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Abstract
Background: Self-quantification (SQ) is a way of working in which, by using tracking tools, people aim to collect, manage,
and reflect on personal health data to gain a better understanding of their own body, health behavior, and interaction with the
world around them. However, health SQ lacks a formal framework for describing the self-quantifiers’ activities and their contextual
components or constructs to pursue these health related goals. Establishing such framework is important because it is the first
step to operationalize health SQ fully. This may in turn help to achieve the aims of health professionals and researchers who seek
to make or study changes in the self-quantifiers’ health systematically.
Objective: The aim of this study was to review studies on health SQ in order to answer the following questions: What are the
general features of the work and the particular activities that self-quantifiers perform to achieve their health objectives? What
constructs of health SQ have been identified in the scientific literature? How have these studies described such constructs? How
would it be possible to model these constructs theoretically to characterize the work of health SQ?
Methods: A systematic review of peer-reviewed literature was conducted. A total of 26 empirical studies were included. The
content of these studies was thematically analyzed using Activity Theory as an organizing framework.
Results: The literature provided varying descriptions of health SQ as data-driven and objective-oriented work mediated by SQ
tools. From the literature, we identified two types of SQ work: work on data (ie, data management activities) and work with data
(ie, health management activities). Using Activity Theory, these activities could be characterized into 6 constructs: users, tracking
tools, health objectives, division of work, community or group setting, and SQ plan and rules. We could not find a reference to
any single study that accounted for all these activities and constructs of health SQ activity.
Conclusions: A Health Self-Quantification Activity Framework is presented, which shows SQ tool use in context, in relation
to the goals, plans, and competence of the user. This makes it easier to analyze issues affecting SQ activity, and thereby makes
it more feasible to address them. This review makes two significant contributions to research in this field: it explores health SQ
work and its constructs thoroughly and it adapts Activity Theory to describe health SQ activity systematically.
(J Med Internet Res 2016;18(5):e131) doi: 10.2196/jmir.5000
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Introduction
People can now measure for themselves their heart rate, sleep
quality and quantity, mood, workouts, blood pressure, food
consumed, quality of surrounding air—anything from mental,
emotional, and physical to social and environmental aspects of
daily life—because of advances in wearable sensors and apps,
or for short, self-quantification (SQ) tools [1]. Examples of SQ
tools are Fitbit for counting steps and tracking sleep, Adidas
miCoach for tracking physical activities such as swimming and
running, and Lumo Back for monitoring posture. Health SQ
has the potential to induce changes in behaviors: according to
one US survey [2], 69% of adults tracked themselves; 21% of
the study population was using dedicated devices, and 46%
stated that they had changed their behavior based on the
collected data.
To achieve positive behavior changes, self-quantifiers need to
undertake various activities in order to acquire, quantify, and
aggregate data about aspects of their personal health, and
translate these activities into activities of daily living such as
eating healthily, maintaining a healthy weight, and being
physically active [3-7]. These activities can be conceptualized
as a form of doing work [8]. During this work, users interact
with their personal SQ tools in order to collect and reflect on
their data [4,5,7,8]. Thus, these tools mediate the SQ work
[9-13].
The mediation principle here suggests “a structure for
human-computer interaction that (...) the components of the
structure should be not only the user and the computer but also
the object the user is operating on through the computer
application and the other people with whom the user is
communicating” [14]. To come to an adequate understanding
of this structure of human-computer interaction, deconstruction
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of the work or overall activity of tool use is needed [15]. This
deconstruction can be achieved by breaking down the work into
its contextual components or constructs [14-17].
The primary aim of this study was to review studies on health
SQ in order to explore the self-quantifiers’ work and activities
and to answer the following questions: what constructs of health
SQ work have been identified and examined in the relevant
literature? How have these studies described such constructs?
This review tests our hypothesis that health SQ can be
characterized in two main complementary ways: as work on
data and work with data.
The secondary aim of this review was to model health SQ
constructs, in order to better characterize the SQ work in health.
Activity Theory (AT) appears to provide an appropriate
conceptual basis to model health SQ work, because the unit of
analysis in AT is the activity or work [16,18], within which 6
key constructs are recognized: subject, instruments, objectives,
division of work, community, and plans and rules [14-16].
Therefore, this paper tests the adequacy of AT as a way to
conceptualize health SQ.

