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People often face barriers to selecting self-tracking tools that support their goals and needs, resulting in tools not meeting
their expectations and ultimately abandonment. We therefore examine how people approach selecting self-tracking apps and
investigate how technology can better support the process. Drawing on past literature on how people select and perceive the
features of commercial and research tracking tools, we surface seven attributes people consider during selection, and design
a low-fidelity prototype of an app store that highlights these attributes. We then conduct semi-structured interviews with
18 participants to further investigate what people consider during selection, how people select self-tracking apps, and how
surfacing tracking-related attributes could better support selection. We find that people often prioritize features related to
self-tracking during selection, such as approaches to collecting and reflecting on data, and trial apps to determine whether
they would suit their needs. Our results also show potential for technology surfacing how apps support tracking to reduce
barriers to selection. We discuss future opportunities for improving self-tracking app selection, such as ways to enhance
existing self-tracking app distribution platforms to enable people to filter and search apps by desirable features.
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1 INTRODUCTION

The advent of smartphones introduced apps which allow people to track aspects of their personal lives. Many
U.S. adults have used a self-tracking app to track their physical activity (44%), diet (42%), sleep (25%), or mental
health (23%) [68], with the number of people using health and fitness apps growing from 62.7 million in 2018 to
86.3 million in 2020 [69]. Self-tracking apps have the potential to improve people’s lives in many aspects, from
getting better sleep [20, 21] to managing chronic symptoms [64, 65] and achieving personal fitness goals [58].
However, substantial research has shown that people often abandon these tracking technologies, or personal
informatics systems, prior to achieving the benefits they desire because the tools they select do not align with
their expectations [14, 25, 28, 47]. For example, some people find that tracking requires more effort than they
anticipated [25, 47], find the tool they selected does not support tracking the data they desire [14, 28, 47, 67], or
find the tools they selected a bad aesthetic or stylistic fit [27, 36, 47]. Unfortunately, people also face barriers
when selecting self-tracking tools. A common barrier is the sheer number of consumer tools available. Just
among apps, over 318,000 health apps were available in 2017, with 200 more being added each day [40], making it
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challenging to differentiate between and choose from available options. Another barrier is people’s diverse needs
for self-tracking apps, which tend to influence the tools they choose to track with [28, 65]. People have various
tracking styles and goals, including behavior change, curiosity, and awareness [62], and people’s goals evolve as
they learn more about their habits and what technology can support tracking [3, 28, 46]. The barriers people face
when selecting self-tracking tools can be particularly detrimental to their overall self-tracking process because
they often cascade. Problems encountered early on during self-tracking, including selecting an appropriate tool,
hinder later efforts to derive value and self-understanding from self-tracked data [50].

Although previous work in mobile app selection has identified general factors influencing adoption such as an
app’s visual appearance [22, 41, 54], the entertainment value of an app [9, 35, 54], or general user experience [1, 10,
22, 54], whether and to what extent these findings explain people’s decision-making when selecting self-tracking
apps is unclear. For example, after use, people consider the presence or implementation of specific features,
such as whether collecting certain data is supported, alignment with self-tracking goals, or how apps support
reflection [14, 25, 28, 47]. Although research has suggested that people often assess whether a tool will address
their needs prior to deciding to use it [28, 50], we have relatively little understanding of what criteria people use
to make that assessment, and how those criteria align with or differ from criteria used to select other mobile apps.
Additionally, the personal informatics literature has offered relatively little guidance on how technology can
support people’s selection practices [24]. Developing this understanding can help researchers and practitioners
offer advice or create tools to support people in selecting tracking tools which are appropriate for their needs.

To understand how people approach selecting tracking tools and how technology can better support them
in assessing tools, we first reviewed prior personal informatics literature to understand what people typically
consider and prioritize in self-tracking tools. We identified seven attributes that people consider, including what
data is collected and approaches to presenting feedback. We then redesigned an app store in a low-fidelity
prototype to expose the tracking-related attributes and enable searching by those attributes. Finally, we conducted
semi-structured interviews with 18 participants to better understand how people search and select self-tracking
apps, using the prototype to elicit feedback on the utility of the attributes for supporting selection. We contribute:

e An understanding of what people consider when selecting personal tracking tools. Prior literature on
people’s adoption and use of commercial and research tools reveal seven attributes of self-tracking apps
that people consider: data collected, feedback provided, goal-setting capabilities, privacy, social opportunities,
style, and convenience. Our interviews confirm that people frequently considered these attributes, alongside
factors broadly applicable to apps such as an app’s reputation, developer support, and cost.

e An understanding of how people approach selecting personal tracking tools in practice. When gathering
information about self-tracking apps, people frequently trial, or experiment with, many apps prior to
settling on one or couple to use for self-understanding. When trialing, some participants collected data
in ways similar to how they would track as if they would use the app long-term, while others recorded
inconsequential data to get firsthand experience at what tracking might be like were they to select that app.

e Design considerations for how technology can better support people in selecting personal tracking tools.
Participant feedback on exposing the attributes of self-tracking apps through searches, labels, and filters
suggest that technology surfacing how tracking tools practically support tracking can potentially help reduce
barriers to selection. When implementing such ideas, however, technology should consider challenges in
interpreting tags and potentially subjecting people to more information about apps than they desire.

2 BACKGROUND AND RELATED WORK

Our understanding and support of self-tracking selection builds on past research discussing selection practices
in commodity apps, personal informatics preparation and selection, and technology approaches to supporting
those practices. Here we provide context in how prior research examined mobile app selection and our current
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selection approaches in personal informatics. Substantial work also examines people’s experiences selecting
commercial tracking tools and reflecting on their choices, which we further discuss in Section 3.

2.1 Selecting Smartphone and Self-Tracking Apps

People’s choice of a self-tracking tool often impacts their ability to reach their goals of gaining self-understanding
or self-knowledge. Li et al. characterize the first stage of tracking as preparation [50], which Epstein et al. later
suggest can be considered as separate actions of deciding to track and selecting a tool [28]. Li et al. describe how
barriers faced throughout the process of self-tracking cascade, with barriers in earlier stages having consequences
for people’s later efforts to understand and act on their data [50]. Reinforcing the importance of this cascading
effect, research examining why people abandon self-tracking technology identify mismatches between what
tools support and people’s expectations for them [14, 25, 47]. After using a tracking tool for some time, people
often find that the tools they select do not support collection of the data they are most interested in [14, 47]
or find that they desire more granular or accurate data than tools are able to provide [17, 25, 67]. Others find
the method of collecting data more burdensome than they desired [25, 47]. People sometimes indicate wanting
specific features that the tool they selected does not support, such as dedicated social feeds [67] or disliking traits
which apps do include, such as sharing data with third parties [25].

Prior work has characterized that people often go through three phases when adopting mobile apps (regardless
of domain): Search, Decide, and Try [1]. When Searching, people consider their needs for a suitable app and what
sources of information would be helpful for learning about apps (e.g., app stores, social media). After searching,
people Decide whether to install an app or multiple apps. People then typically Try or Trial the app or apps for a
short amount of time, choosing whether to adopt the app or reject the app based on the trial. People’s process
of trying apps is relatively similar to their use of trials of other products, evaluating the experiential (e.g., how
effective the product was) and non-experiential (e.g., what emotions use of the product produced) aspects of the
product [44], often trialing multiple apps at a time [49, 60, 72]. When people reject apps, they often return to
searching for an app, having built more of an understanding of their goals for an app [22, 39]. The decision to
install an app does not imply adoption; many people end up rejecting the app or search for a different one after
the trial period [1, 38, 66]. Although prior related research contributed to the understanding of how people select
apps in general, relatively little is known about how the unique characteristics of self-tracking (e.g., the need to
collect and reflect on data) influence how people undertake searching for, deciding on, and trialing tracking tools
specifically. Understanding how people interpret and evaluate what data an app collects and how they might
reflect on that data can point to useful directions for technology to better assist in self-tracking tool selection.

