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ABSTRACT
Personal informatics (PI) systems have been developed to support
reflection. While reflection is considered an indispensable activity
in PI use, how and when reflection occurs is still under-studied. In
this paper, we present an analysis of the interactive features of 123
commercial PI apps, revealing that reflective practices are unevenly
supported. The lack of features that encourage user-driven reflec-
tion, scaffolding for setting goals and configuring data collection
and presentation, and consideration of wider implications stand
to limit meaning-making and frustrate nuanced insight genera-
tion based on lived experiences. Based on our findings, we discuss
how reflection is currently misrepresented in personal informat-
ics tools, identify and characterize the gaps between theoretical
research on reflection and interface features in current apps, and
offer suggestions about how reflection could be better supported.

CCS CONCEPTS
• Human-centered computing → Human computer interac-
tion (HCI).
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1 INTRODUCTION
Personal informatics (PI) refers to a class of systems that help people
collect data about and reflect on their experiences or behaviors to
gain self-knowledge and induce positive behavior change(s) [96].
PI tools (e.g., wearable trackers, mobile or web tracking apps) have
been increasingly adopted and used for recording large volumes of
personal data. They have become a popular way to track physical
behaviors or emotional states in the course of individuals’ everyday
lives, and they provide information that can support a wide range
of personal goals [146].

PI research considers reflection an indispensable activity that en-
ables individuals to generate insights for self-improvement and/or
make lasting changes in behavior or mental schemas [16, 49, 100].
Although the notion of reflection is not a single-faceted concept,
in a general sense, reflection is a meaning-making process enacted
through a conversation between a human being and their experi-
ences, an object, or a situation. [30, 42, 151]. Across many disciplines,
reflection has long been acknowledged as a valuable and impor-
tant practice to enrich lives; reflection allows people to engage
in alternative ways of knowing in order to gain awareness and
insights that empower them to make conscious decisions for both
personal well-being and to advance societal values such as justice
or environmental sustainability [152]. Thus, supporting reflection
is viewed as an alternative way to overcome the dominant approach
(i.e., persuasion) in behavior change interventions, helping users to
maintain a sense of agency in making sense of their experiences
rather than following instructions prescribed by others [13, 20].

Most PI research, including two broadly-cited PI models [53, 96]
that aim to describe the role of reflection in the use of these tools,
fall short in clearly articulating how and when reflective practices
occur [14]. Reflection is usually taken for granted in the use of PI
tools; as long as individuals are presented with data collected about
their activity or behavior, PI systems have often been presumed to
enable individuals to “gain insights” about their activity or behavior
and to facilitate (potential) behavior change. Kersten-van Dijk et
al. [84] called this assumption the self-improvement hypothesis, view-
ing a user as a self-motivated person who automatically reflects on
their behavior by examining their data and subsequently changing
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their behavior based on what they’ve learned [119]. Without an
explicit understanding of the definition and process of reflection, it
is difficult to design technological interventions to scaffold effective
reflective practices [14, 155]. Thus, a better understanding of how
reflection can be stimulated to support a meaningful interaction
with tracking tools is required.

While previous research provides conceptual frameworks of re-
flection as a resource for designing technologies [12, 17, 59, 155],
little work has been done to characterize how these conceptual
definitions can effectively be instantiated in system designs. There-
fore, in this study, we propose a series of operational definitions
of reflection by applying Fleck and Fitzpatrick’s [59] conceptual
definition of reflection to the domain of personal informatics, in
order to ask the following research question: how does the design
of commercial PI apps support reflection? To answer this question,
we surveyed 123 commercially available PI apps, coding their in-
teraction features as they relate to Fleck and Fitzpatrick’s levels of
reflection [59]. The ultimate objective of this research is to identify
blind spots [152] (after) in existing implementations of personal
informatics and expand the possible design space of these systems
to more effectively bridge between a broader theoretical spectrum
of reflection types and the practical issues involved in designing PI
experiences.

Through this survey, we find that reflective practices in PI apps
are unevenly supported. The lack of features that encourage user-
driven reflection, scaffolding for setting goals and configuring data
collection and presentation, and consideration of wider implica-
tions stand to limit meaning-making and frustrate nuanced insight
generation based on lived experiences. Our research provides three
main contributions. First, we extend Fleck and Fitzpatrick’s theo-
retical framework of reflection to further operationalize each level
of reflection in design features relevant to PI systems. Second, we
discuss the ways in which reflective practices are—and are not—
supported in current PI apps. Third, we provide implications about
how reflection could be better supported in PI systems.

2 RELATEDWORK
Personal informatics tools are primarily designed to capture lon-
gitudinal data and support reflection in generating insights for
self-improvement and facilitating behavior change. Li et al. intro-
duced a stage-based model of PI systems with an emphasis on the
collection and reflection aspects of the systems that aid people in
gaining self-knowledge [96]. Li and colleagues’ model consists of a
series of five stages— Preparation, Collection, Integration, Reflection,
and Action—based on a goal-oriented perspective. Individuals move
through each stage to obtain self-knowledge by looking at their
data and subsequently changing their behavior based on what they
learn from the interaction with the PI system [84]. Li et al. [96]
note that each of these stages can be user-driven, system-driven,
or a combination of the two, depending on whether a user or a
system has a responsibility to perform each activity. They argued
that designers should consider the tradeoffs between having the
user and/or system be in control at each of these stages.

Complementing this influential model, Choe et al. [25] present
three different ways for PI systems to collect data: (1) fully man-
ual tracking, (2) fully automated tracking, and (3) semi-automated

tracking. Choe and colleagues point out that reflective practices
are also influenced by the type of data-collecting method(s) that
are employed [28]. The fully-manual approach to tracking supports
greater awareness of behavior because people are asked to input
their data manually, and the action of entering data into the sys-
tem forces users to engage with their tracked behavior. However,
systems that employ fully manual tracking also incur a burden
for users, leading to reduced convenience and increased abandon-
ment [50]. To reduce users’ burden, fully automated tracking may
be considered as an alternative means for collecting data in PI
systems. However, the automatic sensing approach reduces users’
awareness of what data are collected and how they change over
time [97]. As a compromise between these two approaches, Choe
et al. [25] introduced the idea of semi-automated tracking, which
they refer to as any combination of manual and automated tracking
approaches. To successfully employ the semi-automated tracking
mode in the PI tools, understanding what type of data is necessary
to collect is essential [25]. Building on a semi-automated tracking
approach, Kim et al. presented Omnitrack, a mobile PI tool that
allows people to customize their tracking items depending on their
tracking needs or preferences [88].

Niess andWozniak introduced the Tracker Goal EvolutionModel
to describe how users set and track their goals [125]. To better
understand long-term engagement with PI, they focused on users’
goal practices to complement existing PI models. As Li et al.’s PI
model ends in action, goal-setting theory [105] has been considered
an effective strategy for encouraging behavior change (e.g., [33, 62,
67, 120]). Setting regular goals helps individuals dedicate themselves
to achieving their goal(s) [104]. To keep individuals engaged with
their goals, Gulotta et al. [73] argue that asking users to reflect on
their goals (i.e., “periodic reflection”) is important. They introduced
two types of personalization to support the iterative refinement of
goals: system-driven personalization (inferring users’ goals based
on collected data) and user-driven personalization (supporting the
design of personal goals by the users themselves). For instance,
machine learning methods are often applied to PI systems in order
to generate system-driven recommendations that help users set
their goals [62, 179]. Niess and Wozniak found that users reflect on
their needs to translate their goals from qualitative to quantitative
ones [125].

Rooksby et al. [146] extended the discussion about the use of PI
systems by employing a “put people first then technology” approach
to better understand the role of these technologies in users’ every-
day lives, resulting in a perspective that they refer to as lived infor-
matics. Through the presentation of five styles of personal tracking
(i.e., directive tracking, documentary tracking, diagnostic tracking,
collecting rewards, and fetishised tracking), they argue that self-
tracking technologies should support the diverse personal contexts
and characteristics of lived experience rather than a single, goal-
oriented trajectory. Failure to support diverse forms of use can result
in an increase in abandonment [51] or introduction of ethical is-
sues (e.g., marginalizing people from certain backgrounds [35, 157]).
Mols et al. also argued that incorporating people’s everyday life ex-
periences into the design of technological intervention is crucial to
support reflection [117]. To incorporate different modes in tracking,
the need for customizability and flexibility in designing PI tools
has been discussed (e.g., [5, 6, 38, 87, 107]). Although customizable
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features allow users to deeply engage with their experiences by
supporting their agency in making sense of data, people may feel
burdened by deciding how to track their data by themselves [5, 181].

Combining this lived informatics perspective with Li and col-
leagues’ conventional PI model, Epstein et al. [53] proposed a new
model for personal informatics. While the stage-based model fo-
cused primarily on the interaction between a PI system and its
user, Epstein et al.’s lived informatics-informed model articulates
a broader trajectory of self-tracking integration into everyday life
by people with varied goals. Although the lived informatics model
helps to provide a holistic view of the use of PI tools in everyday
life, it is still unclear how people reflect on their experiences or
behaviors when interacting with PI tools.

Reflection is often taken for granted in PI systems as long as
users interact with the system as imagined by its designers. Given
the fact that reflection is viewed as a naturally sequential process
in PI system models (e.g., an inevitable consequence of interac-
tion with the information visualization, the impetus for behavior
change) [53, 96], individuals’ reflective practices were understood
as a mechanism of the information processing in PI tools, isolated
from personal lived experiences. Although reflection could occur as
long as output from PIs is displayed to users, this restrictive perspec-
tive of reflection (i.e., the information-processing metaphor [76])
may fail to capture all the ways reflection can be stimulated in the
interaction with PI tools. Therefore, in this study, we focus on more
closely understanding this reflection process, with the goal of better
informing design to support diverse and situated reflection as part
of self-tracking practice.

3 THEORETICAL BACKGROUND OF
REFLECTION

Reflection is connected to multiple cognitive processes and can
result in different outcomes, such as learning, behavior change,
or gaining a critical perspective [59]. In the personal informat-
ics model, for example, reflection is an impetus for behavior
change [96], while in the reflective learning literature, reflection is
an impetus for learning [18]. Although reflection is considered as
a meaningful activity across different disciplines or practices, the
notion of reflection remains ambiguous and contested [30, 59, 166].
This is because reflection is a multifaceted concept. Therefore, the
definition or goal of reflection can be different depending on a theo-
retical framework in which genealogy or discipline is grounded. In
this section, we develop the theoretical backdrop of our study, re-
viewing a range of foundational works on reflections with a primary
focus on HCI.