Methods
Search Strategy
We searched Scopus, Web of Science, MEDLINE, and Google
Scholar. We used the search strings “quantified self,”
“quantif*+self*,” and “quantif*AND self.” The search included
studies published from January 2007 to October 2015. We
included journals, conference proceedings, and papers written
in English. The review was guided by the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA)
statement for reporting systematic reviews [19] (Figure 1).
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Figure 1. Flow diagram for health self-quantification systematic review.

Inclusion and Exclusion Criteria
Twenty-six empirical studies met our inclusion criteria (see
Multimedia Appendix 1). This sample was achieved through
screening titles, abstracts, and keywords of 340 studies (Scopus
211, Web of Science 102, MEDLINE 20, and Google Scholar
7). A total of 71 studies were duplicated; of the remainder, we
excluded 243 studies, in two rounds. In the first round, 136
studies were excluded because these studies either did not
consider the use of SQ technologies for health self-management
or did not investigate users in real-world contexts or daily life
settings (rather than in controlled environment laboratories)
where people individually collected, managed, and reflected on
data. As a result of this round, 133 articles were eligible for the
next round of full-text screening. In this round, exclusion criteria
were as follows: studies provided conceptual knowledge but
not empirical evidence, eliminating 78 articles; and studies
focused on proposing a new solution and reporting only its
technical specifications, eliminating 29 articles (see Multimedia
Appendix 2) [20-122].

Characteristics and Quality Assessment of Included
Studies
To assess the quality of the included studies, we followed the
method recommended by Thomas and Harden [123].
Included studies in this review were coded by authors’ names,
year of publication, study aims, study design, and study main
outcomes or results (Multimedia Appendix 1). Other
characteristics noted for each study were as follows: the
sampling frame (ie, source of data, selection of participants,
recruitment methods, and consent); data collection methods (eg,
interviews, questionnaires, and so on); the strategies used to
ensure the reliability and validity of data collection methods;
data analysis methods (eg, inductive content analysis, statistical
http://www.jmir.org/2016/5/e131/
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quantitative analysis, and so on); and the strategies used to
ensure the reliability and validity of data analysis methods.
Included studies in this review were then assessed according to
12 criteria, covering three main quality issues. Five criteria are
related to the quality of the reporting of a study's aims and
objectives, sampling frame, and data collection and analysis
methods (eg, was there an adequate description of the sample
used and the methods for how the sample was selected and
recruited?). A further 4 criteria are related to the sufficiency of
the strategies employed to establish the reliability and validity
of data collection and analysis methods, and hence the validity
of the findings. The final 3 criteria are related to the
appropriateness of the study design (ie, appropriateness of the
included study design considering our research aims). The first
9 criteria are suggested by Thomas and Harden [123], whereas
the last 3 criteria, related to the appropriateness of the study
design, are left open and can be decided by the researcher. In
this review, these criteria are assumed to be met by setting the
inclusion and exclusion criteria as explained in the previous
section, and including only empirical studies for the thematic
analysis. We found that all the included studies have reported
adequate descriptions of the research aims and objectives,
sampling frame, and data collection and analysis methods as
well as good or some attempt to establish the reliability and
validity of the data collection and analysis methods; thus, they
met most of these quality criteria (see Multimedia Appendix
1).