When searching for apps, people gather information from various sources. People often learn about apps via
recommended lists on app stores [41, 70] and evaluate apps’ reputation from star ratings and reviews [1, 22, 35].
Other sources of information include app websites [70], close friends or family members [9, 35, 41], looser
connections on social media [70], experts like physicians [70], printed periodicals and books [70], television [70],
or recommendations from within other apps [49]. In self-tracking, people’s motivations for tracking can impact
the how they select tools; for example, people interested in tracking for self-improvement are more likely to
carefully research potential tools and consider their features, while people with curiosity or record-keeping goals
are more likely select tools out of convenience (e.g., what is installed by default), social influence (e.g., what
friends or family use), or requirement (e.g., what provides credit in a workplace wellness program) [28].

Prior literature has characterized factors and aspects people consider when deciding whether to adopt an app.
Research has primarily discussed overarching principles people consider across apps, including substantial work
highlighting that the overall user experience of an app impacts interest and adoption [1, 10, 54, 70]. People similarly
find the visual appeal of an app important, such as app icons and names [22, 39, 66] or of the app itself [9, 41, 66].
People also often consider privacy, with researchers finding that people being aware of apps’ privacy policies
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influenced adoption [1, 22, 59, 66, 70]. Other notable factors include how entertaining the app is [9, 35, 66], how
well it aligns with an individual’s personality [59, 73], and the developer’s reputation [22, 41, 66, 70].

Research across app domains indicates that people consider the content and features of apps, and how that
content aligns with their needs. For example, some people select health apps based on whether they include
features like workout routines [41], ability to self-diagnose based on symptoms [70], or the ability to connect apps
with social media accounts [9]. Research has highlighted that people consider whether the health recommendations
in apps are informed or validated by domain experts prior to adoption [66, 70]. The importance of presence or
implementation of features when evaluating apps are typically domain-specific. For example, many of the feature
considerations people make when selecting apps for a specific purpose are often less relevant to other kinds of
apps and circumstances, such as a need to support different accounts when selecting password managers [1].
Understanding what aspects and features people consider and prioritize when selecting self-tracking apps deepens
our understanding of what value and knowledge people aim to derive. We therefore investigate:

e RQ1) What about personal tracking apps do people consider and prioritize during selection?
e RQ2) What processes and procedures do people undertake when selecting personal tracking apps?

2.2 Addressing Barriers to App and Self-Tracking Selection

To address barriers to app selection of apps generally, research has proposed improvements to app stores, a
frequent resource for searching for and learning about apps. For example, research has suggested making app
recommendations, leveraging the preferences and experiences of other mobile app users [51, 75]. Research has
also suggested allowing people to search apps by features, in particular by surfacing privacy concerns [30, 43].
However, the general nature of these strategies offers only high-level guidance of how app stores can support
selection in personal informatics, with little focus on how app stores could surface the self-tracking features
which apps include and how they support those features.

As an alternative to supporting selection among multiple self-tracking tools, personal informatics research has
explored the alternative of increasing flexibility in tracking tools themselves, providing freedom to customize data
collection within a single tool. Systems have aimed to support this flexibility, like OmniTrack allowing people to
create their own trackers by customizing the frequency and fidelity of tracking items [46] and Trackly allowing
configuration of parameters they tracked and how they are visualized [3]. However, research has suggested
that commercial self-tracking apps and technology are often too rigid to support people’s diverse and changing
needs [4, 64] and people find that tools do not currently support the levels of flexibility they desire [11, 36, 46].
Research has argued that a single app is unlikely to support the varied preferences and goals that people have as
they track, instead suggesting a need to leverage ecosystems of tools [55, 66]. To address this gap in understanding
how technology can promote selection among multiple self-tracking apps, we investigate:

e RQ3) How can technology better support people in selecting personal tracking apps?

3 CHARACTERIZING IMPORTANT ATTRIBUTES OF SELF-TRACKING APPS FOR SELECTION

To gain insight on what attributes of self-tracking apps people consider when selecting (RQ1), we first reviewed
past personal informatics literature on people’s experiences with commercial self-tracking systems and research
prototypes, and their motivations for adopting them. Based on this review, we identified attributes of self-tracking
features and factors that may help people understand whether a self-tracking tool serves their needs.

3.1 Method

We first looked at related publications based on our previous experience studying the personal informatics
literature. We specifically sought out publications which discussed: 1) why people stop or continue using self-
tracking tools; 2) people’s perspectives on the design of the self-tracking tools they were using; 3) how people
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Table 1. Our examination of prior literature on self-tracking identified seven attributes of self-tracking apps people consider
or might want to consider when selecting a tracking tool.

Attributes Factors Examples Described In
What it collects Run mileage, mood, screen time [6, 12, 14, 15, 20, 28, 36, 46, 47, 53, 65, 67]
Data Collected
How it is collected Manual self-report, automatically sensed  [12, 17, 26, 46, 47, 50, 53, 74]
Feedback Kind of feedback Aggregate daily totals, recommendations  [6, 14, 20, 26, 42, 46, 47, 53, 65]
Provided

How it is presented

Graphs, numeric summary, text summary

[6, 12, 20, 21, 26, 27, 42, 46, 47, 53, 65]

Kind of goal

Time goal, distance goal, no goal support

[12, 15, 20, 21, 26, 31, 32, 34, 42, 53, 58, 62,

65]

Goal-setting
Goal duration

Daily, weekly, custom duration

(15,19, 23, 31, 32, 34, 46, 58]

Capabilities
Goal configurability ~ Can be edited, not configurable [15, 19, 23, 31, 46, 48, 56, 65]
Data disclosure Shares data with developer, does not share  [13, 25, 31, 45]
Privacy
History Can clear history, cannot clear history [25, 45]
Social Social features Following friends, in-app chat, share goals  [14, 15, 26, 31, 33, 52, 56, 62, 67]
Opportunities What is shared Goals, data, rewards [15, 26, 31, 36, 56, 62]
Style Aesthetics and feel Sporty, serious, playful [27, 36, 47, 67]
Third-party support ~ Syncs with Apple Health, can export data  [6, 12, 14, 26, 28, 47, 50]
Convenience

Notifications Customizable notifications [5, 6, 21, 25, 26, 42, 46, 47, 56, 58, 65]

re-evaluate their tracking tool choice during use; 4) rationales behind design choices considered in self-tracking
research prototypes; and 5) empirical evaluations of the design choices of research prototypes. We further
referenced the Paper Browser from Epstein et al’s literature review of personal informatics [24] to identify
papers with empirical studies examining preparation [50]. The literature we examined considered varied domains
including physical activity, sleep, diet monitoring, mental health, chronic conditions, and productivity.

We used affinity diagramming to find common themes that participants expressed when evaluating the utility
of self-tracking tools, which are represented as factors in Table 1. These factors were then grouped to form
attributes, which represent features or factors a person might consider or want to consider when selecting a
tracking tool. Our attributes draw on findings from approximately 50 relevant publications, and are roughly
sorted by their prevalence and described importance.

3.2 Findings

We identified seven attributes of features and factors people assess to determine if tracking tool serves their needs:
data collected, feedback provided, goal-setting capabilities, privacy, social opportunities, style, and convenience.

3.2.1 Data Collected. Past literature has shown that people frequently consider and reflect on what data a
personal tracking tool is capable of tracking. The data collected attribute is formed by factors what it collects
and how it is collected. What it collects describes the type of data a tracking tool supports obtaining, such as the
type of food being consumed [53, 65], running activities [14], and amount of sleep one has gotten [20]. How it
is collected is concerned with how the data are being recorded in trackers. Participants in prior studies have
highlighted the importance of how the tracker acquires the data they track. For example, many systems allow
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people to input their data manually [17, 46], while some utilize sensors to automate the process [12, 47]. Mixed
tracking methods have also been proposed [11]. Although manual data collection techniques may enable a person
to obtain deeper understanding of the practices they are tracking [11], many people find the process overly
burdensome [17, 25, 47]. People also consider the accuracy and completeness of the collected data [12, 17, 74],
which are often influenced by how the tracking technology supports data collection [11].

