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We now see an increasing number of self-tracking apps and wearable devices. Despite the vast number of available tools,
however, it is still challenging for self-trackers to find apps that suit their unique tracking needs, preferences, and commitments.
Furthermore, people are bounded by the tracking tools’ initial design because it is difficult to modify, extend, or mash up
existing tools. In this paper, we present OmniTrack, a mobile self-tracking system, which enables self-trackers to construct
their own trackers and customize tracking items to meet their individual tracking needs. To inform the OmniTrack design, we
first conducted semi-structured interviews (N = 12) and analyzed existing mobile tracking apps (N = 62). We then designed and
developed OmniTrack as an Android mobile app, leveraging a semi-automated tracking approach that combines manual and
automated tracking methods. We evaluated OmniTrack through a usability study (N = 10) and improved its interfaces based
on the feedback. Finally, we conducted a 3-week deployment study (N = 21) to assess if people can capitalize on OmniTrack’s
flexible and customizable design to meet their tracking needs. From the study, we showed how participants used OmniTrack
to create, revise, and appropriate trackers—ranging from a simple mood tracker to a sophisticated daily activity tracker. We
discuss how OmniTrack positively influences and supports self-trackers’ tracking practices over time, and how to further
improve OmniTrack by providing more appropriate visualizations and sharable templates, incorporating external contexts,
and supporting researchers’ unique data collection needs.

CCS Concepts: •Human-centered computing→ Ubiquitous and mobile computing; Ubiquitous and mobile computing
systems and tools;

Additional Key Words and Phrases: Self-tracking, self-monitoring, semi-automated tracking, personal informatics, tracking
apps, mobile apps, health, wellness, customization.

ACM Reference format:
Young-Ho Kim, Jae Ho Jeon, Bongshin Lee, Eun Kyoung Choe, and Jinwook Seo. 2017. OmniTrack: A Flexible Self-Tracking
Approach Leveraging Semi-Automated Tracking. Proc. ACM Interact. Mob. Wearable Ubiquitous Technol. 1, 3, Article 67
(September 2017), 28 pages. https://doi.org/10.1145/3130930

Author’s addresses: Young-Ho Kim (yhkim@hcil.snu.ac.kr) and Jinwook Seo (jseo@snu.ac.kr), Human-Computer Interaction Lab, Dept.
of Computer Science & Engineering, Seoul National University, Seoul, Korea; Jae Ho Jeon (jay.jh@kakaocorp.com), Kakao Corporation,
Seongnam, Gyeonggi-do, Korea; Bongshin Lee (bongshin@microsoft.com), Microsoft Research, Redmond, WA, USA; Eun Kyoung Choe
(choe@umd.edu), Human-Computer Interaction Lab & College of Information Studies, University of Maryland, College Park, MD, USA.
Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that
copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page.
Copyrights for components of this work owned by others than the author(s) must be honored. Abstracting with credit is permitted. To copy
otherwise, or republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. Request permissions from
permissions@acm.org.
© 2017 Copyright held by the owner/author(s). Publication rights licensed to Association for Computing Machinery.
2474-9567/2017/9-ART67
https://doi.org/10.1145/3130930

Proceedings of the ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies, Vol. 1, No. 3, Article 67. Publication date:
September 2017.

https://doi.org/10.1145/3130930
https://doi.org/10.1145/3130930


67:2 ˆ Y.-H. Kim et al.

1 INTRODUCTION
We witness a dramatic increase of health and �tness apps; as of 2016, the number of mHealth apps increased to
about 259,000 [30]. In addition, wearable devices such as Fitbit [25], Mi Band [67], and Microsoft Band [44] have
become more a�ordable and more prevalent; market research conducted in 2015 shows that 21% of American
adults use wearable devices such as activity trackers or smart watches [26]. Using these apps and devices, people
can track various data about themselves, including activity (e.g., [2, 25, 44, 48, 67]), sleep (e.g., [2, 15, 25, 44, 67]),
weight (e.g., [6]), diet (e.g., [51]), mood (e.g., [47]), period, breastfeeding, productivity (e.g., [36, 57]), and reading
(e.g., [7]). Collecting multiple data streams has recently become more prevalent [16, 59], and yet, most people,
including Quanti�ed Selfers, fail to fully leverage their personal data even if they desire to do so [16]. Because
tools are scattered across multiple platforms, it is challenging for non-technical people to download data from
various tracking platforms.

