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ABSTRACT
Background
The combination of rapid technological innovation, high smartphone
penetrance, and new viewpoints regarding population health poses a large opportunity
for mobile health (mHealth) applications and devices to improve healthcare delivery.
There is a substantial lack of understanding, however, of how consumers interact with
these devices and what features of them most motivate long-term user engagement
with self-monitoring. In order for mHealth devices to positively and sustainably
improve healthcare, understanding users and designing devices around user
preferences is critical.

Objective
The principal objective of this study is to uncover the features of selfquantification systems that users find most important in promoting their engagement
with them and motivating them change their behavior towards sustained informed
decision making.
Methods
A mixed-methods approach was planned and executed, including a literature
review to scrutinize interventional studies utilizing SQS and identify and categorize
what SQS characteristics study subjects felt most promoted their self-monitoring
behavior (Mechanisms Promoting Long-Term Self-Monitoring, MPLTSM); a novel
user survey to quantitatively assess the generalizability and relevance of these

MPLTSM; and semi-structured “expert” interviews to qualitatively substantiate and
complement survey results. Results from the user survey and expert interviews were
used to inform the list of MPLTSM and ultimately characterize what MPLTSM were
most felt to be important.
Results
The literature review yielded six preliminary categories of MPLTSM: Data,
Use, Goal Setting and Feedback, Behavioral-Health Link, Socialness, and Smartness,
as described in the text. Based on user survey results and expert interviews,
preliminary MPLTSM were refined in order to identify five Essential Affordances of
Self-Quantification Systems (“EA-SQS”) that all SQS should enable in order to
maximize user engagement with self-monitoring and sustained informed decision
making: Data, Use, Smartness, Health Consciousness, and Sharing with Healthcare
Providers.

Conclusion
Knowledge of EA-SQS can help inform decision-making by investigators,
physicians, and leaders of the HIT companies who manufacture and market these
systems. Their tailoring of how these devices are studied, prescribed, or designed may
motivate not only healthy users, but also sicker patients, to be more active participants
in monitoring their own health. We see this actionable insight into wearable device use
as a key component in transitioning self-quantification from a recreational hobby for

healthy people to a clinical tool that benefits patients as well as the providers who treat
them.
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CHAPTER 1
INTRODUCTION

A current relevant topic in health research is patient-generated health data
(PGHD). This is defined as health-related data created, recorded, and gathered by or
from individuals in order to address a particular health concern. They include, but are
not limited to health history, treatment history, biometric data, symptoms, and lifestyle
choices [1].
The rapid developments in mobile technology have transformed the way
individuals are able to self-track their own lifestyle metrics and aggregate PGHD [2].
In addition, there has been a proliferation of mobile phone ownership that has
paralleled increases both in public health interest and in expectations of the
individuals’ role in managing his or her own care [3]. The combination of rapid
technological innovation, high smartphone penetrance, and new viewpoints regarding
population health poses a large opportunity for mobile health (mHealth) applications
and devices, commonly referred to collectively as “self-quantification systems” (SQS).
Much discussion is now being had to determine how the abundance of PGHD
emanating from mHealth technology could be harnessed to improve healthcare
delivery.
There are many potential downstream benefits to SQS use, including more
personalized and convenient medical care, but it still remains a recreational hobby
rather than a critical health behavior for many people. In other words, there is a
1

substantial gap between recording information and changing behavior [4]. One of the
first steps in bridging this gap is for mHealth technology companies to make their
products more interesting and useful to consumers. For these devices to be effectively
optimized, however, knowledge of current consumer behavior with them must be
studied.
What features of SQS do users find most important in promoting their
engagement with them and motivating them to long-term informed decision making?
The aim of this study is to discover these features, and pave the way for more
substantial research that could lead to more widespread clinical use of SQS for the
improvement and personalization of healthcare delivery in the future.
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CHAPTER 2
BACKGROUND

Patient- Generated Health Data
Collection and aggregation of PGHD has become more and more
commonplace with the proliferation of mobile health (mHealth) applications (apps)
and monitoring devices. Devices, and their associated software applications, come in
all shapes and sizes and are manufactured by different companies. They generally fall
into five categories: standalone systems, hybrid systems, smartphone-based systems,
web-based systems, and fixed systems [5].

Types of Self-Quantification Systems
Standalone systems are those in which data collection, analysis, and
visualization all happen on the device itself. In hybrid systems, the data-collecting
device is separate from the data visualization device, which is typically a smartphone
or computer.
A hybrid device is paired with a software application that allows the user to
synchronize (sync) data and view it on the smartphone or computer screen.
Smartphone-based systems are systems where the data collection, analysis, and
visualization all happen on the smartphone itself. They often utilize the smartphone’s
accelerometer and have an app allowing for data visualization. A good present-day
example of this is the Apple Health app.
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The fourth category is comprised of web-based systems, which are computer
or smartphone interfaces that allow users to manually input data themselves, but does
not collect data automatically. Many of these systems have found use in the fields of
sleep medicine, psychiatry, and nutrition.
Finally, fixed systems are monitoring systems that are fixed in one place, such
as in the user’s home, and can collect environmental data as well as data about the
user’s behavior [4]. All these systems can be collectively referred to as selfquantification systems (SQS), or tools for capturing and analyzing personal data
according to the objectives of the individual user [6].

Prospective Benefits to SQS Use
The rise in smartphones, wearable devices, and public interest in health have
led to much thought as to how the abundance of data being gathered from SQS could
become useful to regular users and healthcare providers in taking care of their patients.
As one may imagine, there are many potential benefits to having consumers’ selfcollected data synchronize with their electronic health record (EHR), thereby allowing
their physician to incorporate it into their workflow and care plan.
With the wide range of devices and apps available today, health metrics that
previously could only be measured with tests in a clinic or physician’s office can now
be done minimally invasively and continuously in the privacy of one’s own home. For
this reason, these systems could be cheaper and more comfortable treatments than
usual care for chronic conditions. The “Quantified Self” (QS) movement, which is
popular among healthy users and chronic disease sufferers alike, could thus play a
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large downstream role in precision and preventative medicine, and reduce unnecessary
patient visits and/or hospital admissions [5] [6]. Collecting information directly from
patients in this way is an important opportunity to promote self-care [7].
Challenges
These potential benefits are not without their challenges. Since individual
companies develop, market, and sell devices, the algorithms used in collecting and
analyzing measurements are protected intellectual property. This makes it difficult to
verify measurement validity, and adds to what has been perceived in other studies as
providers’ lack of confidence in the accuracy of the data collected [8]. Lack of
transparency here also inhibits data standardization, which makes it difficult for largescale integration into EHRs [9]. In addition, there is a lack of an ontology system to
define SQS data. Even if these manufacturers were transparent, there needs to be a
terminology or standard to describe this data and related reference ranges.
Independent of these technical challenges, there are specific challenges both
for providers and patients. For providers, access to even more patient data presents the
challenge of “information overload.” Systems would have to be developed to filter out
only the most important data, and have this presented to the clinician. There is also the
issue of liability; with an abundance of information made available to the clinician,
this increases the opportunity for an abnormal metric to be missed [10]. This may put
the patient at harm and the provider at legal risk.
For the patient, technical and financial challenges are also present. Using these
devices and their associated applications requires both training in device use as well as
the technical savvy to download applications, set permissions, and troubleshoot
5

problems. They must also have the financial wherewithal to purchase the devices,
which can range in price from $50 to over $200. Some patient groups, especially those
with chronic diseases, may view self-tracking as a burden that constantly reminds
them of their poor health status [11]. Finally, as is the case with any protected health
information (PHI) collected using mobile devices and stored “in the cloud,” the issue
of privacy remains a big hurdle.

Past Work
Despite the persistent challenges in the field, the rise of these devices gives
people an opportunity to begin to be in better control of their own health. The research
community has especially seen this opportunity, and PGHD-related observational
studies are becoming more and more prevalent. Studies so far have classified and
described the systems available today for self-sensing and self-quantification in
several SQS categories [5], [6], [10], [12]- [14]; analyzed mobile app use and efficacy
in specific diseases, such as chronic pain management, diabetes, stroke, and cancer
[15]- [21]; and described the architecture of data generated by mobile apps, discussed
their potential for integration into EHRs, and suggested potential frameworks for
solving interoperability and security issues [22]- [24].
Other groups have taken a different approach and have delved into theories of
human behavior that surround SQS use and PGHD collection. One of these is the
Health Information Technology Acceptance Model (HITAM), which has been
proposed as a model to describe the health consumers’ attitude, behavioral intention,
and behavior of utilizing SQS [25]. HITAM describes health consumers’ attitude and
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behavioral intention as stemming from a combination of perceived threat of behavior
to health status, perceived usefulness of health information technology (HIT) tools,
and perceived ease of use.
In addition, a framework for self-experimentation in personalized health has
been proposed to explain human behavior with SQS [26]. In brief, this framework
stipulates that traditional self-tracking methods, such as SQS, can be used to generate
hypothesis and test their validity. Individuals can subsequently use these findings to
target the most appropriate health behavior change to address their needs.

The Limitations of Past Studies
There are many encouraging signs that SQS data could become clinically
useful in the next few years, but more work still needs to be done to close the notable
knowledge gap that exists. First, most studies thus far have been observational and
have classified these systems and analyzed their effectiveness in disease management.
Although some have defined usability as a factor in their “effectiveness”, ease-of-use
on the prescribing medical provider side and technical capabilities have been the
primary foci. Analysis of these systems from the user’s perspective in an
interventional setting is therefore lacking. Second, since wearable health sensors
(“wearables”) are newer entrants to the SQS group, they have hardly been studied.
In other words, a void exists between identification of the types of wearable
devices available for self-quantification and analysis of the characteristics and
affordances that appeal most to the millions of people using them. Many wearables are
available today, but what features have led some to be more popular than others? What
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features are most important in motivating user engagement with these devices and
initiating behavioral change? How can these devices be used and/or designed to
motivate people to be in better control of their own health?