3.2.2 Feedback Provided. Prior literature has often described how trackers process data to generate feedback
and considered how participants perceive that feedback. The feedback provided attribute considers the kind of
feedback, which describes how self-tracking tools process data when creating insights for a person. For example,
tracking tools can aggregate daily or weekly totals based on the tracked data [15, 16, 26], provide summaries
describing current practices [6], or suggest behaviors to undertake based on one’s physical activities [32]. Once
the data are processed and insights are generated, people express different preferences towards how it’s presented.
Examples include text descriptions [6, 20, 21], using calendars to allow people view their data over multiple
dates [18, 27, 65, 71], and graphs or other visualizations [12, 42]. Participants in prior studies have expressed
varied preferences for how technology should present feedback, often based on their level of experience with
collecting data or amount of effort they wished to place on reviewing feedback [6, 12, 62].

3.2.3 Goal-setting Capabilities. Participants in prior studies have frequently considered how features supported
goal setting and monitoring, especially those who sought to change their behavior. As shown in Table 1, goal-
setting capabilities attribute are formed from factors kind of goal, goal duration, and goal configurability. The kind
of goal a person would want to achieve represents the class of goals able to be set in the tracking tool, such as
better sleep [21], step goals in physical activity trackers [16, 56], and body weight goals [53]. Prior literature
has also discussed that people consider how frequently goals could be set or the duration of goals [34, 58] as
important factors to supporting goal setting (goal duration). Lastly, research has suggested that some people desire
technology which allows them to customize their tracking to their goals (goal configurability) [47, 56, 64, 65].

3.2.4  Privacy. Participants and researchers have frequently expressed privacy concerns around the data that
tracking tools enable collecting. Prior literature has discussed that a trustful relationship between the tracking tool
and the person using it contributes heavily to the overall experience [45, 58]. Thus, people are often concerned
how much of the data they collect are being shared [24, 34] with other parties such as the application developer
(data disclosure). People also consider whether they have control over the history of their data, such as being able
to delete it after abandonment [45] or whether it persists after they examine it [26].

3.25 Social Opportunities. Prior literature has stressed that self-tracking practices were often social endeavors,
where people would seek out support, encouragement, or advice from others. Thus, the social opportunities
attribute is formed from factors social features and what is shared. Social features support social interaction,
such as the ability to follow friends on social media [13, 26], creating support groups [45], and online chatting
features [33]. Prior to using social features, people also consider what the features support sharing (what is shared),
with some preferring sharing tracked activities while others wish to selectively choose accomplishments [15, 26].

3.2.6 Style. Statements from prior literature has suggested that a person’s stylistic identity can also contribute to
how they perceive a self-tracking tool. Aesthetics and feel describe stylistic properties of a self-tracking app, which
includes company brands in determining whether a self-tracker is a good stylistic fit [14, 34, 47]. Examples include
sporty, serious, and playful styles. These stylistic choices can follow stereotypes, such as gendered design, which
can make people feel excluded by their self-tracking apps [27]. Some research has suggested that technology
could aim to support customizing styles through skins or custom backgrounds [36].

3.2.7 Convenience. We grouped the factors third-party support and notifications to form the convenience attribute,
as participants from prior literature have felt that these features generally aimed to lower the burden of use.
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People frequently desire self-tracking tools that integrate with existing third-party tools, such as to support
exporting tracked data [12, 45], Bluetooth support with other devices [47], and integration with social media
services [26]. Prior research has found that notifications can be helpful for reminding people to track [5, 42] or
suggest ways of changing behavior based on passively-collected data [32].

4 SURFACING IMPORTANT ATTRIBUTES OF SELF-TRACKING APPS IN AN APP STORE

Informed by the seven attributes uncovered from reviewing literature, we designed a low-fidelity prototype that
modifies the design of typical app stores by tagging apps according to these attributes and enabling searching
and filtering by the tags. We opted to make low-fidelity prototype as they can help explore the application of
design ideas [8]. Furthermore, when compared to high-fidelity prototypes, lower fidelity prototypes are useful
for obtaining feedback on design concepts [63].

We explored how technology could help reduce the burden of app selection, since people frequently use digital
resources to identify and seek advice on tracking tools [12, 28]. We decided to investigate how attributes could be
presented in app stores, as they are the default distribution points for major smartphone platforms (e.g., Android,
i0S) and already include mechanisms aimed to support app selection such as descriptions, ratings, and reviews. In
addition, because app stores are a common place where people learn about apps and evaluate them [41, 70], they
are a natural place to include additional mechanisms which describe self-tracking apps. We opted to redesign an
app store rather than explore increasing flexibility of individual apps because past work has argued that app
ecosystems, rather than individual apps, are better suited to supporting people’s varied self-tracking preferences
and goals [55, 57]. We elaborate on opportunities for other kinds of technology to better support selection in our
discussion, such as strategies for summarizing features of apps in online informational sources.

4.1 Design of a Low-Fidelity Prototype App Store

We designed a low-fidelity prototype that incorporates the attributes we surfaced from the literature review into
an app store by including tags that display features corresponding each attribute. The prototype is organized
into two pages: the app description page (Figure 1) and the app store page (Figure 2). The app description page is
dedicated to presenting an individual self-tracking app and showing its tracking-related features via tags. The
app store page showed all registered self-tracking apps and includes the ability to filter by tags, allowing a person
to search by selecting the tags they desired using. We created the prototype with a drawing program, adding the
tags of a few tracking apps as examples for what tags a fully-realized design might include. When creating the
prototype, we included six existing apps that the first author had extensive experience using: three productivity
apps and three fitness trackers.

4.1.1 Tags and Attributes. Because the prototype aimed to expose features related to the seven attributes of
self-tracking apps we identified as potentially valuable for selection (Table 1), our prototype describes represents
each feature associated with a short discernible tag. We opted for tags to describe the features composing each
attribute in a simplistic manner, and to label attributes in a way which would enable a person to identify apps
which had those attributes through techniques like searching or filtering. The tag-based system was presented in
both the app description page and store page of the low-fidelity prototype. These tags were organized into six
attributes: What it tracks (data collected attribute), feedback and analytics (feedback provided attribute), supporting
goals (goal-setting capabilities attribute), convenience (convenience attribute), and privacy (privacy attribute). We
decided not to use tags corresponding to the Style attribute given the attribute’s subjectivity, and because we felt
a person would be better-served to determine the stylistic fit themselves based on screenshots and app icons.
Features such as those shown in “Examples” in Table 1 created the tags for their respective attributes.

We designed the tag-based system to be hierarchical, where high-level, more abstract tags describing a particular
factor could contain lower-level, more specific tags describing how the app implemented that factor. For example,
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Fig. 1. The app description page of our low-fidelity prototype. (A) The page contains information typical of description
pages on app stores, including an icon, screenshot, and number of reviews. (B) The page organizes tags into attributes, with
sub-tags to further explain how tags are instantiated. (C) A person may select a tag to highlight screenshots showing the
corresponding feature(s) in the app.

the “Work” tag from “What it tracks” could contain child tags such as “Time Spent,” “Automatic Tracking,” and
“Manual Tracking” to indicate that the app would track a person’s work by monitoring time, and provides the
option to be automatic or manual. Similarly, the “Visualization” tag in “Feedback and Analytics” could contain the
child tag “Graphs,” which could contain child tags such as “Trends over time” or “Ratio between data” (Figure 1B).

4.1.2  App Description Page. The app description page first shows information typical of existing app stores,
including the app icon, metadata (e.g., name, store category, developer, price), presence of in-app purchases and
ads, average star rating, number of downloads, and screenshots of the app (Figure 1A). The prototype includes
our attributes and tags in place of the developer-written description of apps, organized by the six attributes as
discussed in Section 4.1.1 (Figure 1B). To help a person understand how an app instantiates the tags, the prototype
allows a person to click on a tag, which then highlights the pictures that are related to that tag (Figure 1C).