Despite the vast number of available tracking apps and devices, it can be challenging to �nd a tool that perfectly
suits one's tracking needs, preferences, and commitments. Commercial tracking apps are often highly specialized,
providing little or no �exibility over what and how to track. For example, people may want to track their reading
activity in di�erent ways: the title and author of the books they read along with a short review; the detailed
reading progress (e.g., pages by day); or the time they spent for reading for each day. Yet, because most apps do not
allow people to customize the tracking items, people's tracking abilities are bounded by how an app is originally
designed. When people cannot �nd the tool that meets their needs, some people appropriate general-purpose
tools (e.g., calendar, spreadsheet, or freeform notes) [17] or even a social media tool (e.g., Instagram [18]) for
�exible tracking. Only a few people with technical pro�ciency build their own tracking tools while others give
up tracking entirely if they cannot tolerate the inconvenience of existing tools [17].

We propose OmniTrack (Figure 1), a novel self-tracking approach that provides self-trackers with a high
level of �exibility to construct their own tracking tool. OmniTrack enables people to create their own trackers,
customizing tracking items to meet their personal needs. To enhance self-awareness while lowering the capture
burden, OmniTrack takes a semi-automated tracking approach [13], allowing people to combine manual tracking
and automated tracking. With OmniTrack, people can retrieve data from external data sources in addition to
customizing manual tracking �elds. For example, Ravichandran and colleagues recently pointed out that existing
sleep devices mainly focus on supporting automated sleep sensing, despite the importance of integrating one's
subjective sleep quality for self-re�ection [55]. With OmniTrack, people can easily create a semi-automated sleep
tracker, consisting of manual �elds (e.g., subjective sleep quality from self-report) and automated �elds (e.g., sleep
duration retrieved from Fitbit).

To inform the OmniTrack design, we �rst conducted preliminary interviews with 12 self-trackers to understand
their tracking practices, from which we learned how they use and appropriate existing tools to suit their diverse
tracking needs. We also analyzed 62 tracking apps (from Apple's App Store) to identify data types of tracking
items used in the apps. Based on the two studies, we designed and developed OmniTrack, and demonstrated three
use cases to illustrate its broad coverage ranging from mostly manual tracking to mostly automated tracking.

We evaluated OmniTrack through a usability study (N = 10) followed by a deployment study (N = 21). From
the usability study, we learned that participants could understand the core concepts of OmniTrack; they favorably
responded to OmniTrack's �exibility and semi-automated tracking features. Furthermore, after a short tutorial,
they successfully performed tasks that required to create trackers. After addressing OmniTrack's usability issues
identi�ed from the usability study, we deployed OmniTrack for 3 weeks to learn how people use OmniTrack's
�exible and customizable design over time in their natural environment. Through the deployment study, we
showed that participants used OmniTrack in many unique ways to ful�ll their personal preferences. In addition,
we identi�ed common mistakes people made during the con�guration as well as edge tracking cases that cannot
be easily covered with our current system, which could lead to opportunities to improve OmniTrack further.
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(a) Data Capture Page (b) Shortcuts for �ick Data Capture

Fig. 1. A semi-automated sleep tracker constructed with OmniTrack. Data Capture page (a) and shortcuts to sleep-related
factor trackers (co�ee tracker, exercise tracker) located on a phone's notification drawer and the lock screen (b). Note that
the �Sleep Duration� field is connected with Fitbit to automatically receive the values tracked by the Fitbit device.

The core contributions of this paper are threefold: (1) we described the design space of �exible and customizable
self-tracking informed by preliminary interviews and mobile app analysis; (2) we designed and implemented
OmniTrack (Figure 1), a customizable mobile tracking platform that facilitates a semi-automated approach; and
(3) we evaluated OmniTrack through usability and �eld deployment studies to understand how people create,
modify, and re�ne trackers in the lab and in people's natural environment.

2 RELATED WORK
Many research communities�such as human-computer interaction, ubiquitous computing, and behavioral
sciences�have been examining ways to support people's self-tracking practices. Speci�cally, our work builds
upon the following three research areas: (1) personal data tracking, (2) universal tracking systems, and (3)
semi-automated tracking.