Significance of This Study
The significance in this study lies in its aim to collect original data to answer
these questions, uncovering the features and affordances of wearable devices most
important in motivating user engagement and instigating people to both collect data
and adjust their behavior accordingly.

Implications
Knowledge of key affordances could help inform decision-making by
investigators, physicians, and leaders of the HIT companies who manufacture and
market these systems. Their tailoring of how these devices are studied, prescribed, or
designed may motivate not only healthy users, but also sicker patients, to be more
active participants in monitoring their own health.
With wider use of these devices, more of the challenges facing incorporation of
patient-generated health data into EHRs can begin to be addressed and solved.
Obtaining actionable insight into wearable device use is thus a key component in
transitioning self-quantification from a recreational hobby for healthy people to a
clinical tool that benefits patients as well as the providers who treat them.
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CHAPTER 3
STUDY METHODS

Overview
The primary objective of this study is to identify features of quantification
systems that most contribute to user engagement with these devices and most motivate
users to change their health behavior and take part in sustained informed decisionmaking. To do this, a mixed-methods approach was planned and carried out.
First, a thorough literature review was performed to identify existing
interventional studies utilizing SQS. From these studies, the elements of the
interventions used that subjects defined as important in their adhering to their task of
self-monitoring and to the study were characterized.
Second, the generalizability of these elements to the general user population
was tested using a novel survey tool (See Appendix).
Third, interviews with various subject matter experts were conducted to
substantiate survey results, further analyze them, and obtain new viewpoints regarding
the present and future of SQS and self-monitoring in healthcare. New insights
gathered from interviews were expected, and will also be presented. Results from the
latter two portions of the study were then used to refine the findings from the literature
review, yielding a list of final “Essential Affordances of SQS.” All three study aspects
will be presented sequentially in this chapter. Figure 1 depicts a study flow diagram.
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Figure 1: Mixed-Methods Study Flow Diagram

IRB Exemption Status
This study (protocol number 1603017132) was determined to meet exemption
requirements of the United States Health and Human Services 45 CFR 46.404(b) by
the Weill Cornell Medicine Institutional Review Board on May 17, 2016.

Literature Review

Literature Search Strategy
The following databases were searched through the first week of June 2016:
PubMed, Embase, Web of Science, Google Scholar, and PsycInfo. A search term was
developed for use in all databases, and consisted of two main parts: a behavior (selftrack* OR self-monitor* OR self-quant* OR life-log* OR “quantified self”) and a tool
or purpose for data collection (apps OR smartphone* OR mobile OR wear* OR
sensor* OR device* OR iphone OR health OR m-health OR “digital health” OR
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ehealth OR e-health). Results were limited to studies that were journal articles or
conference papers, and were clinical trials, comparative studies, or case reports.
Results were further limited to studies published between 2007, when the modern
technology-based Quantified Self movement began [27], and the present. Only human
studies were searched for, and in the case of Pubmed, a MeSH term, “Humans,” was
utilized. No language limit was imposed on the search, although the vast majority of
results were English language papers. Both the author and his mentor individually
developed a search term before agreeing upon the final term used above.
Study Selection Criteria
After searching in each database, titles were scanned for relevance. If
necessary, abstracts and discussion sections of these papers were also scanned. The
author and his mentor did this process in parallel; each author searched separately and
arrived at a “semifinal” study selection. The final selection of papers was determined
after thorough discussion of each full-text semifinal study. In the case of ambiguity or
disagreement between the authors, the study was removed from consideration.
Studies were eliminated if they dealt with healthcare provider implementation
of a device, since we were interested in studies that involved subjects adhering to
device use on their own without a mandate or recommendation from their provider.
Device data quality and validity studies were also excluded, as this was not the
purpose of our study. Papers that failed to mention long-term subject engagement or
adherence to an intervention or did not describe subjects’ opinions of the intervention
were also eliminated, as were studies in which no device or web-based SQS was used.

11

Lastly, all reviews and non-interventional studies were excluded. The remaining
articles that were deemed relevant were thoroughly examined for eligibility in our
study. A final study selection flow diagram can be seen in Figure 2 below.

Figure 2: Literature Review Final Study Selection Flow Diagram

Data Analysis
Each study was thoroughly read. Characteristics of each study were noted,
including author, title, date, country of origin, study design, number of subjects, study
duration, and study outcome. Using inductive methods, all directly-documented,
subject-identified elements of SQS that promoted adherence to the intervention used in
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the study were highlighted and listed. These were features of the intervention that the
subjects felt promoted their adherence to the study, and were termed “Mechanisms
Promoting Long-Term Self-Monitoring” (MPLTSM). Deductive methods were
subsequently used on the full list of MPLTSM. MPLTSM were classified by theme
and combined into broader categories by both investigators. Grounded theory was
used for developing themes; they were iterated upon as data was analyzed and
therefore not-preconceived by the author.
User Survey
Development of A Novel Survey Tool
In order to test the generalizability and relevance of the MPLTSM, a novel
survey tool was developed using SurveyMonkey [28]. The survey was 57 questions
long and required approximately ten minutes per user to complete. The tool was
composed of binary response questions, 5- and 7-point Likert scale questions, ranking
questions, and open-response questions. When feasible, questions were reverse-coded
to minimize response bias. The survey was designed to ask users’ sex, age, marital
status, highest education level achieved, race/ethnicity, the type of SQS they used, the
length of time they had been using the SQS, and their general purposes for selftracking. Subsequent questions asked users about specific MPLTSM and whether they
felt they were important to their using the device. The complete survey tool can be
found in the Appendix.
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User Recruitment
Once the survey was developed, a shareable survey link was distributed on
social media via multiple Facebook, Twitter, LinkedIn, and Scoop-IT accounts. Text
used for social media recruitment can be found in the Appendix. The only inclusion
criteria required were that respondents be over the age of 18 and be current users of at
least one SQS in the form of a wearable health device or smartphone app for health
data logging. There were no explicit exclusion criteria. Users who met the
aforementioned eligibility criteria were made aware before beginning the survey that
participation was voluntary and they would not be asked for personally identifying
information or PHI.
Data Analysis
Survey results were downloaded question-by-question in Microsoft Excel
format.
Descriptive statistics were computed using R [29] to determine the
composition of the respondent pool as it pertained to respondents’ sex, age,
race/ethnicity, relationship status, highest education level completed, brand of SQS
used, and how long the SQS was owned/used.
MPLTSM-specific questions were then analyzed individually. For questions
with binary responses, frequency of responses was calculated. Responses for 5-and 7point Likert scale questions and ranking questions were weighted based on the coding
scheme indicated for each question. Average response values were computed are
shown. Open-ended responses were recoded for syntactic consistency so that
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percentages could be calculated. These descriptive figures were created using
Microsoft Excel. The overall relative importance among the study population for
various MPLTSM was thus obtained.

Expert Interviews
Development of a Semi-Structured Interview Tool
In parallel with survey distribution, semi-structured interviews with various
subject matter experts were conducted in order to garner viewpoints about the
trajectory of mHealth and to evaluate the relevance of MPLTSM extracted from the
literature review study sample. Were the MPLTSM identified in the literature review
widely believed to be important to the present and future of SQS? It was expected that
themes pertaining to previously identified MPLTSM as well as new themes would be
identified.
Semi-structured interviews were performed with 10 individuals who were either
general users, healthcare providers, computer scientists, or health researchers. The
author wished to include at least two individuals from each group, and idea saturation
was reached at this stage. This aspect of the study sought to obtain richer qualitative
data than what was obtainable through the use of a survey tool, and also to substantiate
survey results. In order to guide the discussion, a semi-structured interview guide was
developed (The full tool can be found in the Appendix). Generally, it structured the
conversations as follows:
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•

The author gave his background and an overview of the study, with rationale
for speaking with the particular individual.

•

What is the individual’s role and background?

•

What are the individual’s general opinions surrounding mHealth and PGHD
gathered from mobile devices?

•

What are the current challenges, from the perspective of a
user/provider/computer scientist/researcher?

•

What is the individual’s outlook on the mHealth field in the coming years?

•

What do mHealth manufacturers need to focus on in order to make this
outlook a reality?

User Recruitment
The author recruited volunteers who he felt would give an unbiased view of
mHealth technology from the perspective of their professional fields. These
individuals included friends, family, and colleagues of the author or his research
mentor. Participants need not have filled out the online survey to participate, nor were
they required to be SQS users themselves. They were required to have familiarity with
SQS and mHealth and to have some foundational knowledge about their relevance to
their respective fields. Participants were recruited via email (See Appendix for
recruitment text), and interviews were performed either in person or by telephone
depending on subject availability. Five interviews were recorded and transcribed by
the author. The remaining five interviewees wished to not be recorded, so in these
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cases, notes were taken by the author and transcribed shortly thereafter. Should a
subject have expertise in multiple areas included in this study, they were effectively
“interviewed twice” to categorize the viewpoints given.
In order to ensure that the relationship to the investigator did not pose undue
influence on participants to take part in the study, it was made explicitly clear to them
that participation was completely voluntary and should they have any qualms about
participating (either due to personal reasons or general unwillingness to take part),
they should not feel pressured to do so and declining their participation will not affect
their standing in any way.
Data Analysis
Grounded theory [30] was used to analyze results from the semi-structured
interviews. Grounded theory is an iterative process that uses informants’ own words to
guide the interpretation of the results. It allows both the validation of existing themes
(i.e. MPLTSM) and the development of new ones [31]. Transcribed text was subjected
to an open, or descriptive, coding process, wherein themes were identified and
portions from the interviews were attached to corresponding thematic codes. Codes
were hierarchically arranged into broad themes and subthemes. QSR NVivo 11
(Cambridge, MA) was used to create and manage thematic codes. At the conclusion of
data collection and analysis, the author presented findings to his mentor and each
finding was discussed. Adjustments to both the codes and their hierarchical
arrangement were made in the event of disagreement between the two investigators.
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CHAPTER 4
RESULTS

Literature Review

Overview of Literature Search Results

1,925 search results were obtained after term optimization across the five
databases. After titles and abstracts were screened, 1,894 papers were removed for not
being relevant to our study, as described above. The remaining 31 papers were
thoroughly read and further eligibility. Eleven of these 31 studies were revealed to be
observational studies or reviews, and were thus removed from consideration. A study
selection flow diagram is shown above in Figure 1.