Extracting Data from Included Studies and Thematic
Analysis
To extract and synthesize themes about health SQ work, first
we inductively coded the included studies [124,125]. Then, to
investigate the constructs of health SQ work in the light of AT,
we deductively coded the included studies into the following
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themes [124,125]. Subject is a person engaged in an activity
and using instruments in the course of this work [16]. Object
(in the sense of “objective”) is held by the subject and motivates
activity, giving it a specific direction [126]. Division of work
relates to the extent to which an activity involves collaboration
and the sharing of tasks with others [16] or with tools [127].
Community is a group of people with whom the subject shares
similar objectives [14,16]. Plans and rules are the norms and
specifications of an activity that is undertaken by subjects to
fulfill their objectives [16]. Open coding of the content of each
study was done by looking at the language it used to explain
and describe SQ and associating terms and synonyms with these
themes. Both stages of analysis were undertaken by author MA,
and then the preliminary results were critiqued jointly by authors
KG and FMS, in several rounds of review, until all authors
reached agreement on the interpretation of the data.

Results
Self-Quantification as Work “On Data” and “With
Data”
We found that the literature provided a variety of perspectives
on health SQ as data-driven work that users undertake to fulfill
their health objectives [4,127,128]. It described how users
interact with the SQ tools to define what aspects are relevant
to their health conditions (eg, weight, sleep, blood pressure, and
so on) [4,5]; set goals and track data about these health aspects
for a period of time [7]; analyze the collected data to extract
insights on health status [129,130]; adjust behaviors based on
the insights and knowledge obtained from the analyzed data
[130]; and control the adapted behaviors by sustaining the
changes until the desired health outcomes are achieved [127].
We found that it was possible to categorize the overall content
of the literature on health SQ activity or work in two ways:
work on data and work with data. Table 1 maps these to the
included studies. We found that the literature addressed working
on data much more that working with data.
The first type, work on data, refers to activities that users carry
out to manage their health SQ data. We found that the
description of health SQ activities was not consistent across the
reviewed literature, even when studies were based on the same
human-computer interaction concepts. One study [4] stated that
there are five key activities: preparation (eg, determining what
information to collect and what collection tool to use), data
collection, data integration (ie, combining data from multiple
tools into one place), reflection (ie, analyzing data and looking
at or exploring visualized information), and action-taking by
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the tools (eg, sending alerts to the user). However, another study
[7] asserted that there are three key activities: goal setting and
collecting data via using the tools (eg, BodyMedia—an armband
for weight management—allows users to set goals toward more
physical activity, lose weight, or stay the same); interpretation
or reflection on the data (eg, analyzing data and calculating the
time necessary to reach goals by the software); and providing
feedback and coaching by the software (eg, Larklife—a
wristband that tracks steps taken—will glow in a certain color
when the users have not been moving for a while). Furthermore,
we found that data collection and analysis activities received
high attention, whereas hardly any study examined data handling
activity (eg, data organizing, storing, and so on).
The second type, work with data, refers to activities that users
carry out in using their data as the basis for actively managing
their health status [8,10]. Some studies used the term “reflection”
to imply this type of activities; to reflect upon data, users are
assumed to look at their analyzed data, attempt to understand
them, and act upon this understanding to improve or maintain
health status (as in studies [4,7]). Other studies described this
kind of interaction from the perspective of users’ cognition in
relation to one or more factors: building belief [12,131];
intentions for collecting data [131]; perception of the usefulness
of using such tools in tracking health [132]; perception of the
usefulness of objective data in making informed decisions [133],
building knowledge or awareness about health and function
status [5,7,130,134], in deciding what action should be taken
on the generated data [8], the ability to act [132], and
maintaining behavior or keeping track to cope with growing
health problems or conditions [135]; and perception of
themselves as good or bad self-quantifiers [8]. However, the
definition of these factors is vague and questions remain open
about how these factors are interrelated. We found that there is
a need for further conceptualization to define and describe this
kind of interaction between users and their health SQ data.