2.1 Personal Data Tracking
People's tracking needs and goals have diversi�ed [59], and so have the available tracking tools [30]. Yet, despite
the increasing number of available tracking tools, it is di�cult to �nd a tool that perfectly suits individuals'
tracking needs and their diverse goals [38]. For example, numerous food journaling tools exist to help people
capture food items and nutritional information. However, these tools fail to fully support the broad range of
food tracking goals (e.g., lose weight, identify food triggers, understand food habits) [19]. Due to the mismatch
between people's goals and tracking systems' features, many people look for workarounds. A few people with
technical skills build custom tools that support speci�c tracking goals such as self-experimentation [17, 38].
Others have to adapt themselves to existing tools or use generic tools such as spreadsheets or pen & paper [17].
Survey tools also provide customization capabilities to a certain degree for people' diverse data collection needs.
For example, Google Forms [29] allows people to collect data in a user-de�ned format using a familiar form-based
interface. Alternatively, people appropriate existing tools (e.g., calendars, instant messengers, Instagram [18]) for
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tracking purposes. However, these generic tools do not incorporate reminders, tracking-speci�c assessments, and
feedback, all of which could facilitate tracking and help maintain self-awareness.

2.2 Universal Tracking System
Tracking systems for health and wellness (e.g., Apple Health [3], Google Fit [28], and MyFitnessPal [50]) support
capturing of health-related behaviors such as steps, calories, weight, and physical activities. They take both
manual entries via mobile apps or website and automatic entries from sensors on a smartphone or from an
external tracking app. Although these systems allow people to track multiple behaviors, the set of target behaviors
is mainly health-related and is prede�ned by developers. These systems also provide little to no support for
con�guring data �eld types and data granularity.

Some systems support end-users to �exibly modify data formats and use tracking facilitators such as noti�cation
alarms and triggers. For example, KeepTrack [35], one of the most �exible tracking apps we found, allows people
to build their own trackers by combining multiple data types as input components (e.g., numbers, free texts).
It also visualizes collected data using basic charts and sets o� noti�cations for awareness and self-re�ection.
Daytum [11], a web/mobile application which was designed in line with Felton's Annual Report [22], allows to log
text-number pairs (e.g., co�ee:3) and visualizes the collected data. Felton later released Reporter [23], which asks
people to answer customized questions at random times leveraging ecological momentary assessment. Daytum
and Reporter help people manually collect personal data in a systematic way. However, all of these systems are
tailored to manual tracking only, and do not make use of the external tracking services.

In contrast to the tools that directly support end-user con�guration, there are several tools designed to support
researchers and developers to create experiment conditions (or apps) and conduct studies. For example, PACO
[52] provides a web-based interface for researchers to create and publish experiments. To de�ne an experiment
condition, researchers design questionnaires and decide on triggers, which can be deployed to participants' mobile
phone. Apple ResearchKit and CareKit [4] allow developers to make their own tracking applications for medical
data collections and interventions. Their software development kit (SDK) provides a variety of tracking facilitators
so the developer can combine them. However, they are tailored to developing applications for speci�c clinical
research problems so the end-user's tracking �exibility is bounded by how the developer designed the tool. The
AWARE framework [24] is a mobile context information instrumentation framework, which supports gathering
peoples' input through questionnaires and helps collect their smartphone interaction and sensor information. It
provides an SDK for developing a mobile app that collects the data and emits context built based on the events.
However, this framework is targeted to developers who want to infer highly-personalized contexts that can be
used in other context-aware applications. Therefore, it is not suitable for end-users to create their self-tracking
apps on their own. Additionally, Salud! [43] is a software infrastructure designed to support other developers
and researchers who want to build personal health applications. Salud! shares a similar goal with OmniTrack: to
support �exible, end-user con�gurable tracking. However, Salud! is predominantly a web application supporting
researchers, although end-users can create and con�gureLogbooks, named collections of timestamped data entries.
Moreover, end-users cannot integrate external services (e.g., automated tracking apps and devices) as it requires
programming. In contrast, we designed OmniTrack based on empirical data and evaluated the system through
usability and deployment studies, from which we assessed if and how end-users can create and modify diverse
trackers to meet their tracking needs.