Characteristics of the Final Study Sample

Composing the final paper selection were 20 studies: randomized controlled
trials (40%), single-arm prospective cohort studies (30%), secondary analyses of
randomized controlled trials (15%), controlled studies (5%), and pre-post studies (5%)
spanning seven countries (the United States, the United Kingdom, Australia, Poland,
China, Belgium, and New Zealand) [32] – [51]. All but four (Lewis et al. 2008,
Raedeke et al. 2010, Burke et al. 2011, and Lyles et al. 2011) were published between
2013 and the present. The 20 studies utilized either smartphone or web-based SQS
18

interventions in trying to promote weight loss by increasing physical activity (55%),
manage chronic disease (35%), or discover user attitudes toward the intervention
(10%). Studies involving chronic disease management dealt with type I or type II
diabetes mellitus (57%), depression or other mental illness (29%), or HIV (14%). With
the exception of three studies (Raedeke et al., Swendeman et al., and van Hoye et al.),
all took place over time periods greater than 6 weeks and lasted up to 24 months. A
summary of study characteristics can be seen in Table 1.
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Title

Date

Origin

Study Design

210

N

24 months*

Study
Duration

Study outcome

6 months

Secondary
Analysis of a RCT

210

USA

RCT

2015

USA

The Use of mHealth to Deliver Tailored
Messages Reduces Reported Energy and
Fat Intake

2011

In self-monitoring dietary
intake, the study group
receiving daily tailored
feedback messages to
target energy and fat intake
may play an important role
in reducing energy and fat
intake.

(cont.) Table 1: Summary of intervention studies using SQS and Mechanisms Promoting Long-Term Self-Monitoring.
Author

Ambeba et al.

Burke et al.

The Effect of Electronic SelfMonitoring on Weight Loss and Dietary
Intake: A Randomized Behavioral
Weight Loss Trial

The study group using a
personal digital assistant
(PDA) with dietary and
exercise software reported
higher self-monitoring
adherence and weight loss
than groups selfmonitoring with paper
diaries + tailored feedback
and group self-monitoring
on paper without feedback.

Tailored feedback to self-monitoring
entries is important in reinforcing
motivation for behavior change;
however, feedback needs to be
unique and refreshed over a time
period to avoid people becoming
desensitized to feedback messages
and reversing their progress.

Mechanisms Promoting LongTerm Self-Monitoring

Tailored feedback to self-monitoring
entries in real-time and on a daily
basis is important in reinforcing
motivation for behavior change.
Feedback serves both as an
“individual compass” pointing
toward personal goals but also
allows a “supervisor” to see
performance relative to personal
goals.
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Title

Date

Australia

Origin

Poland

2014

2013

Effectiveness of a Web-and Mobile
Phone-Based Intervention to Promote
Physical Activity and Healthy Eating in
Middle-Aged Males: Randomized
Controll trial of the ManUp Study

Single-arm
Prospective/ Pilot
Feasibility study

RCT

Study Design

40

301

N

(cont.) Table 1: Summary of intervention studies using SQS and Mechanisms Promoting Long-Term Self-Monitoring.
Author

Duncan et al.

GlowinskaOlszewska et al.

Monthly use of a real-time continouous
glucose monitoring system as an
educational and motivation tool for
poorly controlled type 1 diabetes
adolescents

Study
Duration
9 months

1 month

Study outcome

Ability to obtain personalized
information and feedback on
progress; Easy accessibility to data;
Acceptable mobile functionality; A
Challenges feature to keep it
interesting; Accord between users’
expectations of the technology and
its reality

Mechanisms Promoting LongTerm Self-Monitoring

Allows for more patient-friendly,
effective management of a chronic
disease, if the patients can handle
costs involved with device use (in
the case of device not being
reimbursed) and they have the
technical know-how and desire to
use the systems for their purpose
and potential.

The study’s focus on
middle-aged males’ dietary
and physical activity
behaviors showed that
these behaviors improved
when subjects received
personalized information
and feedback on their
progress.

Use of a real-time
continuous glucose
monitoring system coupled
with a positive satisfaction
questionnaire in teenagers
with poorly controlled
Type I diabetes enabled
better glycemic control and
potentially identifies a
group that could benefit
from long-term device use.
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Title

Date

USA

Origin

UK

2013

2013

Exploring Behavioral Markers of LongTerm Physical Activity Maintenance: A
Case Study of System Identification
Modeling Within a Behavioral
Intervention

Single-arm
Prospective/ Pilot
Feasibility study

RCT

Study Design

406

58

N

(cont.) Table 1: Summary of intervention studies using SQS and Mechanisms Promoting Long-Term Self-Monitoring.
Author

Hekler et al.

Hunter et al.

Physical Activity Loyalty Cards for
Behavioral Change: A QuasiExperimental Study

Study
Duration
4 months

6 months

Study outcome

Promote outdoor rather than indoor
exercise activity; Features such as
weather forecast integration to allow
for effective planning of outdoor
exercise.

Mechanisms Promoting LongTerm Self-Monitoring

Real-time feedback available online;
Rewards DO NOT promote longterm use

A group-based, peerdelivered physical activity
intervention showed in part
that maintainers who selfmonitored and exercised
outdoors showed improved
moderate to vigorous
physical activity habits.

Real time feedback
available online and
rewards/financial
incentives promote
initiation of intervention
use, but DO NOT lead to
increased physical activity
in the study participants or
intervention use in the long
term.
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Title

2015

Date

2014

Integrating Technology into Cognitive
Behavior Therapy for Adolescent
Depression: A Pilot Study

Effectiveness of a smartphone
application for weight loss compared to
usual care in overweight primary care
patients: a randomized controlled trial

2008

Origin

Study Design

N

3 months

Study
Duration

Study outcome

Mechanisms Promoting LongTerm Self-Monitoring

Motivates users to log calories in the
long-term

Allows for more patient-friendly,
effective management of a chronic
disease; Ability to communicate
with provider and receive feedback;
Improves patient education by
linking patient to an online
knowledge base.

6 months

72

212

163

[Dietary logging]
smartphone apps for
weight loss may be useful
for individuals ready to
self-monitor calories, but
significant weight change
is unlikely in unmotivated
individuals.

USA

RCT

RCT

Personalized feedback and tips;
Ability to log data and set goals

Single-arm
Prospective/ Pilot
Feasibility study

USA

USA

12 months

A cognitive behavioral
therapy intervention
increased knowledge of
depression and decreased
depression. Use of the
intervention was met with
high subject satisfaction a
strong “therapeutic
alliance” between provider
and patient.

(cont.) Table 1: Summary of intervention studies using SQS and Mechanisms Promoting Long-Term Self-Monitoring.
Author

Kobak et al.

Laing et al.

Lewis et al.

User Attitudes towards Physical
Activity Websites in a Randomized
Control Trial

The group receiving the
“tailored internet”
intervention showed higher
adherence to the study than
those receiving the
“standard internet”
intervention.
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Title

2011

Date

2015

Qualitative Evaluation of a Mobile
Phone and Web-Based Collaborative
Care Intervention for Patients with Type
2 Diabetes

Investigating the effect of a 3-month
workplace-based pedometer-driven
walking programme on health-related
quality of life in meat processing
workers: a feasibility study within a
randomized controlled trial

2015

Origin

Study Design

N

3 months

Study
Duration

Study outcome

Ability to collaborate with provider
(NP) wirelessly; Receiving real-time
feedback; Educational resources to
increase health awareness; Technical
stability to minimize user
frustrations

Mechanisms Promoting LongTerm Self-Monitoring

6 months

Goal Setting; Self-monitoring
capability; Personalized weekly
support messages

8

58

A pedometer-driven
walking intervention in
combination with goalsetting, and self-monitoring
promoted by weekly emails are feasible and
potentially effective in
increasing step count.

USA

RCT

10

4 months

Single-arm
Prospective/ Pilot
Feasibility study

New Zealand

USA

Single-arm
Prospective/ Pilot
Feasibility study

Easy to use for self-monitoring;
Motivational; Allows for simple
goal-setting; Social connectivity and
friendly competition; Sleek and non“clunky” design; Affordable

Participants favorably
viewed the wireless system
for collaborating with their
provider on uploaded
glucose readings and
receiving automatic
feedback on blood sugar
trends. Participation in the
trial also increased
subjects’ health awareness.

(cont.) Table 1: Summary of intervention studies using SQS and Mechanisms Promoting Long-Term Self-Monitoring.
Author

Lyles et al.

Mansi et al.

Naslund et al.

Feasibility of Popular m-Health
Technologies for Activity Tracking
Among Individuals with Serious Mental
Illness

Using popular mobile
health technologies for
tracking in overweight or
obese individuals with
serious mental illness was
feasible and highly
acceptable among study
subjects.
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Title

Date

Origin

Study Design

N

12 months*

Study
Duration

Study outcome

6 months

43

14

Secondary
Analysis of a RCT

Pre-post

UK

USA

2014

2014

Numbers are not the whole story: a
qualitative exploration of barriers and
facilitators to increased physical activity
in a primary care based walking
intervention

How Do Mobile Phone Diabetes
Programs Drive Behavior Change?

Indicated several
behavioral change
techniques (BCTs) that
treatment planners can
utilize in future studies,
and supported primary care
as an appropriate setting
for this type of
intervention.

(cont.) Table 1: Summary of intervention studies using SQS and Mechanisms Promoting Long-Term Self-Monitoring.
Author

Normansell et al.

Nundy et al.