Constructs of Overall Health Self-Quantification
Activity
Applying the concepts of AT to our analysis of included studies,
we found that one study [8] mentioned all 6 AT constructs,
although it did not examine their structure or the relationships
among them. The remaining studies mentioned only 3
constructs—user, tools, and objectives. Table 1 maps the AT
constructs mentioned in the included studies, and the following
paragraphs give detailed examples of how we found these
occurring in the literature.
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Table 1. Mapping of themes to included studies in a systematic review of health self-quantification.
Themes

Article reference number

%

4 5 6 7 8 9 10 12 13 127 128 129 130 131 132 133 134 135 136 137 138 139 140 141 142 143
Inductive themes
Work on data
X X X X X X X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

100

Work with data
X X

X X

X

X

50

Deductive themes from ATa
Subject or user
X X X X X X X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

100

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

100

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

X

100

Instruments or tools
X X X X X X X
Objectives
X X X X X X X
Division of work
X

X

8

Community
X X

X X X

X

X

X

X

X

X

X

X

X

X

X

X

65

Plan and rules
X
a

X

X

11.5

AT: Activity Theory.

Subject
A subject is a user who “tracks many kinds of data about
themselves” [5]. They could be life hackers, data analysts,
computer scientists, computer literate, early adopters, health
enthusiasts, or productivity gurus [5]. They could also be
self-experimenters and use such tools to conduct their own
health studies and experiments [5,9,10,136]. They could be
people who track themselves diligently and have relatively high
technical and mathematical skills [5,8,9,130]. On the other hand,
users could be more elderly, less educated, less affluent people,
or people with one or more chronic conditions; such people
could have more limited skills, less experience of using
technology, or less access to SQ tools [8,130,137].

Instruments
Instruments are the tools that are used for health SQ. The
description of tools in the reviewed studies was loose; tools
were variously described as systems, devices, sensors,
applications, mobile phone apps, Web-based applications, or
software. Such variations might be assumed to be based on the
characteristics and features of various technologies; however,
this was not always the case. The term “system” at times was
used to refer to a Web-based application, such as the prototype
described by Li [4], and sometimes was used to refer to the
health SQ device and its accompanying software application
(such as in studies [138-140]). We note that the term
http://www.jmir.org/2016/5/e131/
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“application” is not self-explanatory; there are many different
types of applications such as mobile phone–based applications,
Web-based applications, and applications associated with
physical sensors (eg, the Fitbit app is associated with the Fitbit
clip sensor and cannot be used fully without the sensor). Our
analysis of this inconsistency shows a gap in the description of
SQ tools and indicates the need for an agreed taxonomy.

Objectives
Objectives, in practical terms, are what users aim to achieve
(eg, to increase exercise levels) [7]. Setting goals in relation to
these objectives is enabled by the tools used [7]. The SQ tools
convert these goals into a qualitative form of data (eg, activeness
state, such as active or inactive) or a quantitative form of data
(eg, number of steps per day) that can be used for illustrating
the users’ progress toward accomplishing what they want [4].
These data were described as indicators, health aspects,
variables, metrics, parameters, and health factors, based on the
researchers’ view of the purpose of SQ work. For instance, the
expressions “health indicators” and “health aspects” were used
often to describe data obtained through tracking and personal
analytics (such as in studies [4-6,12,13,128,135,141]), whereas
health “variables,” “metrics,” “parameters,” and “factors” were
more associated with data produced as a result of
self-experimentation (such as in studies [5,127,136,142]). In
addition, these objectives could be described from a health
perspective. One study classified these data into five categories
J Med Internet Res 2016 | vol. 18 | iss. 5 | e131 | p. 5
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based on their health and well-being characteristics: body state
(eg, physical and physiological), psychological state and traits,
activities (eg, exercise, eating, sleeping), social interactions,
and environmental and property states [128]; however, this
classification is not adequate to account for all health-related
aspects in each category. Our review indicates a need for a
classification scheme for describing the SQ data in terms of the
health objectives, in a comprehensive and systematic manner.