Much of the HCI-oriented reflection literature traces the intellec-
tual genealogies of reflection back to Dewey [42], who characterized
reflection as an “active and deliberative cognitive process, involving
sequences of interconnected ideas which take account of underlying
beliefs and knowledge” (as paraphrased in Hatton and Smith [78]).
The concept of reflection-in-action [151], introduced by Schön, has
also recently been influential in HCI as a guide for developing sys-
tems to support reflection [14]. Schön [150] distinguishes between
two types of reflection. Reflection-on-action is retrospective critical
thinking—thinking back on what one has done in order to recon-
struct the knowledge that was used [58]. Reflection-in-action, in

contrast, is the embodiment of knowing-in-action—thinking about
what one is doing while one is doing it, giving the reflective prac-
titioner an opportunity to redesign what they are doing on the
fly [151].

Fleck and Fitzpatrick present a taxonomy of five different levels
of reflection as a resource for design based on the educational re-
search literature [59]. The lowest level of reflection (R0) is referred
to as a simple “description or statement about eventswithout further
elaboration or explanation” [59]. Although this level of reflection is
considered as a part of the reflection stage in PI use [96], Fleck and
Fitzpatrick’s framework consider it to be mere revisitation of what
one did, instead of constituting reflective practice. Their second
level of reflection (R1) extends this idea of revisiting action, but
includes prompts for individuals to articulate an explanation to jus-
tify those actions. Fleck and Fitzpatrick note that R1 is actually the
first level of reflection to initiate reflective practice; therefore, we
refer to R0 as descriptive reflection and R1 as explanatory reflection
to distinguish between them. The third level of reflection (R2) is
dialogic reflection, in which individuals examine the relationship(s)
between two or more data points. The goal of dialogic reflection is
to establish causality or correlation between one’s previous experi-
ences and his/her data. Next, transformative reflection (R3) helps
individuals to develop a new perspective for reassessing their own
orientation to perceiving, feeling, or acting [114]. If individuals
become aware of alternative perspectives in level R2, then they
can adapt those new perspectives as part of their mental schema
or behavior in the R3 level. The last dimension is critical reflec-
tion (R4), which refers to reflection on aspects that transcend the
immediate context (e.g., social and ethical issues). There seems to
be a significant distinction between the lower levels of reflection
(R0–R2) and higher levels of reflection (R3–R4) in this framework.
While lower levels of reflection are situated in the displayed con-
texts (e.g., viewing data or visualizations of data), higher levels of
reflection require an engagement with perspectives that transcend
the immediate context.

To understand reflection as a multifaceted practice, we base our
research on this framework because it best synthesizes conceptu-
alizations of reflection with diverse literature on the practice of
reflecting from an HCI perspective (e.g., [92, 100, 148]). Although
both Dewey and Schön provide a solid theoretical basis of reflec-
tion, it is difficult for HCI researchers and practitioners to design
features in computing systems by directly applying the breadth
of these ideas about reflection. Moreover, a background in which
these notions of reflection are discussed (i.e., John Dewey’s reflec-
tion in a classroom setting, Donald Schön’s reflective practices in
a workplace) is quite different from technology use in everyday
lives, even though their notion of reflection is still meaningful to
discuss technology design in a conceptual manner. Bentvelzen et
al. also noted that many theoretical frameworks of reflection were
developed within the domains of specific professionals [17].

Other models of reflection employed in the HCI literature res-
onate with, if not duplicate the concepts contained in, Fleck & Fitz-
patrick’s work. Building on Mezirow’s transformation theory [114],
Mols et al. introduced the concept of everyday life reflection that is
“all deliberate and critical thought processes concerning our day to
day activities” [118, p.53]. Incorporating this perspective into the
Fleck & Fitzpatrick model, one might expect that more time and
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multiple mechanisms may be required for supporting transforma-
tive reflection [155].

To critically reflect on not only oneself but also wider contexts,
it is necessary to allow a user to form altruistic perspectives that
transcend an ego-centric perspective. While Sengers et al. [152]
used the word “critical” to define reflection, their notion of reflection
is also aligned with both transformative reflection (R3) and critical
reflection (R4) in the Fleck and Fitzpatrick framework. Sengers et
al. viewed technology as a mediation that enables a designer to
share their reflective concerns to make users reflect on not only
their lives but also the impact of technology on their behavior(s).

4 METHODS
In this study, we conducted an iterative review of the reflection
literature in HCI to construct a codebook linking levels of reflection
with the design elements that commercial PI systems currently
employ to instantiate and support different kinds of reflection. We
then used this codebook, informed both by the literature and the
interface elements we observed in commercially available mobile
apps from Apple’s App Store, to conduct a systematic review that
assesses how deployed personal informatics apps support different
levels of reflection based on our operational definitions.

Apps are considered as digital artifacts that are the product of
“human decision-making, underpinned by tacit assumptions, norms
and discourses already circulating in the social and cultural contexts
in which app designers are generated” [108]. While app analysis is
not a direct substitute for conducting human subjects research (e.g.,
experiments, surveys) to explore how end-users may or may not be
appropriating PI systems’ features for reflection in practice, doing
so can still offer insights about dominant design approaches and to
explore design spaces in an effort to improve the overall design and
coverage of apps in a domain (e.g., [19, 37, 41, 139]). Our use of an
app analysis method allowed us to see how apps prefigure a means
for users to reflect on their own recorded data and to explore a new
design space for reflection within PI apps.

4.1 Data Collection
We constructed our corpus spanning two data collection sessions.
Initially, we compiled a corpus of mobile apps based on the list of
“popular” apps on Apple’s US App Store in June 20191. We estab-
lished our initial corpus from the most popular apps in the “Health
& Fitness” category (240 total). It is only because many apps in
this category incorporated functionality common to personal infor-
matics. We then added 42 more PI-related non-“Health & Fitness”
apps by searching for the keywords “track” and “tracking” from
among the other categories of “most popular” apps in the App Store
(see also Figure 1). These 42 additional entries included apps from
the medical, finance, navigation, and book categories. Because our
research experienced a pause during the COVID-19 pandemic, we
refreshed our corpus to capture new and updated apps in the sum-
mer of 2021, verifying the inclusion of popular apps based not only
on Apple’s App Store rankings, but by additionally consulting a

1Retrieved from https://apps.apple.com/us/genre/ios-health-fitness/id6013, June 11,
2019. Our data scrape retrieved the app’s title (name), short tagline, rating, category,
and developer information.

third-party app analytics list2. During this second data-collection
pass, we added 53 more PI-related apps (across all categories on the
App store) to the initial corpus.

Once we collected our initial corpus of tracking apps, we began
to cull the list of apps to provide a tighter personal informatics focus
based on the following heuristics. First, we excluded apps unrelated
to self-tracking; for instance, some of the apps in our initial corpus
were designed to track parcels, weather, or transportation sched-
ules. We also excluded apps if they simply provided information
(e.g., health education apps) without including any self-tracking
features. Next, we excluded those apps that we would not be able
to fully investigate: those that required payment, that did not offer
a free trial period, that required registration in or association with
a certain organization or company (e.g., apps tied to a particular
health insurance provider or commercial weight-loss program), and
that required purchase of an additional or auxiliary device, such as
a smartwatch or external pedometer (e.g., Fitbit devices). This is
because we aim to include apps having relatively low barriers to
be selected and used by broader smartphone users. In other words,
we attempted to include apps that might have a higher accessi-
bility for potential PI users. Even though we excluded paid apps
from our corpus due to the accessibility, we checked all paid plans
from free apps (i.e., in-app purchase) to make sure if they provided
additional features to support reflection. So when necessary, we
created accounts and obtained free trials of “freemium” apps to
ensure exploration of all reflection-oriented features. For the same
reason, we also checked to see whether those apps remaining in
our corpus were also available on Google’s Play Store in order to
ensure that our corpus did not embody a platform-specific bias,
although we created our initial corpus from Apple’s App Store;
we removed those apps that were not available on both iOS and
Android. Finally, we excluded lightly-reviewed apps—considering
those with fewer than 1,000 posted reviews as outliers (the average
number of reviews per app in our corpus is greater than 50,000).
During our analysis phase, while we were collecting in-depth infor-
mation about each of the apps, their functionality, and their level of
reflection support, we discovered that eight apps had been removed
from the App Store since we originally constructed our corpus; we
excluded them from our reporting here, as well. Our final corpus
has a total of 123 apps (see also Figure 1); a more detailed overview
of this corpus appears in our supplementary materials.

The apps in this study reflect a diversity of tracking domains.
However, three types (Physical Activity: 25%, Physical Activity &
Food: 17.0%, Period: 12.1%) are the most dominant in our sample. As
prior literature has shown, the most popular data that individuals
reported tracking were physical activity (40%), food (31%), and
weight (29%) [28].

4.2 Data Analysis
We iteratively constructed a codebook linking Fleck & Fitzpatrick’s
levels of reflection, the HCI literature on personal informatics, and
those concrete design elements that we observed in the apps that we
studied. We conducted qualitative coding of these apps’ design fea-
tures in two phases: initially, in the summer of 2019, and then with

2Retrieved from https://appfigures.com/top-apps/ios-app-store/united-
states/iphone/top-overall, August 23, 2021
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Figure 1: Sampling process and corpus development

Tracking domain N % of corpus

Physical activity tracking 31 25.0%
Physical activity & food tracking 20 17.0%
Period tracking 15 12.1%
Symptom | Pill tracking 13 10.5%
Pregnancy | Baby tracking 12 9.7%
Finance tracking 9 7.2%
Sleep tracking 6 4.9%
Stress | Mood tracking 4 3.2%
Water 4 3.2%
Miscellaneous 9 7.2%
Total 123 100.0%

Table 1: The number of apps appearing in each tracking do-
main within our corpus.

an update to both the codebook and our app corpus in the summer
of 2021. In 2019, the first and last authors collaboratively conducted
both deductive and inductive coding of the apps to examine both
predetermined (i.e., resonance with and/or clear support for Fleck
and Fitzpatrick’s conceptual definitions of levels of reflection [59]
via presence or absence of specific interface features) and emergent
themes (i.e., additional categories of interest or any specific com-
monalities not previously identified in the literature) [115]. Then,
in June 2021, the first and second authors revised the codebook
(presented in the Table 2) based on the new app lists and more
recent PI literature and re-coded the expanded corpus.