Intervention was associated
with improvements in
chronic disease selfmanagement and care.
Behaviorally driven mobile
health interventions can
address multiple behavioral
pathways associated with
sustained behavior change

Provides valid data; Facilitates
spending time outside and positive
changes in schedule that include
more physical activity; Social
connectivity and sharing data with
others for support; Behavior-Health
Link, Prompts self-monitoring and
goal-setting; Feedback; Provides tips
to increase health and instruction on
how to behave in a healthy way

Mechanisms Promoting LongTerm Self-Monitoring

Provides resources to enable user to
increase their knowledge about their
chronic disease and methods of
effective self-care
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Date

Origin

Study Design

N

Study
Duration

Study outcome

Mechanisms Promoting LongTerm Self-Monitoring

Title

Automatic data capture; Provides
chronic disease educational
resources; Simple data visualization
capabilities

3 months

6 weeks

63

117

RCT

Controlled Study

Feedback on personal goals;
Behavior-health link; Provides
health education and healthy
behavior instruction

China

USA

164

A cognitive behavior
intervention combined with
the use of a pedometer
results in more favorable
increases in step counts
and self-efficacy than
simple self-monitoring
with a pedometer.

2016

2010

UK

7 months

A 3-month Randomized Controlled
Pilot Trial of a Patient-Centered,
Computer-Based Self-Monitoring
System for the Care of Type 2 Diabetes
Mellitus and Hypertension

The Impact of a Student-Led Pedometer
Intervention Incorporating CognitiveNehavioral Strategies on Step Count
and Self-Efficacy

2014

Single-arm
Prospective/ Pilot
Feasibility study

Enables easier and better chronic
disease management and increased
self-confidence; Affordable; Easy to
use

The use of a tablet
computer-based selfmonitoring system helped
to improve blood pressure
control; IT use outside the
clinic can help improve
chronic disease
management

(cont.) Table 1: Summary of intervention studies using SQS and Mechanisms Promoting Long-Term Self-Monitoring.
Author

Or and Tao

Raedeke et al.

Ramtoola et al.

A Study of Patient Experience Using a
Blood Glucose Meter with an In-Built
Insulin Dose Calculator

Use of a touch screen
blood glucose monitor with
a built-in dose calculator
was easy to use in study
subjects and preferable to
usual care.
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Date

Origin

Study Design

N

6 weeks

Study
Duration

Study outcome

Mechanisms Promoting LongTerm Self-Monitoring

Title

50

Promotes awareness of behavior and
personal change in a friendly way
and in real-time; Provides one place
for user to long many aspects of
health and life; Behavior-health link;
Easy to use; Allows users some
“space” to prevent the feeling of
“over-tracking”

RCT

6 months*

USA

96

2015

USA

Automatically calculates metrics to
minimize user input; Portability of
device

Self-monitoring is a
potentially effective
intervention for supporting
self-management by people
living with HIV.

2013

Secondary
analysis of a RCT

Smartphone Self-Monitoring to Support
Self-Management Among People
Living With HIV: Perceived Benefits
and Theory of Change from a MixedMethods Randomized Pilot Study

(cont.) Table 1: Summary of intervention studies using SQS and Mechanisms Promoting Long-Term Self-Monitoring.
Author

Swendeman et
al.

TurnetMcGrievy et al.

Comparison of traditional versus mobile
app self-monitoring of physical activity
and dietary intake among overweight
adults participating in an mHealth
weight loss program

Physical activity app users
self-monitored with more
frequency over the study
period and reported greater
intentional physical
activity than non-users.
App users also had
significantly greater
reductions in BMI than non
users, pointing to the
potential benefits of mobile
monitoring methods during
weight loss trials.
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Title

2015

Date

Belgium

Origin

RCT

Study Design

227

N

1 month

Study
Duration

Study outcome

(cont.) Table 1: Summary of intervention studies using SQS and Mechanisms Promoting Long-Term Self-Monitoring.
Author

van Hoye et al.

The Impact of Different Degrees of
Feedback on Physical Activity Levels:
A 4-Week Intervention Study

Adding individualized
coaching along with selfmonitoring with a
pedometer was necessary
to increase physical
activity level during the
intervention period.

Mechanisms Promoting LongTerm Self-Monitoring

Individualized feedback and
coaching
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Mechanisms Promoting Long-Term Self-Monitoring

Review of these studies yielded a comprehensive list of Mechanisms Promoting LongTerm Self-Monitoring (MPLTSM). These are features of the intervention that users stated were
influential in their completing the study and having a strong interest in proactively using the
interventions beyond the study’s time period. Since these features have been uncovered through
studies involving smartphone-based and web-based self-quantification systems, findings can be
applied to wearable fitness trackers, which can be either standalone or smartphone-based
systems.

Ease of Use, Goal Setting, and Personalized Feedback

Among the most common mechanisms mentioned by users was the ability to easily track
their data, set goals and receive personalized feedback on their progress in real-time. These
helped interventions to be both interesting and motivating, and removed what could be thought
of as a perceived burden of “overtracking” on the user. There was also a desire for interventions
to be easy to use; in other words, they were able to minimize user data input by collecting data
automatically.

Education and Data Sharing

Next, the educational aspects of these interventions that improved health literacy were
found to be important. Interventions that linked users to pertinent health information based on
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their behavior were highly adhered to. This was especially true in studies dealing with chronic
disease management, where users sought the ability to manage their disease in a more patientfriendly, effective way. The ability to also share data with their friends and/or physicians
wirelessly was favored. A notable concern for these patient-users was the cost of the device—if
the devices were not affordable or reimbursable, they were seen is too costly to adhere to in the
long term.

Data Quality and Accessibility

Frequently, the idea of data quality and accessibility arose. Interventions that afforded
users the ability to access, download, and integrate their data into other applications “on-the-go”
showed high adherence, especially when there was an ability to visualize this data. Several of
these studies also involved social sharing of personal information. The capacity to share data
with others, for supportive or for competitive purposes, was a common theme. Users also viewed
technical stability and functionality as important, and in the case of wearable devices, a
“clunky,” unattractive device was not favored.

“Smart” Devices and Financial Rewards for SQS Use

In addition to these commonly mentioned intervention characteristics, some issues arose
that we found particularly interesting. One study (Hekler et al.) discussed study subjects’ desire
for a system that promoted outdoor rather than indoor exercise and had a “smart” feature that
would allow them to more effectively plan exercise outdoors. There were suggestions that SQS
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being more knowledgeable about user preferences, habits, and environments would be useful for
long-term SQS adherence. Unexpectedly, interventions that rewarded good behavior with awards
or financial incentives did not show significant adherence (Hunter et al.). Since most of these
studies included a relatively limited number of participants, the issue of data privacy did not
arise, but we imagine that individuals’ privacy is of high importance when it comes to
population-wide use of these interventions.

MPLTSM Categorization

The MPLTSM inductively identified in the literature review were then combined by
theme into six broad categories. The user survey was structured around these Six Categories of
MPLTSM, as can be seen below in Figure 3.
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Figure 3: Six Categories of Mechanisms Promoting Long-Term Self-Monitoring to Self-Quantification System Use.

User Survey
Description of Final Study Sample
In total, 109 survey respondents completed the survey. Table 2 summarizes the
composition of the final study sample. Of all 109 respondents, 80 (74.1%) were female. The
largest age group represented was users aged 18-24 (27.5%), with a relatively even distribution
of people in each of the remaining age groups. The bulk of respondents were either White, nonHispanic (76.4%) or Asian/Pacific Islander (14.2%). 63 (58.3%) were single and had never been
married; 23 (21.3%) were married; and 19 (17.6%) were single but cohabitating with a
significant other. Approximately 96% of respondents had completed at least a Bachelor’s degree
at the time of filling out the survey. In terms of the types of SQS used, 16 users (15%) used
smartphone apps for health data logging rather than wearable devices. Among the latter group,
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which was composed of 85% of respondents, 49 (45.8%) used systems manufactured by Fitbit.
Garmin and Jawbone were the second and third most commonly used systems, being used by
15.9% and 9.3% of the population, respectively. While 11 respondents (10.1%) claimed to have
used SQS for greater than 2 years, there was an approximately equal breakdown between the
number of users who used SQS for less than 6 months, 6 months to 1 year, and 1-2 years.
Table 2: Description of Final Study Sample

Total

Percent
100.0%

N
109

Sex
Female
Male

74.1%
25.9%

108
80
28

Age
18-24
25-34
35-44
45-54
55-64
65+

27.5%
3.7%
5.5%
3.7%
3.7%
0.9%

109
30
4
6
4
4
1

Race/Ethnicity
White, non-Hispanic
White, Hispanic
Hispanic
Asian/Pacific Islander
Indian/South Asian

76.4%
0.9%
2.8%
14.2%
5.7%

106
81
1
3
15
6

58.3%
21.3%

108
63
23

17.6%

19

1.9%
0.9%

2
1

Relationship Status
Single, Never Married
Married
Single, But Cohabitating
with a Significant Other
In a Domestic Partnership
or Civil Union
Separated

Highest Education Level Completed
Less than high school
0.0%
High school, or equivalent
2.8%
Associate’s degree
completed
0.9%
Bachelor’s degree
completed
55.0%
Master’s degree completed
30.3%
Doctorate completed
11.0%

109
0
3

Brand of SQS Used

107

33

1
60
33
12

(cont.) Table 2: Description of Final Study Sample
Fitbit
45.8%
49
Garmin
15.9%
17
Jawbone
9.3%
10
Smartphone App
15.0%
16
Apple Watch
2.8%
3
Microsoft
1.9%
2
Motorola
0.9%
1
Pebble
0.9%
1
Wahoo
0.9%
1
Polar
0.9%
1
Withings
0.9%
1
Unspecified Smartwatch
0.9%
1
Unspecified Wristband
0.9%
1
Multiple
2.8%
3
Table 2 (continued): Description of the Final Study
Sample
How Long SQS
Owned/Used
109
< 6 months
26.6%
29
6 months – 1 year
34.9%
38
1-2 years
28.4%
31
> 2 years
10.1%
11

In order to further classify the respondents, questions were asked about their individual
motivations for self-tracking, their general health status, how active they were prior to owning
the device, and how their activity level changed since beginning using the device. Results are
summarized in Figure 4 below.
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Figure 4: Characteristics of the User Survey Study Sample. (A) The primary motivations behind self-tracking for the
study population. Average responses are shown, with 1 being Most Important and 6 being Least Important. (B)
General health status of respondents. (C) Self-described activity level prior to respondents owning a SQS. (D) Selfdescribed activity level changes since beginning SQS use.