4.1.3 Store Page. The store page includes elements typical of existing app stores such as a search bar to search
for apps by name and app icons highlighting popular or prominent apps. The apps shown in the prototype are
organized into categories based on the “what it Tracks” factor of the “Data” attribute (Figure 2D). We organized
apps this way because this factor was commonly mentioned in prior literature as a reason why tracking tools
did not meet a person’s needs or as a barrier to understanding whether an app would support a person’s
goal [14, 25, 28, 36, 47]. Alongside the app icon, the prototype displays a few tags associated with the app that
past literature have suggested are important attributes for selection (e.g., lower-level tags describing what an app
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Fig. 2. The app store page of our low-fidelity prototype. (D) Apps were categorized by the data attribute, with cards
highlighting the app’s icon, name, and a few prominent tags. (E) A person may select tags to filter by, which upon selection,
(F) de-emphasizes apps that do not fit the filter.

tracks, how feedback is presented) or tags relatively rare to apps in that category (e.g., rewards, goals support,
social features). The store page allowed a person to search for apps directly using keywords, browse through
categories by scrolling down, and browse through apps in each category by scrolling sideways.

As part of searching for apps, a person could use tags to filter apps to highlight those which contain all or
many of the tags they find most valuable (Figure 2E). After selecting tags, the store page would then highlight
the apps that includes all tags and gray out (i.e., makes transparent) apps which do not (Figure 2F).

5 INVESTIGATING PEOPLE’S PERCEPTIONS OF TECHNOLOGY SUPPORT FOR TRACKING APP
SELECTION

To better understand how people approach self-tracking apps (RQ1 & RQ2) and elicit feedback on our use of
attributes to understand how technology can better support selection (RQ3), we interviewed 18 participants with
prior experience with self-tracking.

5.1 Method

We conducted semi-structured interviews divided into two parts. We first asked participants how they had
searched for and selected the self-tracking apps they had previous experience using, and asked them to share
what about the apps they considered during the process. We then guided the participant through the app
description page and store page of the low-fidelity prototype to understand their perceptions on each attribute,
labeling attributes as tags, and the potential utility of browsing, searching, and filtering by tags. Roughly a
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Table 2. Our 18 interview participants had used and were using tracking tools in a variety of self-tracking domains. Domains

that the participant is currently tracking are marked as [domain]*.

ID g;:der, Profession Tracking Domain (Prior and Present™)

P1 (F,28) Accountant Pet Behaviors®, Physical Activity

P2 (M,22) Cashier Personal Finances®, Physical Activity, Food, Weight

P3 (M,27) Product Manager Personal Finances®, Physical Activity, Sleep, Food, Weight

P4 (F,22) Student Women’s Health*, Physical Activity, Sleep, Personal Finances

P5 (F,32) Lawyer Women’s Health”, Physical Activity, Productivity, Managing Any Chronic Condition,
Mental Health or Wellbeing, Sleep, Food, Weight, Personal Finances

P6 (M,47) Programmer Physical Activity”, Weight, Personal Finances

P7 (F,30) Caseworker Sleep*, Physical Activity, Food, Weight, Women’s Health

P8 (F,30) Writer Physical Activity®, Sleep

P9 (F,24) Teacher Women’s Health*, Physical Activity, Sleep, Food, Personal Finances

P10 (F31) Marketing Productivity”, Physical Activity, Sleep, Food, Weight, Personal Finances

P11 (F29) Engineering Manager Personal Finances®, Food, Weight

P12 (F,29) Chemist Food?, Sleep

P13 (F27) Data analyst Women’s Health*, Physical Activity, Productivity, Sleep, Weight, Personal Finances

P14 (F,26) Eigsii;arllel\r/[arketer, Web Mental Health”, Physical Activity, Productivity, Sleep

P15  (M,26) PhD Student Personal Finances*

P16 (M,38) Scientist Managing Any Chronic Condition*, Physical Activity, Sleep, Food, Weight

P17 (F25) Program Coordinator Women’s Health”, Physical Activity, Sleep, Food, Weight, Personal Finances

P18 (F,21) Student Physical Activity®, Sleep, Food, Weight, Women’s Health

third of the interview focused on understanding participant’s prior experiences selecting self-tracking apps,
with the remaining time focused on describing how tags and attributes were instantiated in the prototype
and eliciting feedback. The interview protocol and low-fidelity prototype were further iteratively refined by
conducting four pilot studies with colleagues. Some of the changes from these studies included organizational
changes (participants from the pilot studies better understood the concepts of attributes and tags when seeing
app description page before the store page), adding verbal explanations of the tags and attributes in the prototype,
and visual changes to the prototype like increasing text size.

We opted to structure the low-fidelity prototype portion of the interviews to be exploratory, rather than having
participants use the prototype to complete a particular task, to investigate how the tags and attributes support
their personal approaches to searching for and selecting self-tracking apps. We particularly wanted participants to
reflect on their past experiences selecting self-tracking apps to understand if the strategies we implemented in the
prototype would have helped address barriers they faced to selection. Although a task-based evaluative method
could have offered deeper insight into whether the structure of our low-fidelity prototype successfully helped
people identify features of tracking apps, participants would have incorporated fewer details or observations
from their lived experience of trying to select self-tracking apps.

We recruited participants from online forums and social media in our local area (e.g., online community
groups in Facebook, subreddits associated with nearby cities), as well as snowball sampling. We asked interested
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Table 3. Features and aspects of self-tracking tools participants desired aligned with dimensions described by prior literature.

Attribute Participant IDs Example Quotes
Data Collected 1,3,4,5,6,7,38, 10, P3: “The first thing I think about for the features set is does it track my location and all
12, 13, 14, 15, 16, 18 that, and what kind of metrics does it report.”
Feedback 3,4,10,11,12,13, 15, P11: “If 'm looking for something with tracking, visualization is probably the number
Provided 16,17, 18 one thing that I want because, like I said, I focus a lot on trends.”
Goal-setting 10, 13 P10: “a lot of the goals they have are pretty set so it wasn’t as easy for me to customize
Capabilities what I wanted to do.”
Privacy 5,6,8,11 P5: “T wanted to know what it did with my data, especially for something like a period
tracking app, that’s small.”
Social 1,3,6 P1: “DogLog came up and one of the big benefits to that one was that it could be shared
Opportunities between multiple users which was what we were really looking for.”
Style 3,4,5, 10, 13, 14, 16, P10: “T would go into the screenshots and scroll through the screenshots and see how
17 everything looks, if it’s visually appealing.”
Convenience 2,3,5,6,7,9,15, 16 P7: “Again, probably the reviews, looking to see what it offers like if it’s compatible with

my watch, and what it’s tracking.”

participants to complete a screening survey, selecting participants that had prior experience searching for and
using self-tracking apps. We specifically required participants to 1) be 18 or older, 2) have prior experience
downloading a self-tracking app from an app store, and 3) be currently using a self-tracking app. To obtain
perspectives from a diverse group, we further aimed to select participants who had tracked a variety of tracking
domains and had varied occupations. Table 2 shows an overview of the participants that were selected for
interviews. 13 participants identified as female and 5 as male. Their ages ranged from 21-47 (X = 28.6). Interviews
were about 75 minutes long, and participants were compensated $25. We refer our participants as P##.

After the interviews, we used a third-party service to transcribe the interview audio. We employed thematic
analysis [7] to analyze the data, first using a bottom-up approach to generate an initial codebook, then collating
the codes into broader themes by grouping and refining our codes. Our final analysis included 94 codes in
overarching six themes, including past experiences trying to find apps, priorities when searching for apps, and
benefits and drawbacks of searching for apps by tags.

Our supplementary materials contain the full prototype, the interview protocol, and all codes and themes
identified in the analysis.