We coded n=123 apps based on their App Store descriptions, the
screenshots included in their App Store entries, and throughmanual
exploration of the downloaded app’s user interface between June
and July 2021. As part of this in-depth analysis, the first, second,
and third authors downloaded and used each app in the corpus
over the course of two months to ensure that we had seen (and
could obtain visual evidence of) any reflection-oriented interface
components present in each of the apps based on our codebook.
We used each app for at least a week (up to 2–3 weeks) to collect
enough data to allow for a comprehensive assessment of the apps’
features properly, but did so from a perspective focused on interface
exploration—identifying whether each app incorporates particular
design components related to reflection—not a commitment to
long-term app adoption. Rather than splitting evaluation of the

apps evenly between authors, we chose a primary and a secondary
coder for each category to double-check apps’ features together.
To choose the main two coders for each category, we considered
our own personal backgrounds and interests. For instance, the
first author led on the baby and pregnancy tracking apps due to
recently becoming a parent. The second author’s main research
area is mental health, so the second author took a lead on stress and
mood tracking apps. The third author is an amateur runner, so the
third author focused on evaluating the physical activity tracking
apps. We chose not to calculate inter-rater reliability because our
coding is basically binary; whether an app has a certain feature
or not [112]. Moreover, our focus in this study is to explore the
possible design space of PI systems rather than report quantitative
or statistical analyses. To achieve reliability, our analysis process
was guided byNoble and Smith’s strategies for enhancing credibility
(i.e., truth value, consistency, and neutrality [127]). Specifically, the
members of the research team met weekly to review the initial
coding, resolve ambiguities, and identify the central themes to
focus on for subsequent analysis by sharing memos that captured
emergent observations. During this phase, we captured additional
screenshots from each app to facilitate post hoc discussion about
resolving ambiguous or uncertain coding and wrote memos to
discuss new observations or possible conflicts.

5 ITERATIVE CODEBOOK DEVELOPMENT:
HOW DO PI DESIGN COMPONENTS
FACILITATE REFLECTION BASED ON THE
PI LITERATURE?

To develop our codebook (Table 2), we combine insights from our
iterative app analysis with the findings reported in the PI literature
by elaborating on Fleck and Fitzpatrick’s discussion of techniques
for instantiating each level of reflection in the context of PI systems.
We focus on explaining how different interface component(s) might
serve as a(n) precursor for or instigator of each level of reflection
in the existing taxonomy. Note that our work focuses on reflection
per se, instead of its potential outcomes, although the dominant
focus of PI literature is behavior change as a result of reflection.

Our coding process focused on classifying the specific reflection-
oriented interface features and functionality provided by each of
the apps in the corpus. We followed this approach—in contrast to di-
rectly coding for levels of reflection—for two reasons: First, coding
for specific functionality (prompted by questions that we iteratively
developed during our first round of coding) made for a cleaner and
more definitive process than attempting to infer support for various
levels of reflection directly. Second, we felt that it was important
to identify and code those features that serve as the most obvious
precursors to particular levels of reflection rather than coding for
possible repercussions of usage (i.e., the first and most possible
effect rather than the secondary effect). For instance, an individual
may be able to find a pattern or correlation between different data
(R2) by seeing only basic descriptions of that data (R0). However,
since a straightforward recounting of the individual’s data does not
always afford this level of sensemaking [59], we coded instances
of simple data description as R0. Likewise, we know from research
that taking time to look through trends from multiple contextual
data can help people construct reasonable explanations [27], but
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since it is not possible to infer when an interface that simply dis-
plays contextual data sequences enables this behavior, we did not
code this app as (necessarily) supporting explanatory reflection
(R1). Social features such as internal social networking or online
community in apps may scaffold transformative reflection (R3) after
users consistently interact with other users. However, we cannot
make the assumption that people fundamentally change their per-
spective unless we observe them for any length of time. So, we
focused on social features’ primary effect in supporting reflection
(i.e., making users describe their experiences: explanatory reflection
(R1), allowing users to compare their data with others (R2)) [12, 59].

5.1 R0: Design Components for Revisiting
By definition, PI tools present data collected about individuals’ be-
haviors and actions back to those individuals to help them monitor
their behaviors, thoughts, and/or feelings. For instance, systems
commonly display the number of steps recorded during a day or
the duration of sleep recorded or measured. PI users check these
data, especially physical activity tracking one, to look back at their
recording [47]. These accounts of previous behaviors or events pro-
vide the empirical foundation for our operationalization of R0 in the
context of personal informatics systems. Any representation(s) of
data (e.g., textual or visualized) that describe users’ status without
any elaboration or explanation (i.e., interfaces that simply state a
record of experiences, events, or behaviors) can support users to
revisit their experiences. Systems that support goal-setting also
might allow regular revisition of these personal goals by presenting
the goal users set. In addition, a simple data collection feature that
asks users to manually fill out data can make them look back on
events or experiences [24].

5.2 R1: Design Components for Prompting and
Providing Explanation

To support explanatory reflection (R1), a system can either pro-
vide a coarse interpretation of individuals’ behavior or emotional
states through a data-driven approach or it can prompt its users to
provide an interpretation of their own data. A brief summary of
recorded data can be presented alongside descriptive statistics [16],
which supports a limited degree of explanatory reflection, if only by
providing users with one (generated) interpretation against which
reality can be compared or contrasted. This distinction between
manual tracking (i.e., a user-driven approach) and automated track-
ing (i.e., a system-driven approach), one of the original distinctions
in Li and colleagues’ model of PI systems [96], also extends back
into the data collection mechanism(s) implicated in R0. Some kinds
of self-tracking data simply must be provided by the system’s user
(e.g., the subjective perception of sleep quality or mood). In other
cases, PI systems can more easily capture related but not-fully-
descriptive data; heart rate might relate to sleep or mood, but does
not fully characterize a user’s experience of these states [25]. In this
sense, providing a field for manual data entry can also support R1,
because as part of manual data entry, users are able to describe their
rationale for or interpretation of actions. For example, Cordeiro
et al. [34] found that photo-based food journaling (i.e., manually
tracking food information through both photo and textual data
entry) helped people to reflect on their previous experiences.

Fleck and Fitpatrick also mentioned a social aspect in PI apps
can encourage users to prompt justifications or explanations [59].
An internal online community or some social networking features
can be a space in which users record and share their experiences.

5.3 R2: Design Components for Comparison
and Self-Diagnosis (Experimentation)

In practicing reflection level R2, individuals examine the relation-
ship(s) between two or more data points or work to establish causal-
ity between their previous experiences and data [59]. Since PI tools
are able to collect and process much information based on a wide
variety of contextual factors, these systems have the potential
to—and often do—facilitate these kinds of dialogic insights [26].
These representations of data from multiple sources allow people
to self-diagnose their health status or to consider hypothetical ques-
tions [27, 28]. For instance, sleep tracking apps can help users un-
derstand their sleep patterns and quality of sleep through multiple
contextual data with visualizations or explanations of correlation
between sleep quality and other behaviors [11, 40, 98]. Furthermore,
Karkar et al. introduced a research prototype that helps patients
suffering from irritable bowel syndrome by allowing them to con-
duct self-experiments [81]. Based on this empirical evidence, in
our operationalization of R2 for personal informatics, we focus on
the juxtaposition of data presentation: any representation of data
(e.g., texts or visualization) from more than two different temporal,
spatial or other variables that enables users to consider multiple
perspectives and to explore causality.

However, we should acknowledge that depending on different
style of trackings, people may not gain dialogic insights from those
features in PI apps [47]. For instance, for directive tracking style,
temporal visualization (e.g., weekly, monthly overview) may be
just a visual modality to describe their activities without elabora-
tion (R0), it allows users with diagnostic tracking style to compare
present and past achievements (R2). Bentley et al. [16] found that
combining more than two temporal contextual data with a longer-
term trend facilitates individuals’ understanding of patterns in
their behavior. Although a temporal visualization does not incor-
porate more than two data points, it may help diagnostic tracking
users reflect on their previous experiences. This is because the di-
agnostic tracking is looking for a relation between more than two
things [146]. On the other hand, for people who just document
data without specific goals, the temporal visualization may just
help them revisit their experiences unless some data violate their
expectations [12, 47].

Through algorithms, PI systems also leverage users’ input data
to provide additional explanations with regard to an individual’s
experience or event [62]. Thesemachine-driven interpretationsmay
help users easily gain additional knowledge about their experiences
or actionable insights by comparing between predictions from PI
tools and current status [144].

Encountering other users’ traces or patterns also provides a user
with a chance to get to know an alternate perspective and to make
a comparison between an individual experience and the others [13,
59, 137]. By comparing them, people become more engaged in data
interpretation due to some surprise or inspiration [69]. For instance,
Feustel et al. found that university students made a comparison
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Coding categories Interface features coded Possible coding values Reflection
level

Data collection How is data collected? manual | semi-automatic |
fully automatic

R0/R1

What type of data does the app collect/allow collection of? quantitative | qualitative |
both

R0/R1

Does the app allow users to collect data through multimedia
format (e.g., pictures, video, audio)?

yes | no R0/R1

Does the app allow tracking of explanations or elaborations of
data?

yes | no R1

Does the app allow collection of flexible/arbitrary data or mark-
ers (e.g., define their own tracking parameters)?

yes | yes, within a fixed set |
no

R3

Does the app include prompts to provoke users’ explanations
on underlying motivations or reasons?

yes | no R3

Data presentation Does the app display collected data (i.e., shows a record of expe-
riences, events, or behaviors)

yes | no R0

Does the app display data collected over time (i.e., with a tem-
poral dimension)?

yes | no R0/R2

Does the app show correlation and/or causality relationships (e.g.,
dashboard with two or more data shown side-by-side/overlaid,
prediction based on two or more data types)?

yes | no R2

Does the app display textual explanation(s) about/for data? yes | no R1/R2
Does the app allow users to customize data presentation (e.g., a
customized visualization(s))

yes | no R3

Goal-setting Does the app allow setting a personalized goal(s) (i.e., ask to
choose a goal and set it up) and displays it?

yes | no R0

Does the app allow setting a customized goal(s) or updat-
ing/changing goal(s)

yes | no R3

Social components Does the app show traces or patterns of other users? (e.g., sta-
tistics from anonymous data)

yes | no R2

Does the app allow users to share their data with other users
through internal social networking features?

yes | no R1/R2

Miscellaneous Do facets of the app help people to consider both per-
sonal/individual and social/ethical/community issues?

yes | no R4

Does the app deliver informational or educational content? yes | no —
Does the app include chatbot/avatar functionality as part of the
interaction?

yes | no —

Does the app display quantified data (i.e., descriptive statistics
or visualizations with users’ qualitative or multimedia data
together?

yes | no —

Table 2: The final codebook to survey PI app features that function as a precursor of each level of reflection.

with other students who have similar backgrounds (i.e., cohorts) to
identify insights and (re)frame their goals by understanding cohorts’
average [55]. Other users’ anonymous data can be presented in a
text or visualization as well as an internal social networking feature
in an app. A community can help users support not only R1 (i.e.,
by sharing their data) but also R2 (i.e., by checking others’ data
and receiving feedback from others). These social components to
support reflection are also leveraged in a family [148] or work
setting [111, 138]. For instance, the concept of collaborative or
social reflection is used in a health and medical practice to make
better decisions for treatment [111, 138]. In this context, medical
workers interpret shared data collaboratively or use individual
knowledge and experiences to make sense of a medical situation
(e.g., treatment).