According to responses, the most common reasons respondents used SQS was to either to
“get in shape” or to maintain a baseline level of health. Managing a chronic problem or disease
was considered the least important reason for SQS use, which is possibly attributable to the fact
that 82.4% of the population did not report having any chronic diseases or illnesses. Most
respondents had some degree of physical activity prior to owning the device (96.4%), while
nearly all respondents claimed their activity level increased (55%) or stayed the same (43.1%)
since SQS procurement.
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Generalizability and Relevance of Six Categories of MPLTSM
Subsequent survey questions were structured around the six categories of MPLTSM in
order to assess whether or not general users felt they were important to their adherence to SQS
use.
Data
In regards to data, nearly all users (92.7%) own devices that record data automatically,
and were this feature not in place, 85.2% of respondents claim that would be less interested in
using their devices (Figure 5A-B). This SQS characteristic relates to both Data and Use. A large
portion of the respondent pool (69.9%) also noted that the capability of view data graphically,
rather than in numeric format, was important to them. Only 4.3% disagreed with this statement
(Figure 5C).
For the most part, users were satisfied with their device and app performance (Figure
5D). They also trusted in the accuracy of the data collected from their SQS, and maintained they
would switch to other devices solely on the basis of data accuracy. Data privacy and privacy of
PHI also were shown to be important to the user experience.
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Figure 5: MPLTSM Category 1: Data. (A) Whether or not respondents’ devices track data automatically. (B) How
manual user data input affects respondent interest in using their SQS. (C) The importance of data visualization,
rather than numeric values, to respondents. (D) User sentiments regarding data and device/app performance.
Average responses are shown, with 1 being “Strongly Disagree” and 7 being “Strongly Agree”. (E) User behavior
and capability to access data or integrate it with data from other sources. Average responses are shown, with 1 being
“Strongly Disagree” and 7 being “Strongly Agree.”
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Figure 5E depicts user behavior and capabilities with respect to accessing data and
integrating it with data from other sources. Average responses pertaining to importance of these
two MPLTSM indicated that these mechanisms were not determined to be as important than
expected. Most users did not combine data with data from other sources, and the ability to access
data for download was of approximately neutral interest to the average user.

Use
The second broad category of MPLTSM is Use. Based on literature review results,
included in this category is ease of use, physical appearance, cost, the availability of technical
support, and automatic tracking. User responses about the ease of use of their SQS verified the
hypothesis that this was among the most important MPLTSM. Average responses were high in
Figure 6A, indicating that users were satisfied with both the training burden of their devices and
that aspect was important in them deciding to self-track. 78.1% of users liked how their device
looked when worn, while 21.9% of them did not (Figure 6B). These results are limited in that
they do not suggest on their own that physician appearance is correlated to use, but further data
on this MPLTSM is available in the next section, Expert Interviews.
In terms of device cost, the lowest percentage of respondents used the cheapest devices.
1.5 times the number of respondents used devices costing $200+ than ones costing $0- $50
(Figure 6C). When asked about their decision rules for device purchasing based on cost (Figure
6D), however, responses bordered on Neutral. Users were not necessarily more likely to use
cheaper devices because of cost, nor did they view cost as the most important factor in choosing
which device to use. This suggests that other MPLTSM may be more important to selfquantifiers than cost. While technical support was asked about, relatively few users had

39

encountered technical issues with their devices (Data not shown). Among those who did,
problems were nearly all resolved by the technical support teams of the specific device vendors.
The importance of this MPLTSM was therefore unsupported by the data.

Figure 6: MPLTSM Category 2: Use. (A) User feelings regarding the ease of use of SQS. Average responses are
shown, with 1 being “Strongly Disagree” and 7 being “Strongly Agree.” (B) Whether or not users favorably viewed
how their device looks when worn. (C) The distribution of device costs among all survey respondents. (D) The
importance of device costs among the survey population. Average responses are shown, with 1 being “Strongly
Disagree” and 7 being “Strongly Agree.”

Goal Setting and Feedback
A large percent of users surveyed possessed SQS that enabled them to set goals (89.8%),
showed them their progress in real time (91.9%), notified them about how they personally were
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doing relative to their goals (83.8%), and virtually rewarded them for achieving their goals and
for good health behavior (84.8%) (Figure 7A-D).
When it came to user attitudes towards progress notifications and virtual rewards (Figure
7E), 78.6% of respondents viewed them favorably. Approximately one-third of this group felt
that the personalized feedback kept them motivated to be active and log data, while the
remainder liked the feedback but usually paid little attention to them. 11.2% of respondents felt
neutrally towards feedback, while the rest of the respondents felt negatively towards them.
The most important feature when it came to goal-setting and feedback for users
was the important for data to automatically be uploaded and available in real-time (Average
response: 4.5, Figure 7F). There was moderate interest in feedback as being encouraging and
useful, and in users feeling the need to check their devices in order to view their progress
towards their goals. Most users disagreed with statements suggesting that alerts were bothersome
or redundant, but they also maintained that notifications were neither unique nor particularly
interesting. This data suggests that real-time availability regarding goal progress was important
to users, and that more personalized progress alerts have the possibility to increase user interest
in them. It is possible also that improved alerts have the capacity to increase enthusiasm for
utilizing SQS and logging data.
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Figure 7: MPLTSM Category 3: Goal Setting and Feedback. (A) Whether SQS’ in question allowed for goal setting.
(B) Whether SQS software showed activity metrics in real time. (C) Whether SQS notified users and provided
feedback about progress relative to individual goals set. (D) Whether users were rewarded on the app for good
exercise behavior. (E) Summary of user attitudes relative to feedback and virtual rewards. (F) User attitudes towards
various aspects of Goal Setting and Feedback. Average responses are shown, with 1 being “Strongly Disagree” and
7 being “Strongly Agree.”
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Smartness

Participants in studies belonging to the literature review final study sample claimed that
one of the MPLTSM that they felt would enable them to better adhere to SQS interventions
would be for these devices to be more knowledgeable about the user’s preferences, habits, and
environment.
As this MPLTSM is still relatively nascent, the data gleaned from the user survey
reflected the sentiments echoed by literature review study subjects. For 60.5% of respondents,
their SQS “remembered” past activities and/or suggested new ones based on the users’ exercise
history (Figure 8A). However, for 78.0% of respondents, the SQS did not encourage certain
types of activities over others based on the individual (Figure 8B). In addition, a large percentage
of respondents claimed their SQS could not suggest activity based on their schedule, consider
current weather when promoting activity, or take into account geolocation when recommending
physical activity (82.4%, 79.3%, and 91.3%, respectively) (Figure 8C-E).
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Figure 8: MPLTSM Category 4: Smartness. (A) Whether the SQS remembered past activities done by the user. (B)
Whether the SQS suggested certain types of exercise over others based on users’ recorded histories. (C) Whether
SQS had access to users’ smartphone calendar. (D) Whether SQS provided users with the current weather. (E)
Whether SQS took into account users’ geolocations in recommending activities. (F) User sentiments regarding how
MPLTSM related to “Smartness” would affect their interest in using SQS and/or self-tracking. Average responses
are shown, with 1 being “Strongly Disagree” and 7 being “Strongly Agree.”
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While this technological capability is not present in majority of SQS currently on the
market, consumer desire for these MPLTSM is strong based on the population surveyed (Figure
8F). A high proportion of users agreed with statements that they would be more interested in
using their SQS if it proposed exercise based on schedule, current weather conditions, and
geolocation. Perhaps this feature would enable more users to be active during times that was
most convenient for them. In addition, users agreed with similar statements that related to SQS
recommending new activities based on individuals’ recorded histories.

Behavior-Health Link
Providing users information about how their behavior specifically related to their health
was deemed an important MPLTSM by many who were involved in interventional studies
utilizing SQS. Several of these studies involved chronic disease management in patients, so this
may explain why participants held this MPLTSM in such high regard. It was thus interesting to
observe whether this sentiment was shared by a more general user population.
Based on survey respondents, 36.7% of respondents claimed their SQS gave them
information on health behavior in addition to displaying pertinent data (Figure 9A). Interestingly,
a large number of respondents agreed with statements claiming that the SQS helped them see
how their activity and habits affected health (Figure 9B). It is possible that in this active and
educated study population, subjects were able to infer for themselves the health implications of
their behavior.
Other than this observation, most respondents felt neutrally about whether SQS allowed
them to better manage their chronic illnesses, whether health resources were made available to
them via their SQS, and if these resources were useful to them. The survey population also
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slightly disagreed with statements suggesting that this MPLTSM was an important factor in their
use of the SQS.

Figure 9: MPLTSM Category 5: Behavior-Health Link. (A) Whether SQS provide users with pertinent health
information based on recorded data. (B) User sentiments regarding how providing health information to users along
with presenting data would affect their interest in using SQS and/or self-tracking. Average responses are shown,
with 1 being “Strongly Disagree” and 7 being “Strongly Agree.”

Socialness
Many subjects that participated in the final selection of studies included in the literature
review suggested social capabilities of the interventions were important to them adhering to the
terms of the study. Essentially all SQS that have representation in the user survey have some
social networking component built into their systems whereby users can add “friends,” compare
physical activity metrics, encourage each other to reach their goals, and compete for rewards.
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Figure 10: MPLTSM Category 6: Socialness. (A) Whether users had the capability to connect with “friends” on
SQS software through Facebook or another social network. (B) Whether users compete with friends based on
physical activity. (C) Statements about potential user behavior as it relates to social aspects of SQS. Average
responses are shown, with 1 being “Strongly Disagree” and 7 being “Strongly Agree.”