In summary, prior works show various approaches to collect data in a �exible way�both for researchers and
end-users. However, each of them lacks one or more important components for supporting people' self-tracking
needs. On the other hand, OmniTrack takes a semi-automated tracking approach to ful�ll self-trackers' diverse
tracking needs, leveraging the bene�ts of manual and automated tracking approaches, which we describe in the
following section.
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2.3 Semi-Automated Tracking
Both manual and automated tracking approaches have advantages and drawbacks. Manual tracking engages
people during the data capture, thereby enhancing their awareness, but it can impose a high data capture burden.
On the other hand, automated tracking can reduce the e�orts needed to capture data, but people might be less
aware of the data unless they diligently check the feedback [40]. Incorporating manual and automated tracking
can be highly bene�cial in balancing the capture burden and awareness. Recognizing the potential synergy
between manual and automated tracking methods, Choe and colleagues de�nedsemi-automated tracking
as any combination of manual and automated tracking approaches and suggested to leverage semi-automated
tracking in designing self-monitoring systems [13]. They discuss three design considerations for designing
semi-automated tracking tools�(1) data capture feasibility; (2) purpose of self-monitoring; and (3) self-trackers'
motivation level.

Semi-automated tracking encompasses a broad spectrum of designs between the extremes of fully manual or
fully automated tracking, ranging from the mostly manual tracking to mostly automated tracking [13]. Many
self-monitoring systems have incorporated the semi-automated tracking approach (e.g., [1, 15, 19, 34, 54]). For
example, Lullaby demonstrates the mostly automated side of the semi-automated tracking spectrum; it helps
people track their sleep duration (Fitbit�automatic) and sleep quality (paper-based sleep diary�manual) in
conjunction with potential environmental disruptors, such as bedroom light and temperature levels (o�-the-shelf
sensors�automatic) [34]. On the other hand, SleepTight exampli�es semi-automated tracking toward the mostly
manual side of the spectrum; it helps people manually capture various sleep-related behavioral factors (e.g.,
alcoholic beverages, ca�eine intake, exercise) and their timestamps by tapping an icon placed on a mobile phone's
lock screen widget to lower the capture burden [15]. Although these systems strive to balance the tracking burden
and data capture needs, people are still bounded by how the systems are initially designed. They cannot freely
add external services (e.g., SleepTight incorporating the Fitbit's sleep data or Lullaby incorporating Microsoft
Band in addition to Fitbit for sleep data) or manual tracking �elds (e.g., Lullaby incorporating the stress level).

In this research, we set out to explore how to support highly �exible tracking on a mobile phone, allowing
people to dynamically create a new tracker, while leveraging the semi-automated tracking approach. We enable
people to reuse existing wearable trackers and to con�gure manual tracking �elds of their choice. Depending on
how people construct a tracker combining manual and automated tracking, it can be characterized as mostly
manual tracking, a combination of manual and automated tracking, or mostly automated tracking. In our work, we
demonstrate how our proposed method can cover this broad spectrum of the �exible semi-automated approach.

3 PRELIMINARY STUDY
To understand people's personalized tracking needs, practices with existing tools, and workarounds, we conducted
a preliminary study starting with semi-structured interviews with self-trackers in November 2015. We then
analyzed 62 mobile tracking apps from Apple's App Store to identify how they support �exible tracking, and
what data types they support.

3.1 Self-tracker Interviews
We recruited 12 (7 female) self-trackers who record at least one daily routine, including workout, studying, sleep
pattern, and food intake. We used convenience sampling to recruit the interviewees on a university campus in
South Korea. Among those who showed interests in participating, we recruited people only if their recordings
were relevant to self-tracking. For example, we did not interview people if they used a calendar for a purely
scheduling purpose. Participants' ages ranged from 24 to 34 (M = 26.6). Five participants were graduate students,
four were undergraduate students, two were self-employed, and one was a full-time employee. We note that
none of our participants were using wearable tracking devices at the time of the study; these devices were not as
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common as in the U.S. To thank the participants, we compensated them through a gift card equivalent to 4,100
KRW (about 3.50 USD).