5.4 R3: Design Components for
Transformation

Both Fleck and Fitzpatrick [59], and Baumer [12] argued that trans-
formative reflection can occur with support from other dimensions
(levels) of reflection. Understanding what design techniques best
support transformative reflection is a more difficult and nuanced
task. For instance, it is difficult to know when (or whether) peo-
ple’s original point of view was changed; as a result, pinpointing
interface features that might provoke these kinds of changes is
more difficult. Fleck and Fitzpatrick [59] also did not discuss spe-
cific HCI design techniques that support these higher levels of
reflection. They acknowledged that higher levels of reflection rest
upon what and how people make sense of information to become
critically aware of how they perceive, understand, and feel about
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their experiences (i.e., internal process) [59, 114]. In the previous
empirical PI studies [27, 82, 148], higher levels of reflection are
rarely observed in the short-term period of interaction with PI.
While it remains under-studied how to design PI to support trans-
formative reflection, Slovak et al. proposed a framework with an
emphasis on support for the right sort of experiences by drawing
on Schön’s notion of reflective practicum [155]. In the educational
setting, the mentors’ role is important to scaffold the right sort
of experiences for mental schemas or behavior changes. To offer
similar experiences with mentoring to users, PI apps can initiate
a conversation about users’ experiences or data to elicit interper-
sonal interaction [155]. Building on the concept of the right sort
of experiences, in our operationalization of R3 for PI tools, we fo-
cus on a couple of features that possibly support transformative
reflection. Since our work focuses on reflection, we do not refer to
transformative reflection as behavior change or future action, but
perspective transformation [12, 114].

Interface features that ask a question with explicit prompts is
considered a helpful technique for scaffold R3 in that it helps mo-
tivate individuals to participate in data collection and encourages
so-called “in-depth” reflection [95, 118, 141]. Researchers have also
found that questioning (along with appropriate guidance) compels
individuals to articulate rationale for their behavior, facilitating an
understanding of the reasons behind actions [29, 59, 101]. There-
fore, we focus on how the system prompts users to describe their
behavior in a qualitative manner that facilitates a journey of making
sense of experiences (i.e., right sort of experience).

Customizable approaches can also arrange the right sorts of
experiences for users by eliciting their meaning making process.
To reach higher levels of reflection, the main agent to actively
make sense of experiences needs to be a person (e.g., a user, a
student) [59, 155]. While the features we discussed in previous
sections might encourage users to reassess their own perceptions,
beliefs or attitude to transform their perspectives, customization
features can enact agency in the reflective process to make sense
of one’s own experiences [5, 160]. Zhang et al. found that peo-
ple are willing to make use of customization features as long as
they build an appropriate level of self-efficacy [181]. Also, many
first-time users often do not have a specific goal in mind when
initiating PI use. However, users’ goals (can) become more concrete
through reflection on their behaviors collected and presented by
PI tools [53, 68, 125]. In some cases, updates to a user’s goal(s) can
be made by using the app itself (e.g., as an outcome of experienc-
ing the features supporting lower levels of reflection) or due to
external, personal circumstances [146]. Therefore having a feature
that allows users to update or customize their goals can arrange
the right sort of experiences, possibly leading to R3. In this sense,
customizing what data is collected, integrated, and presented can
possibly help support R3 by having agency in the meaning making
process [5, 87].

5.5 R4: Design Components for Transcending
the Immediate Context

Finally, PI systems were originally designed to help individuals un-
derstand their own behavior(s) rather than their interactions with
society or the broader world [96]. However, PI systems have since

evolved to include a broader range of goals, which Lupton [109] clas-
sified into five modes of self-tracking tools: (1) private self-tracking,
(2) pushed self-tracking, (3) communal self-tracking, (4) imposed
self-tracking, and (5) exploited self-tracking. Among these five
modes, she also identified one additional mode in which the pri-
vate mode and communal mode are woven together. This ‘com-
pound’ mode allows users to track their data not only to improve
their lives (e.g., their well-being) but also to achieve community
development or collective goals (e.g., community sustainability).
For instance, Community Mosaic is designed to help community
members improve their healthy diet practice by sharing individual
behaviors [135]. While individual data is often shared with others
or is visualized in a comparative context next to others’ data to
provide social support or recommendations [39, 122], little research
has been undertaken about how best to facilitate reflection for both
private and communal purposes. Reflection is also often considered
as a mechanism to increase ecological awareness [20, 64], but to the
best of our knowledge, PI research has focused on either individual
(e.g., wellness) or ecological aspects (e.g., sustainability issues [63])
rather than the interplay of these two together.

Beyond reflection on activities, Sengers et al. argued that reflec-
tive design can support users to reconsider the impact of technology
on our behaviors in a critical manner [152]. In our operationaliza-
tion of R4 for PI, then, we focus on whether systems encourage
users to think about ethical considerations of tracked behavior or
enact collective values—interactions that help users consider not
only the personal benefits of their actions, but also other entities’
benefits beyond the immediate context.

6 FINDINGS: EMPIRICAL SUPPORT FOR
REFLECTION IN PI APPS

In this section, we report our results about how well PI app features
are provided to serve as a precursor to each level of reflection based
on our codebook. Informed by a commonplace definition of personal
informatics, all of the apps in our corpus collected some amount of
data and provided at least minimally sophisticated descriptions or
visualizations of that data to facilitate self-monitoring—for example,
a simple snapshot of previous data or a historical record with calen-
dars and/or time-series graphs. This follows from a commonsense
assumption that design strategies in PI apps have matured and
become standardized, at least to some extent. However, we also
found that different levels of reflection are unevenly supported by
PI apps. Here, we present details about how each level of reflection
is supported (or not) through examples drawn from analysis of our
corpus, and also draw attention to the instances in which control
or agency over the reflection process is exercised by the system,
the user, or a combination of the two (after the discussion point
raised by Li et al. [96]). Figure 2 provides an overview of the design
space resulting from our analysis.

6.1 Overview for Descriptive (R0) Reflection
As noted above, all apps support descriptive reflection (R0) well;
all display a summary of collected self-tracking data. A calendar
interface is also often used to provide an overview of users’ ac-
tivities for a month (e.g., Ovia Parenting & Baby Tracker [133],
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Figure 2: A design space of commercial PI apps illustrating clusters of design features organized by level of reflection [59] and
locus of agency [96]

Figure 3a). The physical and food activity-tracking apps we stud-
ied show a summary of daily activities (e.g., Argus [7], Figure 3b).
Period-tracking apps provide daily period or ovulation information,
often displaying a representation of the entire current menstrual
cycle (e.g., iPeriod [176], Figure 3c). Baby-tracking apps show a
baby’s recent activities (e.g., last feed time, sleep time, or diaper,
e.g., Baby Tracker [126], Figure 3d). Apps in other categories, such
as symptom or finance tracking, also presented data to help users
understand their health or financial status (e.g., EveryDollar: Budget
Your Money [164], Figure 3e). Across all PI apps, quantitative data
is usually the main source for this summary type of interface.

These overview interfaces (Figure 3) are often used as the default
landing or “home” page in these apps, either as a mechanism for
rapidly “checking in” on one’s progress and/or verifying that data
is, in fact, being successfully collected. Since descriptive reflection
is the foundation upon which successive levels of reflection are
built, the existing base of PI apps are generally well-designed to
provide this base for reflection; that is, giving users an opportunity
to notice their behavior or states [103, 170].

Most PI apps guide users in setting a goal, often by asking a
series of questions during the app set-up or account sign-up phase.
For instance, many weight-loss and workout apps ask users to enter
basic demographic information and physiological characteristics
and then use these data as the basis for establishing a personalized

workout plan or calorie-consumption goal (e.g., Fitonomy [4], Figure
3f). Some apps even set up a target date when users should be able
to meet their goal if they keep following the app’s instructions
(e.g., Noom [128], Figure 3g). These goals are often displayed in the
summary interface. For instance, many wellness apps that track
physical activity and food consumption highlight information about
how many calories users can consume the rest of the day to stay
‘on track’ (e.g., Carb Manager: Keto Diet App [178], Figure 3h). Apps
for tracking water intake also display progress reports toward daily
water drinking goals (e.g., My Water [174], Figure 3i).

On the other hand, other types of apps such as period tracking
or sleep tracking do not have a goal-setting feature. This is not
surprising, because people usually make use of these apps to doc-
ument their activities rather than to change behaviors [52]. Some
apps related to women’s health (i.e., period or pregnancy track-
ing) ask users to choose a main reason/goal why they use the app
(e.g., trying to get pregnant, tracking menstrual cycles), but this
information is usually used to set up the main focus of the user
interface.

6.2 Data Visualization for Descriptive (R0) and
Dialogic (R2) Reflection

Although some apps display only a snapshot of previous behavior,
most (87% of apps in the corpus) help users to compare or contrast
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(a) Ovia Parenting &
Baby Tracker [133]

(b) Argus: Calorie
Counter & Step [7]

(c) iPeriod Lite Period
Tracker [176]

(d) Baby Tracker [126] (e) EveryDollar: Budget
Your Money [164]

(f) Fitonomy: Weight
Loss at Home [4]

(g) Noom [128] (h) Carb Manager: Keto
Diet App [178]

(i)MyWater [174]

Figure 3: Features that support descriptive reflection (R0) in
apps.

their data by providing longitudinal, time-series graphs, overlaid or
annotated with a variety of contextual factors (Figure 4). These visu-
alizations enable users to browse their accumulated data, which is
helpful for facilitating remembering or reminiscing about previous
behavior [47]. These analytical representations transcend simple
descriptive reflection and begin to suggest more explicit support
for dialogic reflection (R2).

The most frequent visualization is to incorporate users’ historical
data with time on the x-axis to show temporal patterns. For instance,

a common graph shown in physical, food, symptom, and pregnancy
tracking apps shows changes in weight over a period of time (e.g.,
Glucose Buddy Diabetes Tracker [8], Figure 4b), since weight control
is one of the main themes/goals in those PI apps. In addition to
weight, temporal graphs are also used to show changes over time
in a wide variety of other behaviors (Figure 4).