Division of Work
The literature showed that the division of work could be
interpreted in two ways. In the first case, the SQ work can be
technically divided between the users and the tools used [4].
For example, in data collection, the tools may offer manual or
automatic data collection. In manual data collection the user
needs to perform the required action (eg, logging food intake
manually by using CalorieTracker app), whereas in the
automatic mode the tools perform the required action (eg,
counting steps automatically by Fitbit) [4].
In the second case, the work is divided between users and others
(eg, friends, peers, and so on) [8]. Here, the users not only need
to collect data and know numbers, but also need to assess their
perception of their own status and achievements to gain a
holistic understanding about themselves. To do so, they may
share their data or experience with peers [6,13,143]. For
example, sharing the exact steps taken in a week with a group
of peers allows the person to compare their numbers with others
and then accordingly evaluate their own personal activity level
[9]. In another example, the users may share their findings from
health self-experimentation with others who have run similar
experiments in order to compare results and then confirm or
disconfirm their own hypotheses [5,136]. In addition, some
users go online and share their health concerns; for example, to
discuss relevant aspects of their health conditions [143], about
which we give further details in the next section.

Community
Community refers to the persons with whom the users opt to
share their SQ experience. Many SQ tools support sharing data
via social sharing features (eg, Fitbit allows users to share their
data with groups or other individuals) [134]. Self-quantifiers
can voluntarily share their data, results, and so on with others
who could be friends, family members, relatives, partners, health
care professionals [5,7-9,134,135,141], or peers on online and
traditional health support groups (eg, PatientsLikeMe,
CureTogether, Quantified Self groups, and so on) [5,137,143]
or social networks (eg, Twitter, Facebook, and so on)
[134,135,143]. By doing so they hope to get motivated, learn
together, aggregate insights, compare results, compete or game,
engage in teamwork, and so on. Also, in pursuit of supporting
research, self-quantifiers may share their SQ experiences with
medical researchers who conduct health-related studies at the
population level (eg, crowd-sourcing studies over the Internet
like Genomera, DIYgenomics, and so on) [10,137,143] or SQ
technology researchers who may ask participants to test a certain
technical aspect of a tool in natural settings [4,10,12].
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Plan and Rules
Plan and rules in AT can refer to the method that users decide
on to reach their health objectives. In the examined literature,
these plans were described as styles of tracking [6] or data
collection plans [127]; approaches of using personal data for
health self-management [8]; or improvement plans that users
design for improving their lifestyle and adjusting behavior based
on the insight obtained from the previous tracking experience
[127].
One study [6] suggested five methods: directive toward a goal,
such as to either lose or maintain weight; documentary, to keep
an eye on things but not to change them; diagnostic, to look for
associations between health aspects (eg, tracking medication
intake and diet to find out the cause of stomach problems);
collecting rewards, to score points or register achievements;
and fetishized, that is, driven by the interest in trying out new
gadgets and technology. A further four methods were added by
another study [8]: to take action (eg, tracking blood glucose to
adjust diet or medication); to check progress toward goals but
not necessarily for taking actions (eg, tracking cholesterol, and
blood count values in anemia); to make sense of the health
condition status (eg, checking glucose when users experience
symptoms that they suspect indicate hypoglycemia, such as
feeling light-headed); and to show logs to health care providers.
On the other hand, the rules of health SQ could be related simply
to the regularity and frequency of tracking [4,8]. One study
described how some users examine their data periodically for
a holistic check on their own health, while others use their data
frequently for real-time decisions about their behavior [8].
Another study described how users might collect data several
times a day (eg, food consumption), once a day (eg, amount of
sleep), several times a week (eg, exercise), or a few times a
month (eg, symptoms) depending on their health needs and
observations [4].