5.2 Findings

We first describe similarities and differences between the aspects and features participants considered when
selecting tracking apps from past literature. We then describe how participants approach the process of selecting
self-tracking apps, learning that participants often experimented with self-tracking apps before deciding on
what to use, but encountered barriers to determining whether the tracking apps would be useful for collection
or reflection. As we describe the self-tracking app selection process, we also discuss the similarities found in
existing research and highlight important differences. We finally present how participants perceived technology
support for self-tracking selection by describing their perspectives on the low-fidelity app store prototype.
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5.2.1 RQ1: What People Consider and Prioritize during Selection. Although participants’ specific needs for apps
varied somewhat by application domain, participants typically focused on features that are specific to self-tracking
apps and understanding how they are implemented. All 18 participants described looking for features that pertain
to at least one of the seven attributes we identified in our literature review during their previous experiences
selecting self-tracking apps. Table 3 shows which participant considered which feature from the seven attributes.
Participants most commonly considered the data collected attribute (15 participants), where they looked to see
how a tracking app supported collecting data. For example, P18 commented, “if I were to search on Reddit, I would
be like, ‘Oh does anyone know of any good calorie apps that has a QR code in it?” Some participants also considered
how accurate the collected data might be. P3 noted that the accuracy of average movement time was a reason
why he switched exercise tracking apps from Strava to Runkeeper, saying that “[Runkeeper] had a feature that
essentially made the tracking more accurate to when I was moving.” However, others described being less concerned
about accuracy, such as P11 using Renpho to track body composition metrics like BMI or bone mass even though
she didn’t “100% believe that this [Renpho] very accurate.” When participants wanted to understand the style of
apps (style attribute), they usually viewed pictures and screenshots displayed on app stores or online reviews to
assess stylistic fit. P4, for instance, commented, ‘T sometimes just download an app because I think it looks preity,
because I like pretty things so I'll just look through photos first”.

Participants also frequently considered more general factors discussed in prior literature, such as overall
usability and interaction design, visual appeal, and privacy (see Section 2.1). In our interviews, participants
expressed that they considered the reputation of the app (thirteen participants), whether the app was continuously
supported by the developer (six participants), the monetary cost of using the self-tracking app (nine participants),
what permissions the app required (two participants), the app’s size (two participants), and whether the app
required people to register (one participant). When utilizing these information, participants described having
an internalized threshold of which they would use when downloading self-tracking apps. P6 explains, ‘T mean,
there’s definitely a threshold, right? Four and a half to five is ideal. But yeah, if it’s one star, that’s bad, or half star or
whatever. And then probably the number of downloads”. From our results, we found that factors people considered
when searching for other app categories are also applicable to self-tracking apps.

5.2.2  RQ2: How People Select Self-Tracking Apps. Participants’ process of selecting self-tracking apps was similar
to prior characterizations of selection processes in apps generally [1]. Participants typically searched for apps
using multiple sources of information, then downloaded apps to trial before tracking and acting. When identifying
potential self-tracking apps, participants described using a similar range of resources to prior work in other app
selection domains [1, 41, 70].

Process of trialing self-tracking apps. Similar to selecting other types of apps, participants described trialing one
or more self-tracking apps briefly, usually between a couple of days to weeks. When searching for a journaling
app for tracking moods, P14 said ‘T wanted to test a couple of them because I never really used a app like this before.
After about a week, I decided to go with the app that I'm currently using.” P11 described identifying that You Need a
Budget was not a good choice for them ‘just a couple days into using it,” and then sought out alternatives “through
a Google search”. P10 similarly described identifying that they would need to try a different habit-tracking app
“maybe within two or three weeks” of using Fabulous, seeking out recommendations from social media. One reason
why the length of trialing self-tracking apps varied is the fact that self-tracking apps require some amount of
accumulated data to portray insights, which are considered important features for self-tracking apps. When
trialing self-tracking apps, participants also used multiple apps either simultaneously or sequentially. For example,
P14 trialed two journaling apps simultaneously before settling on Jour: ‘T just was shopping around and actually
downloaded two anxiety apps. So I had this app [ Jour] and then I downloaded a different app called Bloom, and I was
testing both of them out at the same time.” Other participants, such as P1, preferred evaluating tracking apps one
at a time: ‘T found one, thought I'd give it a try, downloaded it, didn’t like it, got rid of it and searched again.”

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 5, No. 4, Article 166. Publication date: December 2021.



Understanding and Supporting Self-Tracking App Selection « 166:13

For some participants, trialing involved tracking in ways similar to how they would track if they were planning
to use the app longer-term. When P12 began trialing MyFitnessPal, she quickly started tracking what she ate even
while examining other apps since she might use the data later on: “it was a couple of days in, I was trying to figure
out if there was a way, if I was just missing the breakdown because they advertised that they had the information I
needed, but it’s behind a paywall essentially. So I knew pretty quickly [that I did not want to continue using it] but I
Jjust kept putting the information in anyway just in case I needed it while I found a substitute.” Others would not
collect data they intended to use for self-understanding, but instead entered inconsequential or example data
to understand how or whether the app supported their intended practice. For example, P16 described trialing
multiple apps by: “just downloading [an app] up and saying, ‘Okay, let me make a workout. Let me actually try out
all the features to make them workouts.” If it’s a food tracking app, I'd be like, ‘Okay, let me see how easy it is for me
to add a meal”” P18 similarly described a difference between trialing and using a food journaling app: “Trying it
out is just me playing around on the app and saying, ‘Okay. How do I add this food item? Or how do I add this water
to my daily or whatever.” And then actually actively using it, is like when I’'m using my scale and trying to input the
exact measurements.”

Since self-tracking apps require a reasonable amount of accumulated data to produce insights, participants
were typically unable to evaluate their usefulness for reflection when trialing, and instead imagined whether
they would find the reflective strategies useful. For example, when trialing budget apps, P2 considered how some
apps provided future insights from tracked data, saying “another app that I tried, it was PocketSmith. One thing
that I liked about that one is it has a lot more planning, and it can predict the future based on spending in the past.”
Similarly, P11 considered how different budgeting apps supported longer-term planning and summarization of
her financials, trying a few apps until she found one which offered the kind of long-term support she desired. She
said “for me, budgeting is a lot more about just the overall trends... things like that where it’s like, ‘wow, we really
had an outlier month in May. What happened there?’... and for me, that’s just very well covered by Mint”.

Participants were motivated to trial apps to better understand what data could be collected, how insights
were delivered, and what other features might impact their ability to use it to better understand their habits.
For example, P14 described wanting a fitness app where she could specify an activity routine aligning with her
fitness level, saying “so many of the apps are trying to push their routines, and made by some guy that has ridiculous
number of abs, and I'm like, ‘That’s not me.” ... So the app that I ended up settling on was much more flexible. It has
fewer features, but at least it will let me customize it to how I want to do my routine. But it really took me downloading
all those and trying them, and signing up for a bunch of free subscriptions, and then canceling them to determine
which ones would not work for me.” P11 quickly identified that You Need a Budget would not help support her
budgeting goal, saying “after I tried it, I realized it’s more about paying off debt and more about restriction your
spending and bucketing in a way that just didn’t really mesh with how I was going to use a budgeting app.”

Participants often found apps supported tracking differently from how they expected based on their descriptions.
P13 commented that apps were often easier or more complex than she anticipated, saying “sometimes an app will
have like features that is not as easy to use to track specific health things. Sometimes an app will be easier to use
than I had anticipated... Sleep Cycle specifically only has one feature where they measure your sleep cycle... that was
something that was very easy to navigate when you use it.” A few participants felt it would be less time-intensive
to try the app than to thoroughly read and comprehend the text descriptions. P1 commented, “instead of reading
all this [descriptions] I'm going to download it and see if it’s what [ want.” P13 felt the same way, saying, ‘T know
that usually when I download apps, I just skip over this section [text description] too because some apps will have
very long descriptions and it doesn’t really matter, that doesn’t usually affect whether or not I download an app.”