(a) Fatsecret [54] (b) Glucose Buddy [8] (c) Sleep Cycle [154]

(d) Sports Tracker for
All Sports [2]

(e) Snore Lab [156] (f) Ovulation Calcula-
tor Fertile Tracker &
Calendar OC [131]

Figure 4: Features that support descriptive (R0) and dialogic
(R2) reflection in apps.

To help people gain knowledge about relationships in their his-
torical data, many PI apps display multiple visualizations together.
For instance, fitness tracking apps combine display of running pace,
elevation, heart rate, and weather, enabling users to identify pat-
terns or trends from their workout history (e.g., Sports Tracker for
All Sports [2], Figure 4d). Similarly, food tracking apps (e.g., Fat-
secret [54], Figure 4a) displayed calorie intake, activities, water
consumption, and weight visualizations together to foster explo-
ration of how a user’s overall lifestyle influences their weight. Many
period-tracking apps provide not only a record of reported men-
struation data, but also provide predictions of ovulation and period
arrival over the course of subsequent menstrual periods in the same
visualization (e.g., Kindara [89]). Many sleep tracking apps dis-
played the relationship between sleep quality and pre-sleep actions,
thereby allowing users to conduct self-experimentation (e.g., Snore
Lab [156], Figure 4f).
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Some PI apps offer predictions to help users take action; for
instance, anticipated future weight based on current food consump-
tion and physical activity norms, the best moment for a baby to
sleep, the date of and symptoms expected in the next menstrual
cycle, or the chance of conception on a given day (e.g., Ovulation
Calculator Fertile Tracker & Calendar OC [131], Figure 4g). These
prediction features may allow users to project their future-self,
leading to dialogic reflection on current behaviors [144].

A reflective explanation to interpret previous activities (R1) is
often a prerequisite to understanding the relationships among be-
haviors or events (R2) in the reflective practice [59]. This is because
a process of justification for action allows people to explore their
experiences and their meaning(s). However, since PI apps read-
ily provide information about correlation (and potential causality)
among data, these systems aim to help individuals to engage in
dialogic reflection, even in the absence of narrative explanations.
These technologies greatly reduce the barriers to exploring these
kinds of relations, and we can infer that this is one reason for the
success and popularity of this class of applications.

Current apps consistently provided opportunities for users to
scaffold dialogic reflection (R2). However, depending on their level
of motivation for achieving their goal or their degree of engagement
with the app, users may or may not be able to extract insights from
these relational data presentations (e.g., inferring the possible cause
of insomnia). Our findings also confirmed that most current PI apps
are designed based on the self-improvement hypothesis [84].

6.3 Machine-Driven Explanation for
Explanatory (R1) and Dialogic (R2)
Reflection

To support explanatory reflection, many PI apps generated explana-
tions based on collected data. The types of these explanations are
varied, including both (1) simple annotations and (2) interpretations
of input data.

Some apps provide brief text describing visualizations. These
explanations may not be necessary to support any level of reflec-
tion; rather, they help users understand how data are displayed.
For instance, StepApp Pedometer [158] (Figure 5a) and Lose it [57]
(Figure 5b) include a very quick summary of a user’s data below
a visualization (Another example is from Figure 4g). These anno-
tations may help visualization novices or individuals with limited
information literacy get information from graphs [70].

Other apps provide rich interpretations of users’ behavior, which
might otherwise have been difficult for a user to perceive without
expending intentional effort, committing to a long-term perspective,
and/or acquiring new scientific knowledge. By leveraging users’
data, these apps attempt to provide constructive explanations in
support of both explanatory (R1) and dialogic reflection (R2). For
instance,MyFitnessPal [123] (Figure 5c) andMyNetDiary [124] (Fig-
ure 5d) showed short explanations of the nutritional values of foods
a user has eaten and provides recommendations based on these
data, perhaps to better situate each meal in terms of users’ nutri-
tional goal(s). Some stress and mood-tracking apps (e.g., Figure 5f)
are based around a survey feature to diagnose emotional status.
Based on users’ responses, they provide interpretations to help
users understand their emotional state.

(a) StepApp Pedome-
ter [158]

(b) Lose it [57] (c)MyFitnessPal [123]

(d) My Net Diary [124] (e) Nurture [65] (f) Breeze [10]

Figure 5: Features that support Explanatory (R1) and dia-
logic (R2) reflection in apps.

We observed many instances in which apps provide informa-
tional or educational content alongside users’ data or goals. These
apps contextualize users’ data by presenting snippets from related
scientific articles or providing normalizing data ranges, with both
kinds of information acting as pedagogical tools [110]. For example,
Nurture [65] (Figure 5e) displays informative excerpts (e.g., infor-
mation about prenatal vitamins) after a user enters a self-report.
Although some apps post educational content in response to input
data to help users interpret their behavior or experiences, in most
cases, PI apps often include generalist content that might not be
related to a particular user’s needs or circumstances. For instance,
many apps provide “How-to” instructions or tips (e.g., running
or workout guide for beginners, recipes or meal plans, making a
budget). App descriptions on the App Store or apps’ websites often
promote these informative resources as a benefit to users. However,
these resources are a bit different than justifications provided by
users about their own experiences. While these resources may help
users to gain more knowledge about how their behavior can influ-
ence well-being, the objective descriptions offered by these systems
are less likely to trigger reflection on one’s own behavior. Overall,
most current commercial apps focus more heavily on providing
related scientific, medical, or lifestyle knowledge than in scaffolding
self-reflection based on users’ own data.
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6.4 Data Collection for Descriptive (R0) and
Explanatory (R1) Reflection

It is rare to find apps in the App store based on fully-automated
data collection, except for physical tracking apps with a focus on
counting steps. About half of the apps in the corpus leveraged only
users’ manual inputs, while the other half collected a combination
of self-report data and smartphone sensor data. Some apps also
provide options of connecting external devices to automatically
collect data for which no mobile phone sensor currently exists (e.g.,
heart rate from a dedicated heart rate monitor).

Beyond quantitative data, the majority of apps (n=79) collected
other data types such as text or multimedia. This kind of open-
ended text entry allows users to describe or annotate their behavior
or simply capture their thoughts about a particular event (Figure 7).
However, in most cases, completion of these “note” fields is optional
(e.g.,Huckleberry: Baby & Child [80], Figure 7a). Given that PI tools
emerged alongside the “Quantified Self” movement [177], it stands
to reason that the dominant perspective embodied by these tools
is that quantitative assessment can facilitate behavior change. It is
likely also significant that, in most cases, quantitative data is easier
to automatically sense, report, and summarize than open-ended,
textual or multimedia data. For instance, no apps in our sample
provided any analysis or summary of text in users’ notes—users
were not directly prompted to reflect on their textual data.

Among apps that did support multimedia data collection, pho-
tographs were the dominant medium. While some food tracking
apps leverage users’ photos to easily collect data, other apps al-
low users to upload photos to help remember their experiences or
track bodily changes. PI tools have been often criticized for their
restrictive ways of capturing how users experience and remember
their lives [47]. Although PI apps, in general, put more emphasis on
quantitative data, some do offer an opportunity to users to capture
their lived experiences through texts or photos.

6.5 Social Components for Explanatory (R1)
and Dialogic (R2) Reflection

While the social aspect of tracking has been discussed in the lit-
erature, most PI apps (n=80) in our corpus did not include social
features. Community features in current PI apps appear to be fo-
cused on increasing users’ self-motivation for achieving goals by
sharing progress or normalizing their data against reports submit-
ted by others with similar goals rather than collaboratively making
sense of a particular shared experiences or tasks. Many physical,
food, period, or baby tracking apps connect to internal (app-specific)
social networks, but this is not common across other categories
of apps in our corpus. For instance, many period or baby tracking
apps offer connections to sub-communities depending on reported
symptoms or the baby’s stage of development (e.g., Ovia Fertility
& Cycle Tracker [132]). Some physical tracking apps include shar-
ing features that allow users to share new activities or workout
histories with other app users (e.g., Figure 6d).

Social trace features that leverage other users’ data to generate
insights are also not common across PI apps; however, a few apps
provided concise explanations to help users compare their behaviors
with the other users. For example, the Sleep Cycle app [154] (Figure
4c) and Pacer [134] physical tracking app (Figure 6a) both provide

(a) Pacer [134] (b) Eve [66] (c)Workout Trainer Fit-
ness coach [153]

Figure 6: Social features that support explanatory (R1) and
dialogic (R2) reflection in apps.

comparisons of user data with averages submitted by others. Some
period-tracking apps (e.g., Eve [66], Figure 6b) also allow users to
compare their symptoms or status with other users who are in the
same menstrual cycle stage.

6.6 Initiating Conversations to Facilitate
Transformative (R3) Reflection

We found that althoughmany apps allow users to explain their expe-
riences through a text-entry interface (Section 6.4), few provide any
substantive stimuli to encourage users to capture their thoughts or
feelings that might serve as a cue for interpreting collected data. Ask-
ing reflective questions is a key technique for promoting reflection
because it encourages users to revisit their previous behavior(s) [59]
and to scaffold the right sort of experiences [155]. A small number
of apps (n=21) posed a question to encourage users to describe their
data, including concrete prompts (e.g., Strava [159]: “How did it go?
Were you rested? Leave your notes here” from Figure 7b; RR [143]:
“What thoughts or concerns are going through your mind?” from
Figure 7c). However, we found few apps posing why questions that
would clearly provoke a justification for recorded behavior [95].
Given the fact that breakdowns like surprising situations are known
to provoke reflection [12], a monotonous prompt (e.g., “How was
your run?” from Map My Run by Under Armour [172]) is likely not
sufficiently compelling to promote explanation. We did find one ex-
ample of a provocative prompt in a finance tracking app:Mint [116].
This app asked why a user wanted to spend less during the financial
planning process (Figure 7d). Some stress, mood-tracking, and jour-
naling apps also incorporated conversational prompts (e.g., `‘Why
is your work making you feel okay?” from Jour [61], Figure 7e). By
leveraging these prompts, those apps attempt to help users engage
with their experiences.

Conversation is viewed as an effective way to compel behav-
ior change in non-technology settings [91]. Since dialogue-based
coaching features can scaffold transformative reflection (R3), con-
versational interfaces also have the potential to trigger reflection.
We found that a few apps (n=10) embedded conversational inter-
faces into their apps. However, rather than coaching people to
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(a)Huckleberry: Baby &
Child [80]

(b) Strava [159] (c) RR [143]

(d) Mint [116] (e) Jour [61] (f) Flo [60]

Figure 7: Features that support explanatory (R1) and trans-
formative (R3) reflection in apps.

reflect on their experiences, these focused on collecting data from
users or providing health-related information. In most of these
cases, the process of conversation (i.e., turn-taking) was already
preordained, and users are only allowed to only respond using
fixed answer(s) (e.g., Flo [60], Figure 7f). Even though these apps
provide information to users in a more natural way by adapting the
conventions of a conversational interface, they fail to maximize the
benefit of a true conversational grounding process in which users
may be able to reflectively interpret their behaviors.