Discussion
In health SQ, people must undertake many different activities
to transform their objectives into the desired outcome. Preparing,
acquiring, organizing, maintaining, retrieving, and reviewing
data in order to understand health status are related to data
management (DM) [144]; therefore, health SQ can be described
as a set of DM activities. However, people must undertake
activities that go beyond DM in order to actually take initiative
and responsibility for managing their health. This kind of work
is related to health management (HM) [145-147]; therefore,
health SQ must also be described as a set of HM activities. We
could not find any study in the literature that identified all the
AT constructs of these activities and examined the relations
between them.
This limited current view makes it difficult to holistically
investigate the effects of health SQ or systematically determine
which “constructs” or components could be key to supporting
or undermining users’ abilities to pursue their health objectives,
and hence to achieve their desired health outcomes. Thus, a
rigorous theoretical framework is needed, one that facilitates
deeper, multi-aspect, and more systemic understanding of the
J Med Internet Res 2016 | vol. 18 | iss. 5 | e131 | p. 6
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SQ activity or interaction between users and tools, highlights
all the constructs of such activity, and maps them in a structured
way [17,131]. This makes it easier to analyze issues affecting
the SQ work or activity, and hence makes it more feasible to
address them [17]. The following sections present a way to map
the constructs identified throughout the literature, extending
AT to develop a Health Self-Quantification Activity Framework.

(eg, I have not been active today), make a real-time decision
(eg, do more walking now), or perform medium-term
self-assessment (eg, if a person with diabetes is not feeling well
or is inactive today, they may need to check their blood sugar)
[8]. It also helps to illustrate one’s progress toward reaching
what they want; hence, it stimulates or motivates users to keep
on working until their goals are achieved [4-7,13].

Mapping All the Constructs of Health SQ Activity:
Development of the Health Self-Quantification Activity
Framework

Activity Theory asserts that the subjects’ work is mediated by
tools [14-16]. Thus, tools could be at the same time both
enabling and limiting. They may empower the users during their
work to attain their goals, or they may restrict such interaction
[15]. Either effect may be observed in health SQ.
Self-quantification activities are mediated by the users’ tools
[9-13]. As an example of mixed effects, a study about using SQ
tools to measure progress by athletes [9] found that if the
generated data or scores are below what was expected (ie,
because of limitation in data accuracy that users are not aware
of), their confidence and how they perceive themselves as
athletic individuals may be distorted; consequently, their
performance could decrease and eventually they might stop
analyzing or even collecting such data.