While 84.8% of survey respondents said they had the capability to connect with “friends”
on SQS software through Facebook or another social network (Figure 10A), more than half of
the study sample (60.9%) stated they did not compete with friends through this medium (Figure
10B). In fact, half of the respondents (51.1%) said that either friends could not see their data or
they were unaware of it their data was even visible (Data not shown). This suggests that social
connectivity or competition is not a strong priority to the SQS user group sampled.
Indeed, this suggestion is supported in Figure 10C. Subjects have neutral sentiments as it
pertains to competition with friends, comparing fitness achievements with friends, and gaining
support and motivation from friends. Subjects also generally disagreed with statements
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stipulating that they would be less likely to use SQS were this social component removed or
were they not able to compete or compare data with friends.
Respondents appeared to have mild interest in sharing SQS data with friends, but this
interest was notable strengthened when asked about whether they would like to share data with
their healthcare provider(s) (Figure 11). When asked about whether they were currently able to
share self-recorded data with their physicians, only 5.4% of respondents said they were (Figure
11A). Furthermore, 100% of those surveyed said that their physician had not expressed any
interest in seeing SQS data (Figure 11B).

Figure 11: User Sentiments Regarding the Sharing of SQS Data with Healthcare Providers. (A) Whether
respondents currently are able to share SQS data with their physician. (B) Whether users’ physicians had expressed
an interest in seeing their SQS data. (C) Whether respondents would like to share data with their physician if it were
welcomed. (D) How users’ interest in being active and utilizing SQS would be affected should physicians be able to
access SQS goals, data, and progress.
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71.7% of respondents said that they would like to share data with their physician if he or
she welcomed it (Figure 11C), and there was strong agreement with statements suggesting that
sharing data with a trusted healthcare provider would make users more interested in staying
physically active and more interested in using SQS to collect data (Figure 11D).
This data suggests that this MPLTSM are important for adherence to SQS and selfmonitoring behavior, yet it is currently vastly underutilized.
Expert Interviews

Description of Final Study Sample
The final expert interview study sample was composed of 10 distinct individuals. Some
individuals had expertise in more than one area of focus included in this study, and were thus
effectively “interviewed twice” so the perspective of each viewpoint could be clearly delineated.
Table 3 summarizes these viewpoints, of which 13 were obtained.

Table 3: Summary of Expert Interview Viewpoints

General User
Healthcare Provider

Number of Distinct
Viewpoints
3
3

Computer Scientist /
Developer

4

Health Researcher
TOTAL

51

3
13

Expert Viewpoints
Themes that arose during subject matter expert interviews regarding mHealth and SQS
are presented below and summarized in Table 4. Results were used to further evaluate the
importance of previously-identified MPLTSM and elucidate new MPLTSM that had not been
mentioned in the literature review.

Table 4: Summary of mHealth Themes Gathered in Expert Interviews

Top mHealth Themes
General Users

Data Accuracy
Health Consciousness and Improvement
-Baseline Health Level
-Goal Setting
-Feedback/Progress

Healthcare Providers

Sharing with Physician
Aesthetics
Battery Life
Workflow Impact / “Cognitive Bandwidth”
Patient Training Burden
Health Consciousness and Improvement
Electronic Patient Monitoring
PGHD/Participatory Medicine

Computer Scientist/
Developers

Healthy Users
Human-Centered Design
Clinical Relevance of Data
Compatibility/Interoperability
APIs
mHealth Standards

Health Researchers

Improve Access to Care and Information
Too Expensive for Most of the World
Facilitating Research
-Sharing of Data
-N-of-1 Studies

Data Privacy and Ownership
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Users
Users identified two main themes as key to their SQS use. The first was data accuracy. It
became evident through interviews that users’ being able to trust in the accuracy of the metrics
collected by their devices was central to their self-tracking behavior. One subject stated, “If I am
confident that what [the device] is telling me is correct, it will keep me interested. The second it
loses its validity, the second that it shows it’s not reliable, I’m not interested in it.” When asked
what the most important feature of her Fitbit was, another user stated, “Data accuracy. My main
concern with it is that it’s giving me inaccurate information. I don’t have any way of checking.”
While it was acknowledged that there were possibly other aspects of SQS that needed to be
improved to improve the accuracy of data collected (“Powering all the sensors [that are required
to get the most accurate data] running in the background requires a lot of battery. So battery life
needs to be improved.”), data accuracy remained the top need for general users. While some
users went so far as to corroborate the data being collected, it was not common or universal;
demonstrating data accuracy should be a principal concern for mHealth technology companies in
developing SQS.
Another motivator for self-tracking among users was their general ability to be more
conscious about their behavior. This included obtaining more information about how effective
their exercise was (“I keep trying to do activities that push my heart rate higher and make me
burn more calories. According to the device.”) and obtaining feedback about how healthy or
active they were. Users enjoyed learning their baseline metrics, setting goals (“I try to meet my
[step] goal and I feel bad if I don’t.”), and working to achieve these goals to further their own
health. Those interviewed stated their principal aims as “staying generally healthy and
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maintaining a healthy lifestyle,” but mentioned that they had family members that sought to use
SQS to improve bad habits (“My dad even wants to get one, and he’s very unhealthy. He wants
to see what his heart rate is like and see if he can get healthier.”). This suggests that the idea that
SQS could be useful tools to promote health is already in place among general users.
While social features were of low priority to users interviewed (“I don’t really do [social
data sharing]. I do it for myself.”), all mentioned they would be open to the idea of sharing with
their provider in order to inform their own care (“I would love for my doctor to have access to
my tracker information, but I wouldn’t feel comfortable giving data to my doctor if I knew it
wasn’t accurate.”).
Male users generally were indifferent to the appearance of their device (“It’s not ugly and
attractiveness doesn’t matter. Comfort matters and it’s comfortable.”), the female user
interviewed suggested that, “[Companies] would have to make them more aesthetically
appealing to fit with different outfits in order for people to wear them 24/7…which would be
ideal.” As approximately 80% of the survey sample was female, the data suggests that physical
appearance of wearable SQS is important and should be taken into account by manufacturers.

Healthcare Providers

The healthcare provider group shared some opinions with users relating to accuracy and
the potential for these devices to be useful tools for individuals’ health consciousness. Themes
focused more on the potential for mHealth and SQS in healthcare delivery, however.
In today’s rapidly changing healthcare regulatory environment, where physician
reimbursements are increasingly being tied to quality of care rather than payment for services
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rendered, there was acknowledgement that these tools have the potential to be useful. According
to one provider, physicians “have to help people take better care of themselves, because we have
less time and less resources to see all the patients we need to. So we [are currently trying] to
handle a lot of issues electronically.” With more demand on physicians’ time and more
administrative focus on patient outcomes, more cost-effective means to communicate with and
treat patients will be necessary. The facts that SQS are already ubiquitous, self-tracking is
already common, and users seem to be eager to share self-collected data with their healthcare
team, suggest that mHealth is poised to assist in this aim.
Providers unanimously acknowledged the huge potential for electronic sharing of PGHD
between SQS and healthcare professionals in personalizing care and make it more effective.
PGHD entails a more active patient—one that is willing and able to participate more in his or her
own care (“With changes in healthcare, patients have to step up and be able to interact and try to
work with their healthcare team.”). With cooperative interaction between providers and patients,
better healthcare is possible (“Our goal is to make our [electronic patient monitoring] program so
good that people are lining up to see us because we care for them effectively and conveniently.”).
While all providers discussed the potential of PGHD and mHealth, they also spent most
of the interviews discussing their concerns about the field. The most prominent theme to this end
was the impact of PGHD on their workflow (“It takes a lot of ‘cognitive bandwidth’ for
providers to take all this data in for every patient.”). More selective patient enrollment for these
types of programs would be necessary (“It just isn’t worth the time right now to ramp all patients
on…not every patient needs to be monitored this closely and it would just add a lot to providers’
workflow to have that be the case.”)
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Although skepticism about SQS and the current state of mHealth was a main sentiment
echoed by the providers, there was also optimism:

“Because it’s more expensive to us, more time consuming for us, and more time
consuming for the patient as of now, we need to show these patients that the program is helping
them and that they’re improving. When people get used to it I think they will like it, but right
now it takes us more time rather than less. We’re still working on modifying it to make it better
and getting to know it better. Once we get the system optimized, I am pretty confident that
[patient participation and electronic transmission of PGHD] is the future.”

The other principal concern was the work required by patients to self and use SQS. This
applied to training patients to use devices. One provider mentioned that attempting to ramp
patients onto to mHealth programs “adds to their appointment burden—not necessarily burden—
but their educational burden and [physicians] might want to, instead of teaching their patients
how to use an app, focus more on teaching them to better take care of their health.” Easing this
load would require manufacturers to “make the devices more usable to ease the burden on the
patients.”

Computer Scientists

The technical expert group subjects were unanimously enthusiastic about the potential for
mHealth in healthcare delivery, despite some concerns (“I have a lot of faith that the companies
are solving these issues. They have advanced immensely in a short period of time, and they will
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continue to do so.” and “I think many more people are using it than before, and that number
seems to keep growing. Look how exponential the growth of mobile technology has been. The
companies will continue to figure out how to get users interested in using their devices and they
will continue to add features.”).
Concerns among this group stemmed from a feeling that “[SQS] have largely been
adopted by people who don’t need it very much, by people who probably are runners or are super
healthy anyway.” Those that self-track are “not necessarily the overweight, diabetic, at-risk
patients who would really benefit most from [tracking].” Many of those who do use SQS could
be considered “early adopters” who will begin utilizing new technology long before it becomes
common in the general population. Overcoming this barrier and making SQS more appealing,
useful, and accessible for all types of users was thus a main focus of these conversations.
A chief recommendation among them to address these issues was the concept of humancentered design should thus be a main point of focus for mHealth companies:

“…We might be coming at it from a bit too much of a technology perspective. The thought has
been, ‘what is the technology we can build’ rather than trying to make it fit with the behavioral
sciences or the understandings of human psychology. This will allow us to build things around
what will engage people in the long term…I think these processes, both the technical
advancements and the reformatting of design could and should happen in parallel.”