Refining tracking app preferences. Participants expressed that they would learn more about their preferences
for self-tracking apps as they continued to use them, both while trialing and after adoption. The preferences they
learned and experiences they had would impact them the next time they decided to select a self-tracking app,
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either after abandoning an app they were trialing or returning to tracking again after lapsing [28]. For example,
P7 had some technical issues when trialing the sleep tracking app Pillow, but her experience with the app led her
to seek out other apps that also included a “smart alarm that the app sees what part of the sleeping cycle you're in.
And if you’re in light sleep, to wake you up around the time you have selected... I found it important because when I
started using it with Pillow, I noticed that I would wake up less tired”. P5 imagined using her prior experience to
specifically look for certain features in her future searches: “going in, I didn’t know what I wanted, but after having
experienced one then I know what I would be looking for in a new one.” P10 similarly described that her initial
efforts to find productivity apps “started off very general”. She used a few different apps for weeks or months at a
time, learning that the apps she tried “didn’t have a way to track the things that I wanted to track” and “didn’t have
goals either... Because it doesn’t have a goal that you need to meet, I had a hard time feeling motivated enough to use
it”. She added, ‘T didn’t know that I had preferences and then as I continued to use more different types of apps, I
figured out, I was able to narrow down what it is that I look for immediately.”

5.2.3 RQ3: Supporting Self-Tracking App Selection. Participants felt that tags surfacing capabilities of tracking
apps could potentially better support them during selection. Participants thought that exposing app characteristics
at a point prior to download (i.e., in the app store) could reduce the burden of trialing multiple apps and searching
multiple information sources. For example, P5 said: “something like what is proposed here [the prototype] would be
a lot more helpful for someone like me, where I can just like, ‘What’s there? What isn’t there? How does it work?’ I
can just go from there, instead of this trial and error thing that I do now.” However, participants also expressed
that utilizing tags and filters could inadvertently introduce barriers to selecting apps. We present participant’s
perspectives on the prototype around four themes: 1) filters and tags improving participant’s understanding
of app’s capabilities; 2) challenges participants had interpreting tags; 3) supporting discovery of new tracking
domains or capabilities and comparison between apps; and 4) searching or filtering by desired features.

Improving understanding of app capabilities. Participants particularly appreciated how a tag-based system could
provide a brief overview of what data an app supported collecting without having to read long descriptions. For
example, P7 described, ‘T don’t have to go through every application [description] to read what they offer ... So I can
Jjust go to the tags and just spend less time selecting what I'm looking for” P8 highlighted that describing tracking
features could help her identify what was most important, saying, “then I can start prioritizing like, ‘Okay, do I
really need the finance app, that feature, or can I just..’ It helps me prioritize what tags and features I want in the
tracking app.” Similarly, P4 imagined that privacy tags could help her to exclude apps: “If I see a red flag regarding
privacy, we’ll share data no matter what, whatever that key phrase is, if I automatically see that in an app, that will
discourage me from getting a specific app.” One of the reasons why participants preferred the prototype was that
the attribute organization provided a unified structure. P4 appreciated the unified structure, saying: “each app
that I click on [has] a different format of how they describe what the app does. This type of interface will force app
makers to highlight what exactly is happening in the app. It’s much more streamlined like a bullet point, an outline.”

Participants also valued how tags would enable them to quickly identify how feedback was supported within
apps. P5 noted, “the feedback and analytic section tells you how it does, what it says it does, and what does it do...
There’s a million productivity [apps]... not all of them have the visualization. You know?” P12 imagined that being
aware of what kind of feedback an app provided could have saved her time trialing: “because I could say that I'm
more interested in for example, 'm more interested in analytics than calorie tracking, versus my fitness Cronometer,
so potentially this could have saved me the time of downloading the first two apps I tried.” Participants appreciated
that a tag system could connect feature tags to screenshots to further show how apps supported tracking and
feedback. P7 explained: “if you click on work, and screen time, it highlights the pictures above. That way, if I want to
try my screen time, at least I get a picture of what it would look like, what that looks like to the app, I guess.”
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Challenges interpreting tags. Although most participants felt that tags would be helpful for understanding how
apps implemented self-tracking features which were important to them, participants were sometimes confused
about what a tag aimed to describe. P17 added that some tags might be hard for someone new to tracking to
interpret, adding, I think the feedback and analytics can probably get lost to the average person if they don’t know
what feedback and analytics means in regards to an app.” People may have different expectations for what a tag
means, or for how features should be categorized. For example, P11 noted: T would say ‘Tasks’ and ‘To-Dos’ and
‘Habits’ are pretty close, and so distinguishing which ones I'm actually looking for may be difficult, or it may just
include both of those tags just to be sure I cover the apps that I'm looking for.”

In addition, participants felt that tags would only be able to show what features the tracking app contained,
and would fail to portray how the feature works. For example, P2 commented on a distinguishing feature of
tracking productive time with the Forest app: “when you do work and you track your time in Forest you grow trees.
And then if you don’t do a good job with tracking your time, the trees die. So of course you want to have a healthy
Forest. But none of that information is really conveyed in the tags. And I don’t think there really would be a way to
do that in the tags because that kind of thing is unique to this one app.” In the low-fidelity prototype, the concept of
keeping trees alive to motivate a person to keep tracking productive time were depicted as “Work” when using a
tag. The difficulties of portraying the distinguishing mechanics of certain features can also be problematic when
comparing two apps with similar features. In the low-fidelity prototype, the tags for Boosted and Stay Focused
apps are similar due to the fact that both are for tracking productive time. P8 expressed concern on how she
would compare the two apps, and said “a lot of them, like say Boosted and Stay Focused, I see that it’s pretty similar
... how do I compare these two apps if the descriptions are the same.” She later commented that she would “have to
Jjudge it by how pretty the picture looks.”

Supporting discovery and comparison. Some participants expressed that tags could help them learn about
capabilities of apps that they would not have known about or expected. For example, P12 described that the tag
for social features introduced her to the idea that these could be included in an app: I like the social features option
because I wouldn’t necessarily expect, for example, the one that’s here, a focus tracker to have a social component to
it, so that’s nice to see too... of course I'll be looking forward to see if there’s any additional features to this app that
I am interested in.” P14 similarly expressed learning that tracking apps could provide rewards or badges: “I'm
talking about something that I didn’t know I wanted this. I didn’t know I wanted to have rewards within an app,
but it just opens me up to different features.” P2 remarked that tags might encourage him to reflect more on apps’
privacy: “privacy is also honestly usually not something I think so much about when I'm choosing an app, but having
that there I do like it, even though it may not be my primary consideration when choosing an app, but I think it’s
good to know.”

A few participants suggested that an app store organized by what data tracking apps enable collecting could
introduce them to other domains they had not considered tracking. For example, P8 described, “if I initially went
in looking for a fitness app, and then I see screen time. It was like, Oh, that looks okay. Let me put that in too”. P13
similarly commented, ‘T think it would encourage me to explore other types of apps and to just search for what I'm
looking for because I don’t necessarily look at apps based on for instance, their ability to keep track of time”.

Given that participants frequently identified multiple apps which might suit their self-tracking needs, they
valued how tags might more easily support comparison between apps than the descriptions in traditional app
stores. Participants imagined using tags while quickly scanning apps to compare what each supported. P8 said, T
like the descriptions, like these texts will say running, cycling. I like those texts. It gives a very quick overview of
what it tracks compared to other apps. I like the single text here because I'm comparing different apps against each
other” P16 similarly imagined comparing what data different apps supported collecting: “it would be easier to flip
through each app and see... compare the tags or compare these features, and, ‘Oh, this one has a really convenient
feature, that I haven’t thought about. This one tracks... Like One Drop tracks a lot more data than this other one,” and
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that’s really useful” P5 imagined the benefit of having “a side by side comparison of apps that do similar things.
For example, I could look at Boosted versus Forest and then I only have to compare the two apps instead of looking
through a bunch of them and being like, ‘This is trash. This isn’t what I'm looking for.” If I wanted to compare it to
similar apps, I would click on a particular tag and then look at the apps that have that particular tag.”

However, participants felt that tags could be overwhelming if they were not of interest to them or did not help
with comparing apps. For example, P6 “don’t find it [social features] all that interesting” when selecting running
apps. While participants generally valued understanding what an app tracked and how it presented feedback,
what other attributes participants considered important varied, feeling that including more tags compounded to
the complexity of the information being presented. P4 commented that “when an app store gives me too much
information, I feel like it overwhelms me and I just scroll past.” P16 shared the same sentiment, noting: T could
Jjust imagine getting overwhelmed with too many bits of information. Which again, I understand in some ways, it’s
useful. In some ways, it’s, ‘oh, this is, this is so much, so many things.”