In the AT system, the subject has a goal, tools, colleagues or
friends, and rules when he or she is working on the goal to
transform it into the intended outcome [15,16,148]. This goal
is transformed into outcomes through a process of doing or
activities [16]. This process is called the transformation process
[16,148]. In this paper, this transformation process represents
the work on data and with data that health self-quantifiers
perform to manage their own data and health, respectively. In
the light of AT, we can say that self-quantifiers have health
objectives (eg, being an active or fit person). To attain such
objectives, they use SQ tools and set SQ plans to track data in
a certain way (eg, directive toward a goal), for example, to walk
10,000 steps per day. They interact with the SQ tools in order
to collect, analyze, store, and share data with others as well as
to gain knowledge on health, take actions on the generated data
to protect or maintain health status, and so on. Thus, AT appears
to provide an appropriate conceptual basis to describe health
SQ work. Therefore, it is used as a foundation to develop the
Health Self-Quantification Activity Framework (see Figure 2).
To illustrate how this framework fits with the AT
conceptualization of work, the discussion next presents the
reconciliation between the AT’s 5 principles and the nature of
health SQ practice. These principles constitute the general
conceptual system of an activity, which are as follows:
object-orientedness, tool mediation, the historical development
of activity, the hierarchical structure of activity, and
internalization/externalization [149]. Each of these principles
will be discussed in turn.
Activity Theory asserts that the subject’s work is an
objective-oriented activity [126,150]. Objectives are
sense-forming motives [126] where subjects’ consciousness of
the world around them is formed by their acting upon it [15].
In addition, an objective can be a motive-stimulus that stimulates
a subject to engage in the activity until the desired goals are
reached [126]. In health SQ, self-quantifiers track themselves
for various purposes or objectives such as to improve health
(eg, track blood glucose to hit the target range); to improve
other aspects of well-being (eg, track time spent on doing things
to be mindful); and to find new life experiences (eg, track heart
rate for as long as possible to see what can be learned from it)
[5]. Setting goals by using SQ tools in relation to these
objectives helps users to collect the data necessary to attain their
targets [5,8,13,137]. For example, in case of using Jawbone
UP—a wearable wristband for tracking physical activities such
as walking—when the users have not been moving a lot,
Jawbone UP will start vibrating after being still for a certain
time [7]. This helps the users to make sense of their health status
http://www.jmir.org/2016/5/e131/
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Activity Theory states that the objective-oriented activity has
a history of its own from which the human mind develops an
understanding [150]. The historical analysis of the activity is
often needed to understand the recent situation [15]. In health
SQ, the advances in computational analysis of SQ tools make
building a history of work possible, which is a major facilitator
to understand current health status and obtain self-knowledge
[129,130,134,142]. Data generated from using SQ tools are also
beneficial for people to evaluate their future health status.
Providing a history of the collected data and detecting trends
over time can help users to not only quantify the current health
and function status, but also calibrate expectations for upcoming
activities based on previous experience. Through evaluating
current performance against past performance, they may
compare their health status at different times in the year [9,141].
Activity Theory differentiates between activity, actions, and
operations to offer a hierarchical structure of activity. Achieving
the subjects’ objectives requires them to go through a series of
activities [15,16,18]. Each of these activities is composed of
actions, and actions are composed of operations [16]. In health
SQ, users undertake various DM and HM activities in pursuit
of achieving their health objectives. These activities are
composed of actions and operations [1]. We can take as an
example the data collection activity, which is one of the DM
activities: in the case of quantifying the walking habit, it could
be composed of several actions such as setting goals, wearing
the tools, going for a walk, and so on that are required for
generating data or measuring performance [1]. However, the
conceptualization of activities and actions in the examined
literature is vague; thus, the boundary between them is not clear.
This could be one of the reasons for inconsistencies in describing
the DM activities, as discussed previously. For example, goal
setting was considered a key activity by De Maeyer and Jacobs
[7], whereas data collection is an action that constitutes this
activity. In contrast, Li [4] considered data collection as a key
activity, whereas goal setting is an action that may be a part of
this activity.
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Activity Theory asserts that any activity has a recursive structure
in which feedback that evaluates performance is decisive [150].
On the basis of this feedback, the subject’s internal mental or
cognitive actions are formed and this is called internalization.
The opposite of the internalization process is the externalization
process where internal cognitive actions are transformed into
external actions. These two processes demonstrate that cognitive
activity is tightly interconnected with external objective-practical
activity [150]. In health SQ, data generated from SQ tools may
provide decisive feedback about the person’s current health
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status because they are neutral and not intuitive or emotional
[3,8,11,133]. Such data offer an opportunity for users to obtain
self-knowledge about health status, and based on this knowledge
they decide on what actions they need to take [4,7,9,13].
However, our analysis of the literature shows that these
internalization/externalization processes have not been fully
investigated yet, and the transition between these two processes
remains open for examination. Therefore, a more detailed
discussion of these processes cannot be provided in this paper
and will be taken up in future work.

Figure 2. Health Self-Quantification Activity Framework. SQ: self-quantification.