In addition to utilizing principles from behavioral sciences to aid design, from a technical
perspective, there were feelings that SQSs available do not necessarily collect data that is
relevant to healthcare delivery (“...Existing things we can measure are not the things that people
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really would want or what would be most beneficial…in terms of actual health indicators.”)
Being able to accurately measure blood pressures, for example, could potentially have greater
utility than heart rate from a clinical point of view. While some mHealth companies manufacture
metric-specific devices, allowing for multi-purpose SQS such as wearable trackers to capture
measurements such as blood pressure would be helpful.
Other technical recommendations centered on improving access to data for both users and
developers to enable more rapid technological advancement and innovation. For consumers
using different smartphone or computer operating systems, “[Companies] should make it easy to
connect to different platforms or else the user group is limited a lot.” Improving access for
developers could come in the form of mHealth companies’ making available free application
program interfaces (APIs) (“The fact that [SQS companies] have APIs, that [developers] don’t
have to pay for them [is important]. If not, it’s going to be complicated if you want to develop
new apps for treating people.”). Standards for mHealth communications would also need to be
developed and implemented.
Hope for these issues to be resolved in the near future was unanimous, however, and the
prevailing sentiment was that enabling people to monitor themselves effectively would change
healthcare for the better (“I think that if we could make this happen, and get buy-in from doctors
and from health insurers, the use would be more widespread because the data being collected
would actually be useful to all parties involved.”). “Promotion of noninvasive and nonpharmacologic-based treatments” would benefit the healthcare people received.
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Health Researchers

The final expert group was composed of health researchers. This group included public
health, biomedical, and clinical researchers. The main themes that arose dealt principally with
increasing access to care and information to the world’s population and the improvement of
research. It was felt that the mHealth technology infrastructure has “really been picking up in the
past 1-2 years” and “could really improve healthcare in some of the underserved areas of the
world.” Even though the fanciest and most sophisticated SQS may not have a place, simple ones
still have the potential to improve outcomes.
This is especially the case for SQS that provide educational resources to users (“When
[people in underserved areas] do use mobile apps on their phones it’s for education. To learn
about a disease, and to learn about how to be healthy.”) A large challenge to this becoming more
commonplace, however, is the fact that many of these SQS are too expensive for most of the
developing world (“In the developing world, they can’t afford this.”).
Until more SQS can be distributed in the developing world inexpensively, mHealth and
SQS use still could hugely benefit scientific research (“The future will probably go more towards
people sharing their data to help in research, I would say. I’ve recently been to a conference
where they presented the Open Humans Project, where everyone is sharing their data and there is
a lot of encouragement to do so.”). mHealth could also assist in N-of-1 studies and global
studies, when it is infeasible for all subjects to report to a research center for data to be collected.
(“For participatory health studies [using SQS] is the way to go if you want to do really big
studies all around the world. You don’t have to have the [subjects] right here.”)
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In order to enable research to happen effectively, data exchange between users and health
systems would need to take place. Privacy and data ownership is thus a major issue (“Data
exchange between user and health system need to be HIPAA compliant. People need to be aware
of the terms of use of the various devices they use, such each of them have different polices.
Most people don’t know who owns their data.”).
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CHAPTER 5
DISCUSSION
MPLTSM identified in the first portion of this study were refined and supplemented by
user surveys and expert interviews. The quantitative and qualitative results have minimized the
importance of several MPLTSM, as well as brought new ideas to the fore. The totality of data
gained has led to the characterization of a final list of “Essential Affordances of SQS” (EASQS). Affordances in this case can be described as, “the perceived and actual properties of the
[SQS], primarily those fundamental properties that determine just how the [SQS] could possibly
be used” [52]. In other words, any object that effectively serves its purpose “affords” its user the
ability to perform the task for which it is purposed. The principal affordances of a chair, for
example, is sitting. In the context of this study, EA-SQS are the necessary properties that
modern-day SQS must possess in order to maximize user engagement and have the largest
potential to stimulate behavioral change and sustained informed decision-making among their
user base. The EA-SQS are shown in Figure 12 and are described in greater detail below.

Figure 12: Essential Affordances of Self-Quantification Systems
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Essential Affordances of SQS
Data
The first EA-SQS, “Data,” deals with users’ ability to collect and make use of quality
data. SQS must afford their users this basic capability. Data must be accurate, and users must
have a means for trusting that it is so. While a small subset of users may take steps to corroborate
the data being collected using other sources, companies developing this technology should take
all steps necessary to promote trust in the quality of the data. In addition, data must be collected
automatically with minimal user input. As was shown in the user surveys (Figure 5), manual
input of data detracts significantly from users’ interest in self-monitoring. The SQSs collecting
data themselves should also be reliable. Software should be free of bugs and device and app
performance should be stable.
According to results from all three parts of this study, privacy of data being collected is
of great concern to general users as well as others who may have a stake in PGHD. Users and
wish to ensure the security of their PHI, and in order for PGHD being collected from mHealth
devices to have utility in research and/or clinical care, HIPAA compliance is crucial. Lastly, SQS
must enable users to visualize what they are collecting. Data visualization refers to not simply a
user being able to “see” the data, but the device presenting it in a visual and interactive format.
The original MPLTSM Category 1, Data, also included data integration and accessibility
(Figure 3), but it was found that these MPLTSM only arose during the literature review. They
did not appear to be generalizable to a general population of users.
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Use
Another EA-SQS, termed “Use,” includes features that are necessary for users during
actual device use. Originally, MPLTSM Category 2 included reliable technical support and
affordable cost (Figure 3), but results from this study suggest that for a general user population,
these features are not necessarily required.
Among those that are, however, are automatic tracking, ease of use, access, and physical
appearance. Automatic tracking, as described above, is best if continuously occurring. This eases
the necessity for users to manually record data (Figure 5) and heightens the potential for longterm self-monitoring. While most users were satisfied with the ease of use of their devices
(Figure 6), it was demonstrated in semi-structured interviews that making devices more usable
was necessary in order to minimize the training burden for patients who might most benefit from
SQS use. In addition, there was suggestion for more human-centered design of these devices and
their associated software, as technology has advanced but input of the cognitive sciences in SQS
design has been lacking (Table 4). Related to ease of use is access; users should not be limited to
use only those devices by their smartphone operating systems, and the power of developers
should be harnessed by allowing them access to open APIs. Manufacturers should make their
products available to as large a population as possible, both to maximize use and innovation.
Lastly, physical appearance was deemed important by individuals in each aspect of this
study. SQS should be designed with user aesthetic preferences in mind, and allow their users to
wear them both as tools and fashion accessories.
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Smartness
Although this affordance is still largely absent among devices currently on the market,
subjects in all parts of this study expressed strong interests in devices that might allow them to
more effectively plan and carry out physical activity (Figure 8). This affordance can be
categorized as a “smart feature.” It is possible that these systems in the future could take into
account a user’s schedule, environment, context, and geolocation and suggest times or places for
them to be active. This has not occurred yet, but it is easy to imagine, for example, a device that
could tap into a user’s smartphone calendar and weather applications and send a notification that
says, “You have an hour free this evening, and the weather is clear and warm. Think about going
for a run!”
This EA-SQS was met by much excitement and enthusiasm by subjects, and it is clear
that enabling such features would make long-term engagement with SQS more natural. Their
suggesting activity in a smart manner would, in all likelihood, make them friendlier to users and
more likely to have their advice heeded.

Health Consciousness
It was determined through user surveys and expert interviews that the MPLTSMs of Goal
Setting and Feedback and Behavior-Health Link were more related than was evident from
literature review results. Data suggested that health literacy, and knowledge about one’s current
baseline health level, directly related to goal setting and how useful one found personalized
feedback.
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Survey data indicated that feedback has the potential to make users more interested in
self-monitoring, but it was clear that feedback cannot independently keep users engaged (Figure
7). Semi-structured interview data suggested that feedback effectiveness was largely related to
users’ feeling that they were learning more about their health by self-monitoring. Current
technology has the potential to measure many different environmental and physiological factors,
so mHealth technology companies should continue to demonstrate the relevance of these metrics
to users and incorporate them into SQS. SQS affording users the ability to both collect data and
know how the data relates to their own health is the most important aspect of this EA-SQS,
because only when this baseline health level knowledge is achieved among users does goal
setting occur and personalized feedback become significant.
While the latter two features are key to long-term engagement, if users are not able to
directly evaluate the current status of their health by using the SQS, they will likely not be
noticed.

Sharing Data with Health Professionals
As with Smartness, this EA-SQS is still in a nascent phase. Though underutilized to date,
data shows the vast majority of users expressed enthusiasm for sharing data with a trusted
healthcare provider and participating more in their own care (Figure 11 and Table 4).
Interestingly, this was true only for data sharing with medical professionals; users expressed
lukewarm interest in the social networking aspects of SQS (Figure 10). While participatory
medicine is becoming a more popular topic in the current healthcare climate, semi-structured
interviews highlighted several obstacles before participatory medicine using SQS-collected
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PGHD becomes commonplace. Among these are workflow issues for overworked providers and
the educational burden on patients to learn to use them.
There were feelings in every expert group, however, that handling “routine” issues or
monitoring patients electronically was the way of the future. This could be attributed to the
ubiquity of these devices, the advancement of modern technology, and the already-underway
regulatory changes in healthcare.
With these in mind, the technical capability to enable users to share data with healthcare
professionals is critical for SQS moving forward. Some technology companies are already
developing frameworks for this [53] [54], and it is necessary that SQS manufacturers align with
their goals. This Essential Affordance is poised to become a major driver of long-term SQS
engagement and long-term informed decision making because once healthcare systems and
providers adapt to the influx of PGHD, self-monitoring will likely be seen as a crucial health
behavior for all people.