Searching and filtering by features. Participants appreciated how having apps labeled by features could enable
filtering or searching by those features. Fourteen participants expressed that filtering by tags could help them
refine their searches when trying to select an app. P5 described: “this [prototype] helps me be like, T am looking
for these three things. Does this app do what I want it to do, yes or no?”” P7 shared the same sentiment, adding:
“instead of going through every single one and seeing what they are like, you can filter from what exactly you need,
and then just focus on that.” A few participants noted that the ability to search by tags could alleviate the need to
trial as many apps or trial apps at all. P17 expressed that filtering by features can help her save time searching
for self-tracking apps, where she commented: T think that if I was looking for a particular thing, like something
on Lose It! that I like, or it’s a caloric tracker or something like that, then I could do that and I could wipe out other
apps. ... [tag filtering] really eliminates the time of installing something, finding out that I don’t actually like it or it
doesn’t do what I want it to do, and then uninstalling it and going on the search again.” P18 described how filtering
could save her from having to ask for recommendations from online forums: “if I were to search on Reddit, I would
be like, ‘Oh does anyone know of any good calorie apps that has a QR code in it?’ That thing. I would probably have
criterias that I would be looking for. That’s why I would like the filter tag options, because then it would simplify. I
wouldn’t have to go on Reddit basically.”

P1 highlighted that their tracking domain often led to apps which were not relevant to tracking: “when you
put in dog tracking for example, there’s a lot of stuff that’s not relevant to what I'm looking for, it’s all about dog
training. But then it’s just a list of different ones, if I could just break it up into categories or if I could narrow it down
once I typed in a search phrase that would be more helpful.” She elaborated that even once she identified tracking
apps, she still struggled to identify ones which included features she desired, and therefore appreciated how tags
could be used to create filters. She said, “when I searched for ‘dog tracking,’ there’s a lot of things you could track
around a dog and not all of them are what I'm looking for... if I could narrow down based on a few tags and one that
had a social feature that you could have a shared profile with someone that would have made things easier because I
had to resort to googling it, I think I looked at Reddit, I looked at some blogs to find what I needed.”

6 DISCUSSION

Our findings highlight that when deciding whether to use a self-tracking app, people want to understand what an
app tracks, how it supports tracking, and what feedback it provides. We further found that technology exposing
the attributes that people aim to understand and allowing them to search by such attributes has the potential to
be helpful during selection. In this section, we discuss how our findings extend prior research on tool selection,
consider how technology could better support trialing and future recommendations, and describe the limitations
of work and opportunity for future research.
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6.1 Understanding Tracking Tool Selection

Past models of personal informatics have described the act of selecting self-tracking tools as separate from the
tracking & acting process of collecting, integrating, and reflecting on data [28, 50]. Some participants viewed
selection as a distinct precursor to tracking and acting. When these participants trialed apps, they often stopped
short of reflecting on the data they collected or even intentionally refrained from collecting the kind of data they
planned to track. Instead, some participants logged data which resembled what they might attempt to log in the
future, but was still nonetheless an example. Past research has highlighted that people often lapse in tracking or
abandon the practice upon realizing that a tool is not supporting their needs [14, 28, 47]. Our findings extend this
to suggest that some people intentionally select apps, sometimes multiple, that they intend not to adopt or even
use for outright collection, instead aiming to understand the features they enable and using this process to better
understand their own goals for self-tracking.

Furthermore, participants reported more complex selection processes that were not consistently constrained to
specific stages of self-tracking. Some participants indicated that they continued to judge whether their selected
app was effectively addressing their needs throughout their process of using it. For example, participants described
seeking out reviews of other apps while using one to decide whether it was a better choice. While previous
work has suggested that people may begin to feel locked into a tracking tool after beginning to track in order to
preserve data [28, 50], our findings suggest that many people are able overcome these barriers to select more
ideal tools. In these cases, people may transition to new tools without lapsing, and may continue with the process
of collecting, integrating, and reflecting on data while simultaneously selecting a new tool. These findings are
consistent with Rooksby et al’s characterization of lived informatics [62], which discusses how people often
interweave multiple self-tracking tools during their tracking journey. We similarly find that people interweave
the use of self-tracking apps during selection specifically. Multiple participants reported trialing multiple apps
when deciding which would be the best fit for them. Many lacked definitive criteria going into that selection
process, developing their preferences as they learned about the tools they trialed. We also find that some people
intentionally select apps which they know are less ideal for their self-tracking collection or reflection needs,
but are beneficial in other ways (e.g., have better overall user experience or visual design, are more useful for
social support). Aligning with lived informatics, our findings highlight that people do not always act as rational
scientists when selecting self-tracking apps. A seemingly-logical direction for future work may have been for
technology to recommend self-tracking apps to people based on their needs and goals. However, our findings
suggest that recommendations will often fail to meet the everyday needs of self-tracking, and people may still
prefer to try apps for themselves. We see more opportunity for technology to help showcase the features and
properties of self-tracking apps to promote better discovery of tools to help people assess whether they fill align
with their everyday experiences.

6.2 Recommendations for Self-Tracking App Design

Since people interweave several tracking apps during trialing and the distinction between trialing and actual
tracking is often blurred, we echo suggestions from past literature and recommend that self-tracking tools support
seamless movement of data between different apps [24, 28, 29, 61] by creating public APIs and adhering to open
standards [29]. Future tools could leverage apps’ APIs to allow people to compare data measurements collected
by different apps, such as nutrient measurements for lookups of similar foods or step counts from a day’s walking.
Some people already make these comparisons manually [12, 31], so supporting comparison in a shared backend
could remove tension between trialing and tracking. Further extending these ideas, research could examine how
to separate selection and trialing from later stages of self-tracking by integrating reflection on data through
visualization or other means inside of a shared backend. Doing so would allow people to more easily trial apps
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sequentially, switch apps, or select apps, but would require deeper consideration of how to support people’s
varied and complex needs for getting feedback from the aggregated data.

We also recommend developers and designers of self-tracking apps implement more accessible app demos or
trial subscriptions that allows an individual to experience all of its features. Participants expressed frustration
when a feature they sought to try out was inaccessible in a trial, with most seeking out an alternative instead of
purchasing a subscription. While including all of the features an app provides may not be desirable or possible
for app developers, self-trackers would benefit from further explanation of how excluded features operate to
aid their selection decisions. Future work could examine how self-tracking technology could preview the full
cycle of tracking through interactive demos, including how data are collected and how feedback is provided. For
example, a demo of a food journaling app could allow a person to look up a food of their choice in their food
database, and then later project that food alongside some default data into the visualization the app provides for
reflection on progress towards a weekly calorie budget. This kind of previewing can particularly help people trial
feedback features of apps which require more than one data entry or require data from multiple days, as these
can be particularly burdensome for people to learn about through trialing.

It is important to acknowledge that easily supporting switching apps and providing extensive support for
trialing be antithetical to the business models of many self-tracking apps. For many self-tracking apps, profits
often rely on keeping people in the app where their data has been collected and leveraging brand recognition for
establishing initial interest. Although it is important to continue to advocate for this flexibility, we see designing
technology to better support initial selection of self-tracking tools, such as by improving app distribution platforms,
as perhaps a more practical opportunity.

6.3 Recommendations for App Distribution Platform Design

Participant perspectives on surfacing tags and attributes suggest that technology can better support selection
by prominently surfacing important features and properties of self-tracking apps which enables people to filter
and search by said features and properties. Our findings suggest that, although there are many resources where
this information can be shared, app distribution platforms like stores are a potentially useful place since stores
already aggregate other important properties of apps people consider during selection (e.g., reviews, cost) and
are the point of app download and/or purchase.