Using the Health Self-Quantification Activity
Framework to Investigate Health SQ Work
Many self-quantifiers have been frustrated in accomplishing
their health objective [4-10]. They gradually lose their initial
motivation and may stop tracking, and thus may not achieve
the desired health outcomes [1,4-10,128]. To examine what
could cause such a situation in a more systematic and structured
way, the Health Self-Quantification Activity Framework puts
SQ tool use into context, in relation to the goals, plans, and
competence of the user. In the following paragraphs, examples
of how a person could fail to achieve her or his goals are
provided in the light of the health SQ constructs as follows.
“Users” need to have high information and communication
technology (ICT) skills [6] and mathematical skills [9] in order
to successfully use the SQ tools to track health. However, not
everyone is so skilled. A study shows that few people in Europe
have high ICT skills (only 29% of the European population
from 28 countries) [151]. Therefore, factoring in the users’
technical and mathematical competence levels (eg, low,
moderate, or high) could lead to better understanding their health
outcomes from health SQ [152,153].
“SQ tools” have a major influence over users. A study found
that “users were emotionally involved with their tools, and saw
this more as their external conscious to see the details on their
physical activity, food and sleep patterns and act on it where
necessary” [7]. However, any issues that arise when these tools
are in use may increase the time and cognitive effort needed to
resolve these issues and to gain self-awareness [4,5,7,154]. For
example, if many types of health indicators are of interest,
finding a single tool that can support acquisition of most of
these data is difficult [4-7,12,138], thus, the users may decide
not to collect all the data that would be useful to successfully
manage health [4]; if they proceed, they may find themselves
http://www.jmir.org/2016/5/e131/
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using multiple tools, which increases the person’s time and
efforts to integrate, analyze, and learn from the collected data
[4,5]; and if the same data are tracked by different tools, when
combined, data may be inconsistent, giving rise to concerns
about data accuracy [139]. Therefore, users may lose their trust
in these measurements or may stop tracking [4,10,139,141].
“The division of work”—for example, dividing data collection
work between the user and tools in a form of manual or
automatic data collection [4,6,10]—may be cumbersome, and
this can impede the user’s motivation to collect data of interest
or pursue the SQ practice [7]. For example, one study [4] found
that self-quantifiers were eager to log their food intake manually
at the beginning, but this decreased because as time passed they
found it very time consuming.
“Community” is a very real experience that is enabled by health
SQ: some users go online and share their data or results about
their health status with others who could be friends, family, or
strangers, in order to observe, compare, compete, and so on
[143]. However, sharing this kind of information has its own
set of problems. For example, it could expose the users to
privacy breaches and different kinds of discrimination, including
discrimination in insurance and other financial dealings [143].
In addition, if the users’ results appeared lower when compared
with others, they might consequently develop a low opinion of
themselves and thus they might stop tracking their performance
[9,137].
“SQ plans and rules” are different for each person, and most
SQ systems do not consider this variation. For example, using
SQ tools for conducting self-experimentation raises many issues
[5,10,136]. When the individuals have personal hypotheses (eg,
if I drink sugar water over a period of 8 weeks, then I will lose
weight), they want to design their tracking plan to either prove
or disprove their hypotheses. However, the lack of integration
of single-case experimental design standards into health SQ
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systems leads to insufficient scientific rigor in data collection
and analysis [5,136]. Thus, with current SQ tools, testing one’s
thinking about personal weight loss would be challenging and
potentially misleading.

Conclusions
To summarize, health SQ is data-driven and objective-oriented
work that is mediated by tools. This work is composed of two
types of activities: DM activities (ie, work on data) and HM
activities (ie, work with data). These activities comprise 6
constructs (ie, users, SQ tools, health objectives and goals,
division of work, community, and SQ plans and rules).
Understanding health SQ work, activities, and constructs is
important because it is the first step to operationalize health SQ
fully. This may in turn help to achieve the aims of health
professionals and researchers who seek to make or study changes
in the self-quantifiers’ health systematically. This review makes
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two significant contributions to research in this field: it explores
health SQ work and its constructs thoroughly and it adapts AT
to describe health SQ activity systematically.
However, many gaps exist in the literature (eg, inconsistency
in describing tools, lack of a comprehensive view of health
objectives, and vagueness in describing DM and HM activities)
that need further investigation. To fill these gaps, our ongoing
work is leading toward developing a taxonomy that accounts
for various aspects of SQ tools’ functionality and
characterizations [1]; a conceptual model and classification
schema for explaining data or health aspects [155]; and a model
that describes the key DM and HM activities that are necessary
for health self-management [1,154]. These are critical
contributions to establishing a holistic and rigorous theoretical
framework within which to understand and improve health SQ
activity.
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