Overall, transformative reflection (R3) is poorly supported in the
apps that we examined. Our findings revealed that even when open-
ended text entry and conversational agent features are included,
they are generally not utilized to help users to justify their behavior
in support of transformative reflection. As a result, these apps may
fail to capture peoples’ nuanced and lived experiences, which are
difficult to sense using only quantitative data.

6.7 Customization for Transformative (R3)
reflection

Lack of flexibility is one of the main reasons why people do not
use PI tools [1]. We found that about half of the apps in our corpus
provide customizable features for goal setting and data collection,
but did so on a limited basis.

Various PI apps allow users to collect custom data about any of
their past experiences (e.g., food, exercise, expense, emotional sta-
tus, medication). For example, some food-tracking apps allow users
to log meals even if a particular food has not been included in the
app’s database. However, most apps have a fixed list of attributes
for new items; users are only able to use predefined labels to collect
data. For instance, only limited information (i.e., calories burned,
exercise duration) can be added to describe users’ experiences com-
pleting novel exercises (e.g.,my map Fitness by Under Armour [171],
Figure 8b). Food-tracking apps often allow users to add multiple
measures of nutrients and calories for new foods, but do not allow
users to fully customize other ingredient information that might
be personally relevant. While developing healthy eating habits or
controling calorie intake are common motivations for using PI tech-
nology, people’s everyday experiences in food are more diverse
than these apps can capture [32, 71], perhaps due to limitations in
what data can be readily visualized or algorithmically processed.

(a) Lifesum [99] (b) my map Fitness by
Under Armour [171]

(c) Drink Water Re-
minder N Tracker [136]

(d) Productive [3] (e) Truebill [169] (f) Fertility
Friend [162]

Figure 8: Features that are related to transformative (R3) re-
flection in apps.

Some apps also allow users to explicitly create custom or person-
alized goals (e.g., Drink Water Reminder N Tracker [136], Figure 8c).
In some physical work-out apps, users are able to set up a partic-
ular type of physical activity to track their exercise (e.g., walking,
cycling). Some food-tracking apps allow users to control the pace
of weight changes depending on their goals (e.g., losing or gaining
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weight); the ability to choose different food-related goals may sup-
port users’ needs such as recovery from eating disorders [44]. These
systems combine system- and user-driven personalization in an
effort to maintain alignment with users’ goals over time [73], one
potential mechanism for avoiding what Epstein and colleagues re-
fer as the “lapsing stage” [53]. For example, some physical activity-
and food-tracking apps continuously update and refine goals on
the users’ behalf. 5k Runner [56] adjusts the user’s training plan
after each run based on the measured pace and distance of the run;
if a run in Week 3 went particularly well, the app might advance
the user to Week 5.

However, as Munson has already identified, one limitation of
these approaches is that users are only given the opportunity to
select from a restricted set of goals with prefigured labels [119].
For instance, most PI apps allow users to update their goals in a
quantitative manner. Although a few apps (e.g., RR: Eating Disorder
management [143], Sanvello:Anxiety & Depression [149], and Pro-
ductive [3]) provide the option to add an open-ended, customized
goal, in most cases, users can only adjust their quantitative goals
(e.g., calories, weight). In another example, a central feature of one
financial tracking app (i.e., Truebill Budget [169]) is to negotiate
bills with service providers and help users to cancel unwanted sub-
scriptions. Because of this unique feature, one of the choices on
this app’s goal list is “cancel subscriptions” (Figure 8e).

Features for customizing data presentation are also not widely
available in the PI apps in our corpus. Most apps only allow users
to add or remove prefabricated visualizations from the main dash-
board; users can customize what they want to see first, but can-
not design their own visual components to capture personal con-
texts [87]. Across all PI apps from our corpus, Fertility Friend FF
App [162], a women’s health tracking app helping users to track
period, ovulation, and fertility, has the most interactive feature to
support customization. In this app, users can select one or two
subset(s) of historical data (e.g., period start and end date and BBT)
and choose to present their data in a line or a bar graph in a single
chart with different colors.

6.8 Beyond Ego-centric components for
Critical (R4) Reflection

We identified very few apps that directly support critical reflection
(R4). This finding resonates with Fleck and Fitzpatrick’s argument
that technological support for this level of reflection is both rare and
difficult to implement [59]. It appears that current PI apps primarily
aim to help individuals achieve their personal goals, embodying the
ego-centric perspective common in the personal informatics and
quantified self domain. We did note one exception: the app Charity
Mile [21] was designed to foreground a sense of “being” within a
broader global community; its goal is to link an individual’s activity
(steps, tracked via pedometer) with support for NGOs.

7 DISCUSSION
Our findings contribute to a richer understanding about how the
construct of reflection is currently embodied—and how it is not—in
PI apps. While a certain amount of time and effort is necessarily
required for reflection [59], our findings reveal that current PI tools
are designed to avoid these barriers to support reflection. They

make it possible for users to collect substantive amounts of data
about themselves, datasets that would otherwise be unavailable
without a massive time commitment to data collection, organiza-
tion, and maintenance. These tools also give users access to an
alternative perspective on their behaviors by providing visualiza-
tions and/or personalized explanations. Social features in some
PI apps encourage users to describe their experiences and to ob-
serve other users’ experiences, but they are not as widely leveraged
for diverse purposes. These functionalities give contemporary PI
apps the potential to foster reflection, since users may gain some
knowledge through interacting with the tools. However, it is clear
that the full process of reflection, based on Fleck and Fitzpatrick’s
framework, is not well supported in these apps. We discuss this
apparent gap between reflection in theory and reflection in practice
and present design considerations for better supporting reflection
in PI.

7.1 Agency in Reflection: The Misnomer of
Reflection and Fallacy of Insight in PI

Our findings showed that most contemporary PI apps offer lesser
agency to the individual user for reflecting on their data. Since
systems pre-constrain the meaning-making process, there is less
opportunity for individuals to generate knowledge beyond the in-
formation displayed by the system. Boud et al. [18] emphasized
the role that people themselves play in reflective practices in the
context of learning. Even though teachers can intervene with vari-
ous techniques to encourage and support learners in reflecting on
their experiences, there is a limited effect on stimulating reflection
without learners employing their own meaning-making process.
Following only predetermined sequences can limit users’ reflective
thinking [129]. Hatano and Inagaki also warned of the risk that “our
modern technology, which aims at reducing built-in randomness
in the system, by no means facilitates the acquisition of concep-
tual knowledge” [77]—that is, streamlining the reflection process
by placing a heavier reliance on system-driven reflection support
results in fewer opportunities for users to acquire self-insights and
reflect on their own experiences. Even though reflective informat-
ics is typically considered an intervention empowering users to
self-experiment in service of their own wellness [13], our findings
suggest it might be just another mode of persuasive technology [20],
designed with a restrictive perspective of behavior changes fa-
cilitated (e.g., monistic, fragmented) [142]. Since system-driven
reflection is a predominant design strategy in PI apps from our
corpus, they may encourage people to automate behavior change
through information and instructions prescribed by others rather
than supporting a generative meaning-making process by individ-
ual users. This is one possible reason why most reflective practices
supported by PI systems remain in the lower levels of Fleck and
Fitzpatrick’s [59] taxonomy of reflection. Kersten-van Dijk et al.
also found that PI literature that rests on the self-improvement
hypothesis for the prevailing intention in designing PI systems
and acknowledges the difficulty of capturing the process from self-
awareness to transformation [84].

We argue that current design strategies in PI apps ignore one
important facet of reflection—reflection as a conversation between
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the subject and the situation that enact the meaning-making pro-
cess [30, 151]. Donald Schön introduces the idea of reflective prac-
tices (i.e., reflection-in-action) with an emphasis on the individuals’
conversation with the materials of their practices [151]. In contrast,
PI apps make it convenient to track data without ever supporting
the user in considering the question of why, an essential facet in
scaffolding reflection. The PI model [96] affirms that reflection has
occurred as long as people simply look at the data. So PI users
are usually exposed to a representation of self or world that is
mainly understood and processed by a system. While the notion
of reflection-in-action provides an explanation about how PI helps
people gain insights, especially through “glanceable” information
visualizations (e.g., [137, 145]), the value of reflective practice—a
user’s appreciation of the situation or experiences to question the
assumptional structure of knowing-in-action as a way of refram-
ing problems [150]—may be overlooked the design of PI. Schön
highlights the value of reflective practices in response to techni-
cal rationality that is guided by engineering-type problem-solving
approaches [151]. Rather than making use of knowledge from for-
mal learning or guidelines, Schön argues that people are able to
resolve the situation and develop new knowledge by reflecting
on a situation/task/issue in the midst of action (i.e., an alternative
epistemology of practice). So, reflection is not supported by repeti-
tively following a prescriptive process; it emerges from a practice of
noticing different things and exploring alternative ways of seeing
one’s experiences and behavior [151]. Therefore, our findings urge
that the self-improvement hypothesis [84] needs to be reconsid-
ered; leaning on only the system-driven approach for supporting
reflection limits effective transformation of self-knowledge into
new behavior or mental schemas and limits the consideration of
wider implications beyond the self.

Consider, for example, the many PI apps designed to support
personal wellness. The lack of consistent support for user-driven re-
flection in these apps could have unintended consequences that un-
dermine their value proposition. For instance, by highlighting only
particular and isolated information such as consumed calories in a
numerical (quantitative) fashion, the design of current weight loss
apps have been shown to aggravate eating disorders [44]. Kersten-
van Dijk et al. also found that a system’s data visualization based
on standardized rules such as “10,000 steps a day” may lead to
misinterpretation of data and self [173]. These misuses of PI apps
could potentially be overcome by encouraging reflection on previ-
ous use or on users’ holistic health journeys; however, the lack of
support for reflective practice in these systems can lead to negative
impacts on personal health—and make these negative impacts last
longer [44]. Our findings point out that the system-driven reflection
supported by current PI apps could be one point of failure for help-
ing individuals make sense of their everyday experiences. Although
PI tools certainly provide new information (e.g., information visu-
alization, informational or educational content) to help people gain
insights—often, data that supports the awareness of the current
status and the construction of correlational or causal narratives—
the absence of support for user-driven reflection in PI tools may
lead to impoverished or incomplete insights, since these design
decisions deprive users a key part of the meaning-making process.
Even though the lived informatics paradigm places an emphasis
on how tracking is experienced in people’s everyday lives [146],

these apps still by and large rely on machine-assisted routinization
(i.e., reinforcing a drumbeat of evaluating a daily numerical score),
revealing a potential blind spot in current models of PI design and
use.