Our findings indicate that consistently tagging and categorizing all self-tracking apps in distribution platforms
with aspects people consider when selecting self-tracking tools could enable people to more easily identify
potentially useful apps and support comparison between multiple apps. One example of a similar change is
Apple’s recent adoption of a privacy subsection on their app store, highlighting how apps use different kinds of
data they collect [2]. However, questions around how tags are being assigned would be an important thought, and
trust between app developers and people selecting apps would be a challenge. In an open marketplace, developers
may be incentivized to deceive users of self-tracking apps by indicating that their app supports features it does
not, or minimizing potentially concerning features such as data disclosures. In developing our prototype, we
identified the tags of the apps our prototype described based on our prior use of the apps. Similar models could
be adopted to allow experts to review or endorse apps. For example, a dedicated third-party of domain experts
can manually create tags or the developer themselves can include tags when registering their app in the app
store. Past research has also suggested that tags can be extracted by analyzing frequently-used words in app
store reviews, which often describe the most useful or unique features of an app [51, 75].

To better support self-tracking app selection, our work suggests that app distribution platforms could implement
mechanisms for searching and browsing self-tracking apps by features. One strategy for implementing this
tagging system is to introduce ratings for categories of tags or attributes, similar to how online resources rate
broader categories of apps like their overall user experience [57]. For example, a person interested in self-tracking
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apps that provide physician-approved sleep recommendations could first filter apps by searching for keyword
“physician-approved” and trial apps that have 4/5 ratings for such features. Although having a way to look at
potentially interesting tags can lead to discovery, our findings suggest that inundating people with all features
tagged can lead them to feel overwhelmed by the prospect of selection. Recommending tags based on the criteria
people typically find most important (e.g., data collected, feedback provided) or personalizing based on people’s
prior search history could help reduce these burdens.

Although our work primarily examined strategies for improving self-tracking selection in app stores, we
expect that important aspects of apps could be surfaced in other resources for selection such as online guides. For
example, guides could use similar tag systems to emphasize the similarities and differences among recommended
apps. Online resources could further curate collections of self-tracking apps which share properties that a person
might prioritize during selection, such as apps which allow for data exporting, do not share data with developers,
or support automatic data collection.

6.4 Limitations and Future Work

The seven attributes we identified when reviewing prior literature are likely not exhaustive of the aspects
people prioritize when selecting self-tracking apps. For example, many participants in our study commented that
they would consider technical aspects of the apps such as app size and permissions during selection. Although
participants did not describe privacy concerns with how developers might disclose data to third party companies
such as advertisers, the growing attention to data disclosure in personal informatics at large suggests that it may
increasingly become a priority [24]. The attributes do not cover other factors which prior work have suggested
influence app selection in general, such as the overall reputation of apps via star ratings or reviews [1, 22], broader
usability categories like adherence to user experience guidelines [57], or pricing models (e.g., free, one-time
purchase, subscription). Our attributes also focus on how people assess apps’ functionality, but brand recognition
and marketing also play critical roles in influencing selection. Although our work points to opportunity for
technology to better surface the capabilities of self-tracking apps, we acknowledge the importance of these other
influences on how people approach selection.

People commonly use tools for tracking besides apps, including physical devices, desktop applications, and
paper journals [12, 24]. The selection processes practiced by our participants and the approach to integrating
attributes into technology facilitating selection may be limited to supporting selection of phone apps for tracking,
and may be different from people selecting physical devices or desktop applications. For example, the burdens
to trying out other kinds of tracking may be higher due to added costs (e.g., purchasing one or more physical
devices) or the demands of tracking (e.g., creating and adhering to tracking on paper). Future work is needed to
understand how people approach selection of dedicated devices for tracking, and how technology can better
incorporate the attributes of self-tracking tools people prioritize into other resources people leverage when
seeking out dedicated devices (e.g., online review sites, online retailers, physical retailers).

Because we aimed to learn from the selection practices of people who had previously used self-tracking tools,
our findings do not incorporate the perspectives who might be considering self-tracking, but have not approached
selecting a self-tracking app. Although a few participants reflected on their experiences selecting their first
tracking apps, we expect that newcomers to self-tracking might have different priorities or selection strategies. For
example, first-time self-trackers may have less of an understanding of what insights self-tracking tools are able to
provide, or the impacts of automated versus manual tracking on their everyday experiences [61]. Examining the
self-tracking needs and selection strategies people that are not experienced with collecting situated data could
provide valuable insight into how to support people in selecting their first self-tracking tool.

To facilitate accurate tagging, we populated the low-fidelity prototype with apps we had extensive experience
using. When reviewing the low-fidelity prototype, participants were therefore reviewing apps that may have
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contained tags they were not interested in and not have been in a domain they were interested in tracking.
Instead, participant feedback focused on the overall approach of browsing, searching, and filtering apps through
tags grouped by attributes. While this feedback was valuable for seeking participant perspectives on the overall
concept of selecting apps by attributes, participants may prioritize different tags or feel differently about the
concept if they were to search for domains they were interested in tracking themselves. Additionally, a few
participants had firsthand experience with some of the tools included in our prototype, which may have allowed
them to infer the meaning behind the tags. Future research seeking to deeply understand how people prioritize
different tags or categories of tags could focus on apps which participants do not have prior experience with, or
incorporate hypothetical apps which fill in different niches not supported by commercial apps.

Although we selected participants who had experience selecting self-tracking apps from app stores, none of
our participants were actively interested in selecting an app to fulfill a particular self-tracking need. Participants
therefore imagined how they might use tags to inform their selection based on their past experiences searching
for apps. How people utilize the tags and attributes in practice might therefore differ from how participants
envisioned the process when interacting with the prototype. For example, people often spend under two minutes
searching for apps in app stores and rarely scroll past the top five apps [22], whereas our participants spent
longer reflecting on the attributes in the prototype.

Our participants skewed WEIRD [37] (Western, Educated, Industrialized, Rich, and Democratic) and younger,
suggesting that their experiences selecting apps and preferences for technology support may differ from other
populations. This skew is likely due to our recruitment method, where we mainly utilized online recruiting due
to the COVID-19 pandemic. For example, our participants were typically adept at using technology to search for
apps given their occupations and frequent use of online communities and social media, similar to other studies of
early adopters of self-tracking apps [12]. People who rely less on technology may value different kinds of support
for selection, digital or not. Further work is necessary to understand how people from different demographics,
socioeconomic levels, and other backgrounds approach selection and desire technology support, and care should
be taken when applying our findings to other groups.

Although our study only explored how app stores can better support self-tracking app selection, there are
opportunities for researchers and designers to better support self-tracking selection without requiring changes to
the design of app store platforms. Participants frequently made use of additional resources when making choices
about what apps to use (Section 5.2.2), suggesting that standalone websites which surface and enable searching
for desirable features could help people in their selection process. Sites like PsyberGuide for mental health
have aimed to evaluate the overall quality and user experience of self-tracking apps [57]. Future research could
explore how to design such pages to integrate how apps implement those features. Participants also suggested
that current descriptions of self-tracking apps and screenshots included in app stores are often insufficient for
them to understand how important features, such as how data are collected or what representations of data are
provided. Future work could create standardized guidelines for what developers of self-tracking apps should
aim to highlight beyond general recommendations provided by app platform developers. Participants found
description consistency helpful when comparing self-tracking apps, suggesting potential value in formulating
guidelines. Standalone resources could be a better alternative, since implementing the prototype presented in this
work requires extensive modification of existing app stores. However, this method adds an additional medium for
people to look at before deciding on a tool, and requires a person to seek out the information on their own.

7 CONCLUSION

We found that people frequently sought to understand and considered how apps support tracking when selecting a
self-tracking app, alongside more general factors frequently surfaced in app stores and online reviews. To support
people’s practice of trialing self-tracking apps, we echo suggestions from prior work to support data portability
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and suggest designing demos or trial subscriptions to describe how tracking processes are implemented. While
app stores and online guides can be useful aids for understanding the functionality of self-tracking apps, we
demonstrate opportunity for these resources to better support comparing self-tracking apps and searching for
apps by features and properties of them. Addressing early barriers to selecting self-tracking technology can
prevent cascading consequences to help people successfully reap the benefits of using personal informatics tools.
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