PCC as a
core goal for the future of the health system, and patient-centered units are in various

stages of deployment across the United States 2.
3.1.1 EPHI Demographics

EPHI operates as a research center serving 763 clients (of which 465 are ‘active’ or
engaged with a health advisor), mostly employees of the university that houses the
center. Some clients are health professionals or administrators. Clients are 34.1%
male, with an average age of 52.4. The center’s racial makeup is 70.5% white, 22.4%
African American and 4.7% Asian. Clients have a high average income, with 85.5%
making at least $75k per year. Education levels are also high: 56% have attended
graduate school. Outside of this group a further 39.5% of clients have at least one

year of college, meaning a total of 95.5% have at least attended college.

http:/ /www.ipfcc.org/profiles/index.html
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As covered in my Related Work section, some of these characteristics (female
gender, income) are correlated with OHS, while others (middle age) are less so. Given
that OHS has dramatically increased alongside Internet use and given the massive
number of health seekers overall, I feel the EPHI is still a useful sample despite its skew
towards highly educated and wealthy clients. Still, other health seekers with fewer
socio-economic resources may face barriers not encountered by most EPHI clients,

and further work with these groups would be valuable.

3.2 Formative Work: Understanding OHS at EPHI

I conducted a series of formative studies at the EPHI to investigate how clients and
advisors work with one another, especially around OHS. Besides using EPHI’s advi-
sors as an example datapoint for RQ-OHS-1, the material I discuss in this section

is foundational to my system’s design.
3.2.1 Methodology

I conducted three formative studies: a focus group with the center’s advisors, shad-
owing of 6 advisor - client consultations at the center, and two focus groups with
clients. By talking to both EPHI advisors and clients and observing them in action, I
have developed a more nuanced understanding of the center than a single interview or
tour could provide. The themes and details covered here are contrasted with existing
research on OHS and patient-provider communication.

I report and discuss the results of each formative study one at 