Limitations
This study has many strengths, as well as some limitations. The mixed-methods utilized
to characterize EA-SQS make this study unique in that it presents both quantitative and
qualitative data about how users interact with SQS and how various professional groups view the
prospects of mHealth in their respective fields. The wide range of viewpoints gathered allows for
broad insights into the current state of SQS and PGHD to be made. This data has potential use
for many people, including general users, patients, researchers, healthcare providers, software
developers, and SQS manufacturers.
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There are several limitations to this study, however. While the broad nature of this study
is one of its strengths, it also limits the impact of the findings. First, the relevance of the
MPLTSM initially identified in the literature review is limited by the component studies
themselves. Many of these studies had small sample sizes and short study durations that may
have affected subjects’ responses, and therefore the building blocks of this study. These
MPLTSM, however, were treated in this study as preliminary findings that were subsequently
tested by other methods.
Second, the composition of the user survey sample was biased to those who were largely
devoid of chronic health problems and highly educated (Figure 4, Table 2). While it can be
claimed that those surveyed were the “healthy and wealthy” of the general population, in the
present this demographic makes up the majority of SQS users. Semi-structured interviews
therefore probed relatively deeply into the viewpoints of this subset of the population so that
more concrete, generalizable insights not necessarily unique to “healthy and wealthy” users
could be drawn. It is the hope of the author that the findings presented here inspire research and
development to make SQS more available to the larger population.
Third, the findings from the semi-structured interviews are limited by the relatively small
number of interviews performed. While idea saturation did occur, allowing for more viewpoints
to be gathered would only strengthen the findings. As with most survey and interview
methodologies, the opportunity to contrast responses to separate themes is generally not possible.
It would have been interesting, for example, to see how the commentary of each individual
varied depending on their own social media or SQS use.
The fourth chief limitation to this study was the timeframe for it to be performed. As this
study was done in the confines of a ten-month Master of Science program, the methods that
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could be utilized were limited. With more time, a more comprehensive survey tool and more
semi-structured interviews could allow for more generalizable, impactful results. In addition,
more analytical techniques could be applied to the data gathered here to stratify respondents by
age, sex, race/ethnicity, or education level and characterize EA-SQS specific to these groups.

Further Work and Conclusions

As stated above, the significance in our study lay in its aim to use existing interventional
studies as well as quantitative and qualitative methods to characterize the features of wearable
devices most important in motivating user engagement and instigating people to both collect data
and adjust their behavior in the long-term.
This is a novel study; many self-quantification devices are just now rising in popularity,
and knowledge of the popular motivating mechanisms behind them is becoming increasingly
relevant. The findings presented here can be used to influence how these devices are studied,
prescribed, or designed, and may motivate not only healthy users, but also sicker patients, to be
more active participants in monitoring their own health. They can also inform decision-making
by investigators, physicians, and leaders of health IT companies in addressing more of the
challenges facing incorporation of patient-generated health data into research and patients’
clinical care.
While the scope of this study is influenced by the limitations of the studies we have
summarized here, it is nonetheless an important step in making the above aspirations a reality.
Obtaining actionable insight into wearable device use is a key component in transitioning self-
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quantification from a recreational hobby for healthy people to a clinical tool that benefits patients
as well as the providers who treat them.
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APPENDIX
User Survey Recruitment Text
Facebook:
Do you use a wearable device or smartphone app to monitor your exercise, diet, or general
health? I would really appreciate if you could take a few minutes to fill out this survey
https://www.SurveyMonkey.com/r/mal2079.

This survey is part of my Masters thesis at Weill Cornell Medicine and aims to learn more about
how people interact with their wearable tracking devices (FitBits, Jawbones, smartwatches, etc.)
and smartphone apps (MyFitnessPal, LoseIt, etc.). We aim to increase knowledge of consumer
behavior with these devices in order to make them more useful in healthcare and to guide the
development of the next generation of this technology. Thanks in advance for your help!

LinkedIn:

Do you use a wearable device or smartphone app to monitor your exercise, diet, or general
health? I would really appreciate if you could take a few minutes to fill out this survey
https://www.SurveyMonkey.com/r/mal2079.

This survey is part of my Masters thesis at Weill Cornell Medicine and aims to learn more about
how people interact with their wearable tracking devices (FitBits, Jawbones, smartwatches, etc.)
and smartphone apps (MyFitnessPal, LoseIt, etc.). We aim to increase knowledge of consumer
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behavior with these devices in order to make them more useful in healthcare and to guide the
development of the next generation of this technology. Thanks in advance for your help!

Twitter:

Do you use wearable devices or smartphone health apps? Please complete this survey from Weill
Cornell Medicine! http://svy.mk/1UbZyKr

Scoop-IT:

Do you use a wearable device or smartphone app to monitor your exercise, diet, or general
health? If you are over 18 years of age, we would love to hear from you about how you track
your wellbeing, and what inspires you to collect data about yourself! Please take a few minutes
to fill out this survey https://www.SurveyMonkey.com/r/mal2079.

This survey is part of a new study at Weill Cornell Medicine aims to learn more about how
people interact with their wearable tracking devices (FitBits, Jawbones, smartwatches, etc.) and
smartphone apps (MyFitnessPal, LoseIt, etc.). We aim to increase knowledge of consumer
behavior with these devices in order to make them more useful in healthcare and to guide the
development of the next generation of this technology.
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Expert Interview Email Recruitment Text

Hello,

My name is Mark Liber and I am currently a Masters student in Health Informatics at Weill
Cornell Medicine. The realm of wearable devices and patient-generated health data (PGHD) is a
big area of interest for me, and for my thesis project, I have decided to create and distribute an
online survey that seeks to increase knowledge of consumer behavior with these devices.

In addition to this survey, I am looking to perform semi-structured interviews with people of
different “professional” groups regarding their individual opinions about PGHD and wearable
devices in their respective fields. More specifically, I want to interview “citizen” users,
healthcare providers, technical experts/computer scientists, and those with experience in health
research. My overall goal is to help the research community better understand how people use
the devices in order to make them more useful in healthcare and to guide the development of the
next generation of this technology.

These semi-structured interviews are voluntary. I will not be asking anyone reveal any personally
identifying information or private health information, and identities will be kept anonymous and
confidential- it will not be documented in the data. There are no risks involved, and benefits to
participants include contributing important knowledge to this growing field and contributing to
your own knowledge about the current state of patient-generated health data. Participants are
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welcome to discontinue participation at any time after beginning this conversation. Interviews
should take 15 minutes maximum to complete.

Would you be willing to participate in an individual semi-structured interview as a XXXX? We
can work out a time that works for you, and can do it in person or over the phone. Whatever
works best.

Thank you very much, and look forward to hearing back from you regarding your participation.

Mark Liber
Master of Science Candidate, 2016, Health Informatics
Weill Cornell Medicine
Mal2079@med.cornell.edu
630-390-8081 (c)

Semi-Structured Expert Interview Guide

My name is Mark Liber and I am currently a Masters student in Health Informatics at Weill
Cornell Medicine. I am doing my thesis research on wearable health devices and smartphone
apps for health data logging. More specifically, I am focusing on discovering the features of
these so-called self-quantification systems that keep users interested in using SQS in the longterm and are most important in motivating sustained behavior change among users. I’m

73

interested in talking to people of various backgrounds about the current state of SQS from their
point of view, and the opportunities and challenges they see for SQS in their field.

I’m interested in talking to citizen users, physicians/healthcare providers, people with computer
science/ technical backgrounds, and those involved in health research.

This semi-structured interview is completely voluntary. I will not be asking you to reveal any
personally identifying information or private health information, and your identity will be kept
anonymous and confidential. There are no risks involved, and benefits to you as the participant
include contributing important knowledge to this growing field and contributing to your own
knowledge about the current state of patient-generated health data. You are welcome to
discontinue participation at any time after beginning this conversation. This should take
approximately 15 minutes to complete.

•

Citizen User (will this person have taken the survey??)
o How long have you been self-quantifying?
o What data points do you collect?
o What features of the device drive you to record your data?
o What is your motivation for collecting data?
o What are things you like about your device?
o What are things you wish your device could improve on?
o Describe your ideal wearable tracker.
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o How important are: Use, Interaction Feedback, Behavior-Health Link, Data,
“Smartness”, and Social?
o Although they are growing in popularity, what do you think is holding back wider
personal tracker use?

•

Healthcare Provider
o What type of physician are you?
o What are your opinions of PGHD?
o Do you see wearable trackers as a potential source of valuable clinical information,
both as data collectors FROM patients and as educational resources FOR patients?
o What are your concerns surrounding wearable trackers being used to collect PGHD?
o Does your facility currently incorporate PGHD in any capacity?
o Would you accept PGHD if a patient shared them with you?
o What data points are you likely to be interested in, and which ones do you not care
about?
o How likely are you to recommend a tracker for one of your patients?
o What do you feel are the obstacles to PGHD from these sources being incorporated
into clinical care?
o What obstacles are standing in the way of medical settings adopting this technology
more regularly?
o Do you use wearable devices?
o If so, ask questions that are asked to Citizen User also
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•

Computer Scientist/ Technical Expert
o What is your role?
o How do you view wearable trackers generally, especially with regards to technical
and data issues?
o Although they are growing in popularity, what do you think is holding back wider
personal tracker use?
o Do you use any wearable devices?
o What is the next big thing in your opinion?
o If so, ask questions asked to Citizen User also

•

Health Researcher/ Expert
o What is your role?
o How do you view wearable trackers generally, especially with regards to improving
public health?
o Although they are growing in popularity, what do you think is holding back wider
personal tracker use?
o Do you use any wearable devices?
o If so, ask questions asked to Citizen User also
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