We do not argue that system-driven approaches to supporting
reflection do not contribute to scaffolding reflection. Rather, user-
driven approaches also should be part of design strategies in PI to
help users generate organic insights instead of prescriptive ones
based on their lived experiences. To better stimulate reflection, PI
apps must share agency in the meaning making process with users.

7.2 Design Implications: Opportunities for
Better Supporting Reflection in PI Apps

How might we better design PI apps in order to encourage people
to doubt their original assumptions, contemplate the mechanisms
embodied by these systems, and critique the representations that
they provide? What type of technological intervention would be
most beneficial in supporting multiple—or perhaps all—levels of
reflection?

Our findings show that depending on which app a user selects to
track their data, the app selection decision preconfigures which data
are collected and presented for reflection. In other words, selecting a
certain app forces users to commit to a restricted boundary of reflec-
tive practice; current systems limit people from having individually-
driven insights based on human agency. Drawing on mixed-agency
approaches such as the notion of co-performance [93], we present
design implications that PI app designers may consider in or-
der to help users engage with their experiences. Based on track-
ing styles and goals, not all levels of reflection need to be sup-
ported [52, 68, 146]. So, our goal is not to generalize one-size-fits-all
design implications for all PI apps. Rather, we discuss potential op-
portunities for innovation in the design process of PI apps—ways to
think about overcoming blind spots of current apps in supporting
meaning-making based on lived experiences. To do this, we draw
on PI models [53, 96], focusing on the collection, integration, and
presentation stages3.

7.2.1 Data Collection: Moving Beyond the Quantified-self and To-
ward the Qualitative-self. Most PI tools embody the notion of “self-
knowledge through number,” widely known as the Quantified Self
(QS) movement [177]. However, quantifying behavior can lead to as-
sumptions about what it means to be “normal,” healthy, or beautiful,
and this can result in feelings of inadequacy and even anxiety if one
does not fit the standard [72]. While there are beliefs that personal
data can be objective, some researchers have raised the concern
that PI tools are inherently biased and political [72, 102, 157]. We
do not argue against the importance of data accuracy in PI systems.
However, what if quantified measurements of a person’s health
are not compatible with that person’s lived experience, even if it is
scientifically correct?

Sincemost data processing—from collection to representation—is
quantitative and/or numeric, our lives are also interpreted numeri-
cally in most PI apps. Elsden et al. [47] argue that how PI tools make
sense of our lives is quite different from how individuals do. For
instance, while knowing how long we’ve run and how much our
3The fourth stage of Li et al.’s model is technically labelled “reflection”; we re-label it
here to better distinguish it from our more expansive discussion of reflection.



CHI ’22, April 29-May 5, 2022, New Orleans, LA, USA Cho et al.

Design implications Current PI apps’ domi-
nant design approaches

Considerations

Move beyond the quantified-
self and toward the qualitative-
self

Primarily collect, interpret,
and present data in quanti-
tative format

• Leverage (1) provocative prompts (i.e., first-person narra-
tion techniques [141]) to help users make sense of their ex-
periences in qualitative manners, and (2) smart journaling
feature to help users record personal thoughts or feelings.

• Consider how and what system driven features can be
combined with qualitative-self approach for supporting
meaning-making process

• Consider users’ tracking goals and motivations to decide
whether manual tracking is effective

• Consider novel interfaces such as conversational interfaces
as a way of tracking/collecting qualitative data to reduce
users’ burden in manual tracking

Empower users through cus-
tomizable design

Less controllability in cus-
tomizing data processing • Consider more customizable design features that empower

users by allowing themhow theywant to be represented and
what they want to achieve based on their lived experiences

• Consider possible external/physical materials that can sup-
port customization on data presentation

Data presentation based on
mixed agency

Focus on presenting only ac-
curate or relevant informa-
tion

• Consider displaying a combination of system-driven (e.g.,
visualization based on quantitative data) and user-driven
information (e.g., journaling)

Table 3: Summary of design implications

performance has been improved can be helpful in understanding
running behavior, remembering how an individual felt during and
thought about a workout after the fact are important in gaining
an alternative perspective and evaluating goals [165]. Although
capturing these feelings is important for fostering reflection [59],
the value of these qualitative data is currently underestimated in the
design of contemporary PI apps. It is not common to incorporate
interventions that prompt open-ended responses inwhich people re-
think their underlying motivations or reasons. Instead, most PI apps
focused on collecting numerical or ordinal data that can be mea-
sured in a quantitative manner. Swan [161] notes that tracking of
qualitative phenomena are important when seeking to understand
subjective data because qualitative data more effectively connotes
nuance and complex facets of people’s experience [48, 87, 141]. Peo-
ple also usually express their goals in a qualitative manner at the
beginning of PI use [125].

A qualitative-focused approach can function as an impetus to
support a sense-making practice based on noticing behavioral dif-
ferences over the long term, resulting in changes to mental states or
behavior [142]. Rapp and Tirassa argue that supporting subjective
interpretation of personal data by leveraging first-person narration
techniques (i.e., why and how questions) is crucial for making PI
use meaningful [141]. Similar to previous work [95, 141], we also

suggest more future research on how best to incorporate persua-
sive and provocative prompts into the design of PI tools is needed
to promote users to describe the rationale for or interpretation of
actions or events. This approach can more effectively scaffold reflec-
tion and generation of self -insights because answering provocative
questions encourages people to engage in interpretation of their
experiences or behaviors by themselves, a key precursor to effec-
tive self-reflection. For instance, by prompting users to describe
why they want to set a certain goal (e.g., Figure 7d), rather than
only asking them to set a quantitative goal, users may create more
meaningful goals derived from their lived experiences [125].

Some research suggests that a user-driven, qualitative approach
such as journaling (e.g., [6, 63]) or narrative capture tools (e.g.,
[79, 121]) can be a means to improve reflective practices. The jour-
naling and mood tracking apps in our corpus leverage prompts
to scaffold reflection relatively well (examples from Section 6.6).
When writing in a diary to record personal thoughts and feelings,
people are able to revisit and reevaluate their previous behavior
and to consider the wider implications of those behaviors (i.e.,
reflection-through-recording) [63]. By accounting for everyday ex-
periences, people who use journaling apps naturally reflect on their
memories, which stimulates the meaning-making process [46]. In
this process, technology functions as a “witness rather than nar-
rator” [46, p.2827] to capture experiences. Elsden et al. however,



Reflection in Theory and Reflection in Practice CHI ’22, April 29-May 5, 2022, New Orleans, LA, USA

found that system-driven features of remembering (i.e., recorded
contextual data such as location or weather) provide authenticity
for user-driven reflection (i.e., journaling). So how mixed-agency in
journaling features can be designed to stimulate meaning-making
is an interesting avenue for future research.

While the benefit of journaling practice in supporting reflection
might be obvious, employing a manual user input mode comes
with tradeoffs; a practice of journaling might restrictively support a
particular style of tracking (i.e., documentary tracking [146]) rather
than a breadth of goal-oriented tracking approaches [45]. So, PI
designers should consider people’s tracking types and their goals
when applying those features. Moreover, manual tracking puts a
burden on users, resulting in the abandonment [50, 181]. Therefore,
designers should consider that the qualitative-focused approach is
based on people’s motivations; people with less intrinsic motivation
might not naturally or willingly engage in recording their activities
or thoughts.

To reduce users’ burden in manually tracking these valuable
qualitative data, the potential of multimodal data collection and
conversational interfaces might be more prominently considered
in the design of PI apps. Research has shown that voice interaction
can reduce the data collection burden when users have difficulty
in manually inputting their data [106]. Further, conversational in-
terfaces have been shown to facilitate journaling practices and
elicit reflection on previous behaviors in order to provoke critical
reflection and action [90, 91, 147]. We found that applications of
conversational interfaces such as chatbots are used in very limited
numbers of popular PI apps (see section 6.6), and in most cases,
they focus on delivering information. We suggest that future re-
search investigate how provocative prompts to elicit justifications
for reflection can be effectively applied in PI tools in consideration
of the potential of multimodal and conversational interfaces.

7.2.2 Data Integration: Empowering Users through Customizable De-
sign. Our findings suggest that allowing users to participate in not
only the data collection phase but also the data integration phase—
where they are actually able to customize the meaning-making
process—is an important way to facilitate reflection by entan-
gling PI use with personal contexts and lived experience. Khovan-
skaya et al. [86] emphasized that PI systems’ internal mechanisms—
“decisions about which data are collected and how data are reflected
back to the user” [p. 3411]—should be rendered transparent for
users in order to provoke their critical reflection on the effects and
outcomes of these systems’ use. Even if a PI system does not pro-
vide full controllability of the data integration process by its users,
disclosure about how a system’s suggestions (i.e., goal-setting) are
generated can help to foster users’ commitment to their goals [180].
Because the types of data collected and integration algorithms
employed are predetermined by app developers, there is an ac-
knowledged need to design these apps to be more intelligible by
informing users about “what they (PI apps) know, how they know
it, and what they are doing with that information” [15].

However, more can be accomplished beyond improving the in-
telligibility of these apps’ internal mechanisms. To help PI users
find meaning in their everyday lives, the need to pay attention
to the customizable design of PI has been discussed previously

(e.g., [140, 173]). Since reflection is interwoven with lived experi-
ence, a degree of flexibility to actually control data processing (i.e.,
collecting, managing, and displaying data) in PI tools would be a
valuable improvement for supporting reflective practices. There
have been efforts to explore how to develop systems that empower
users by allowing for data customization (e.g., [87, 88]). However,
our findings provide empirical evidence that customizable features
in PI apps—(1) the variables and types of data that the system col-
lects and how to visualize them, and (2) their goals for using the
PI tool to better support reflection—are still uncommon. Intended
self-tracking practices by app designers are often aligned with in-
dividuals’ existing goals or motives [146]. Currently, these goals
are interpreted by the preconfigured mechanism(s) provided by the
apps and aligned with the system’s features to encourage people to
track their data. However, the lack of customizable design causes
abandonment of PI systems [94]. Previous work argued that PI
tools should be designed to promote a better experience of and
in our lives, taking into account users’ expertise in a tracking do-
main rather than promoting fixation on the tools and the tracked
data [48, 140]. To promote reflection on individuals’ personal lives,
the importance of customizable design should be underscored in
the design of PI apps.

We found that some current apps provided good support for cus-
tomizing the tracking of any data type that users would like to track.
However, merely providing more opportunities for users to collect
diverse data does not necessarily mean that people can customize
data collection and exploration to meet their needs. When some in-
stances of this kind of flexibility were observed in contemporary PI
apps, these systems still made use of predetermined data-processing
pipelines.

Allowing users to choose to display only a subset of data or
visualizations can be helpful in order to avoid information over-
load. Our findings showed that a few apps allow users to customize
their dashboard, but there was no feature that supports users to
encode their experiences to visualization by designing personal-
ized visuals. Ayobi et al. presented the potential of how physical
tracking practices can be converted into digital technology [5]. It is
known that constructing visualizations through physical materials
is effective in scaffolding not only lower but also higher levels of
reflection [130, 167]. For instance, Khot et al. showed that material-
izing physical activity into a physical artifact facilitates reflection
and reminiscence on previous activities [85]. Future research should
investigate to what extent and in what ways customization features
for data presentation can be developed in current PI apps.

7.2.3 Data Presentation: Information based on Mixed Agency. Our
study shows that current PI tools provide rich information visual-
izations and summaries to elicit further insights that are difficult for
users to capture on their own. Combining a user-driven visualiza-
tion approach with the predominant, system-driven one to provide
the “right sort of experience” [155] can be useful for considering
how PI apps present information to better support reflection. It is
uncommon, but we found that some apps display not only data
visualizations based on quantitative data annotated with users’ pho-
tos or narrative textual data. Current PI apps’ focus on delivering
more accurate machine-driven meaning-making on individuals’
data by leveraging (mainly quantitative) data. However, given the
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importance of individuals’ meaning-making process to stimulate
reflection, linking insights from machine-driven components with
personal annotations such as their notes or multimedia would be
beneficial to support the full process of reflection.

7.3 The Incorporation of Diverse Human
Interests in Reflective Practice: Beyond
Ego-Centric PI Design

PI tools might serve a valuable purpose not only for improving
individual wellness but also for embodying and reflecting on cul-
tural and societal values [152]. However, as noted previously, we
identified no features in our corpus of apps that support critical
reflection (R4), although one app (Charity Run) is designed to help
people to bring global issues to mind as a motivation and context
for self-tracking.

The limited perspective of human interests in discovering knowl-
edge and reflecting on their experiences may cause the lack of
support for critical reflection in the PI domain. Individuals’ self-
interests in pursuing knowledge and action are important determi-
nants of the way(s) in which an individual is reflecting. Haber-
mas [74] viewed reflection as a tool used in the development
of particular forms of knowledge, depending on people’s inter-
ests [83, 113, 175]. He introduced three different interests: (1) tech-
nical, (2) practical, and (3) emancipatory. These interests determine
the mode of making sense of experiences and discovering knowl-
edge. Most technologies are often designed to enhance instrumental
knowledge to help people have better control over their situations,
building on Dewey’s notion of reflection as a problem-solving pro-
cess to cultivate instrumental knowledge [42]. Drawing on this
notion, PI apps are also designed to cultivate self-knowledge to con-
trol our physical body, affective aspects, or behaviors by aligning a
personal goal. So the main discussion to support reflective practices
in PI use focuses on how to cultivate instrumental knowledge.

We argue that the practical and emancipatory interest should be
also considered in designing PI apps to support critical reflection.
The practical interests help people to generate practical knowledge
for mutual understanding and wise action within a coherent frame-
work of values transcending an ego-centric perspective. Our review
revealed that some PI apps in our corpus provided comparative data
from anonymous cohorts who have a similar demographic back-
ground (e.g., Sleep Cycle [154] Figure 4c) or who are experiencing a
similar physiological state at the same time. These PI-supported so-
cial interactions are often leveraged only to support an individual’s
goal or fulfill self-satisfaction with a focus on individual cognitive
activity [138] rather than promote community values or collabora-
tive work. Although personal data are derived from the individual,
as long as data are collected by these systems, personal data no
longer belongs only to the individual—they belong to the system.
Each individual’s data could be used or exploited in improving
the system’s integration and reflection mechanisms (e.g., recom-
mendation algorithms) for providing information to other users.
Tisné [168] argues that data should be viewed as a type of exter-
nality, similar to carbon dioxide. Although the amount of carbon
dioxide emitted by a single person is scarcely detectable, the sum of
carbon dioxide in our community has a tremendous effect on the en-
vironment. It may be important to support people in understanding

the social reach of data sharing and toward what purpose(s) their
data might be utilized in order to encourage users to reflect on its
societal value. Moreover, PI app designers may consider how they
fully leverage community features as not only a space for sharing
and tracing others’ data but also a platform able to support the
whole process of collaborative reflection — (1) data documentation,
(2) individual reflection, (3) collaborative reflection, and (4) sustain-
ing outcomes [138] — in order to incorporate practical interests in
PI use.

With emancipatory interests, people aim to challenge taken-for-
granted assumptions to reveal the dominant values in society [83].
Critical design research is usually grounded in the emancipatory
interest to make people more critical about their everyday lives by
leveraging design [9]. While a critical approach to design (e.g., slow
technology [75]) can be another design strategy in PI to support
reflection, little attention has been paid to it in designing PI apps.

In a broad sense, we argue that designing PI tools to support
not only personal wellness but also environmentally sustainable
values or community-scale social determinants of health can open
a new design space for PI systems. For instance, food practices (e.g.,
consuming food, shopping food, and disposing of food) are highly
related to sustainability issues [23, 31, 63]; however, all food track-
ing apps in our corpus focused on personal health—specifically,
weight management. This finding suggests a significant design op-
portunity for PI tools to transcend a limited, ego-centric perspective.
The mode of tracking individual data can be also customized based
on human interests. For instance, one person who is only interested
in personal health issues can be overwhelmed if an app presents
all information in terms of individual, society, and environment.
To support not only personal wellness but also sustainability or
societal issues, we suggest that PI app designers may consider em-
bracing multiple human interests to support the full process of
reflection.

7.4 Limitations and Future Work
This research has a number of limitations. Since we focus on the
design elements in current PI apps rather than empirical data from
actual PI users to study how PI tools support reflection, our findings
cannot reveal how reflection occurs in people’s everyday lives or
how people interact with PI apps. Although reflection can be stim-
ulated outside the strict confines of the apps, our findings cannot
capture these reflective practices. Our study also cannot identify
any secondary effect(s) of the systems’ design components from a
long-term perspective. To minimize this limitation, we grounded
our approach in theoretical frameworks of reflection and previous
empirical studies of PI. We believe that our findings reveal oppor-
tunities for future empirical work to better understand how certain
PI features actually affect reflection in people’s everyday lives.

Furthermore, our findings in this study are grounded in a theo-
retical lens derived fromWestern traditions of reflection. Therefore,
our findings and implications might not fully encompass differ-
ent values, norms, or practices that might be employed in other
cultures’ reflection processes. Future work should interrogate the
issues described here in designing PI apps relative to local theoreti-
cal frameworks (e.g., a Daoist perspective [163]) and non-Western
lived experiences [22].
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Our sampling method also necessarily results in some limita-
tions to the generalizability of our findings and implications. We
aimed to select PI apps that are likely to be most widely used, but
it is possible that our corpus does not represent all types of PI
apps. Our sampling criteria, for example, may have filtered out
some more recent apps with newer features for reflection apps
that require additional wearable devices (e.g., Fitbit), or apps tai-
lored to the needs of a very particular sub-community. However,
as Kim et al. noted [88], apps in the same domain have very similar
features; collecting data and the means for presenting those data
are very standardized. As a result, future work could expand our
framework to other apps in order to understand the impact of new,
additional, or complementary features. Some apps also included
design features that extended beyond the bounds of the app, it-
self (e.g., widgets, notification, or wearable devices); we did not
explore these extra-application features in our analysis, and their
impact might also be investigated in future work. Finally, some
apps’ advanced analysis and reporting features are available only
to users with paid subscriptions, limiting our ability to exhaustively
examine the complete feature set of some PI apps.

Our findings showed that depending on an apps’ domain, design
features that support reflective practices are quite different. These
findings inform further research on how reflective practices look in
a particular domain and in what way design features can be utilized
to support a specific user’s purpose. The goal of this study was to
understand how reflection is supported by a number of different
design features in general, rather than in a particular domain, such
as physical activity tracking. We hope our findings can serve as a
baseline or starting point for investigating domain-specific PI cases.

Lastly, our findings raise a fundamental question: do people need
to reflect on their experience to achieve their goal (i.e., to affect a
behavior change) at all? Our findings reveal that PI apps do not,
in general, foster the full process of reflection well, but they are
still very popular in the commercial marketplace. The underlying
assumption in our study is that reflection is beneficial for people to
gain new knowledge, to reconstruct mental schemas, or to induce
behavior changes for positive outcomes. Most literature in the PI
domain has an embedded assumption that the PI system should
always be driving users to reflect on their data. However, in some
cases, reflection does not need to be an indispensable component in
PI use. This is because reflection sometimes leads to an unexpected
or negative outcome [12, 36, 43, 118]. Depending on why a PI tool
is being used, the appropriate or desired mode of reflection might
be different, as well. For instance, Gouveia et al. [68] found that
most activity tracker PI users just glance at their tools (“brief, 5-sec
sessions where users called the app to check their current activity
levels with no further interaction”) rather than meaningfully or
deeply engaging with their data. In this case, stimulating higher
levels of reflection might not be necessary; supporting the lower
levels consistently and well might be sufficient. Future research
should investigate the relationship between users’ goals for the use
of PI tools and the varying levels of reflective practices to explore
whether (and how) reflection plays different roles in service of
different goals.

8 CONCLUSION
In this research, we developed a theoretically and empirically in-
formed codebook and design space for how reflection might be
instantiated in PI apps, and we surveyed commercially available PI
apps to understand the extent to which they actually support dif-
ferent levels of reflection. In total, we identified and characterized
the gaps between theoretical research on reflection and interface
features in current apps to suggest a number of ways in which PI
tools often fail in supporting reflection, particularly user-driven
reflection. Models of PI systems [53, 96] have contributed to im-
provements in features that increase engagement in tracking, avoid
the abandonment of tools, and help people achieve their goals. Al-
though these are all important goals in system design, it is also
necessary to consider how to design PI tools to better promote
the conscious awareness of and reflection on previous behaviors
or events. In designing the next generation of PI tools, then, we
advocate for prioritizing helping people engage in meaning-making
to cultivate their own insight and, in doing so, help to make indi-
viduals’ everyday lives more meaningful.
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