The interview questions covered: (1) target behaviors to track, (2) reasons for tracking, (3) recorded variables
to capture the target behaviors, and (4) tracking methods. On average, each interview lasted for about 30 minutes.
We took a detailed note while conducting the interviews, which was shared within the research team to identify
common themes, which we describe in the following. We also encouraged participants to bring their own tracking
data and artifacts (Figure 2). Participants recorded the data in many di�erent ways, including Excel spreadsheets
and hand-written logs. In Table 1, we describe what items participants recorded and how they recorded them.

3.1.1 Appropriations of General-purpose Apps for Tracking.We found that participants commonly appropriate
general-purpose tools for tracking purposes. Such tools include spreadsheets, note taking apps, messaging apps,
photo-sharing social networks, and internet forums/blogs. Participants appropriated these tools for two main
reasons: (1) eight (67%) participants manually recorded a target behavior on general-purpose tools because
automatic tracking was unavailable; (2) four (33%) participants wanted to leverage the sharing feature supported
by existing applications�for example, P8 posted his exercise logs on a shared online space such as a group chat
room where each member share their exercise logs to encourage one another. P8 remarked,�I've been posting the
duration of the plank exercise I've done every day on my chat room with exercise club members.�

3.1.2 Switching from Tracking Apps to General-purpose Apps.At the beginning of a self-tracking practice,
most participants had tried using various tracking apps before they soon switched to their current methods.
They switched to general-purpose apps when (1) tracking apps imposed heavy tracking burden by asking to �ll
in too many mandatory �elds for each entry or (2) existing tracking apps did not support their tracking needs.
Appropriating communication tools (e.g., Figure 2d) such as messaging apps or social networking apps e�ectively
reduced the tracking burden because participants were already using those tools for communicating purposes.
Simplicity of the input interface was one of the main criteria for choosing a tracking tool to use. P2 remarked,

ID Tracked Items Dominant Methods

P1 Exercise, Movie, Food, Ballet,
Study

Google Docs with others

P2 Expense, Food, Period Calendar, Note taking app

P3 Exercise, Expense, Food
Share on messenger,
Budgeting app

P4 Food, Study, Step count Share on messenger

P5 Expense, Trip log Paper-based diary

P6 Delicious food, Study, Places Paper-based diary

P7 Exercise, Sleep time Calendar, Excel

P8 Exercise, Movie, Book, Study Evernote, Group chat

P9 Book, Places Note taking app

P10 Exercise, Movie Paper-based diary

P11 Expense Budgeting app

P12 Beer Review Plain text �les and photos

Table 1. Summary of the interview participants' information. Fig. 2. Examples of the interview participants' current
tracking practice.
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�I uninstalled a diet app because it required too many �elds on every input. I started using this [note-taking app]
because I can log data in a single line.�

3.2 Analysis of Tracking Apps in the Market
To better understand common �eld types that can cover people's diverse tracking needs, we analyzed what �eld
types existing tracking apps support. We searched for tracking apps from Apple's App Store using the keywords,
�tracking,� �logging,� and �recording� in January 2016. We used the App Market Explorer [5] to search for tracking
apps with our search criteria because the App Store did not allow custom �ltering and sorting. We sorted the
retrieved results by total rating count and �ltered out the apps with zero rating count. We also removed the apps
unrelated to self-tracking from the �nal set (e.g., music tracks). To ensure a broad topical coverage, we selected up
to �ve apps with best ratings for each App Store category. We installed each app and checked if the app supports
self-tracking. The following 16 categories contained at least one self-tracking app: business (5); education (5);
�nance (5); health & �tness (5); lifestyle (5); medical (5); productivity (5); sports (5); travel (5); utilities (5); book
(4); entertainment (3); games (2); music (1); navigation (1); and weather (1). All 62 apps and their �eld types are
documented in the supplementary material available at https://omnitrack.github.io/ubicomp2017.

We identi�ed 12 unique data �eld types these apps support (Table 2). Overall, textual data �eld type was the
most prevalent. Textual data �eld types include long text that is usually in the form of notes, or single-line short
text that is usually used for simple delineation of an activity. Time-related data �eld types were also common, and
had various forms to support duration capture, time stamping, timer, and stopwatch. Numeric data �eld types
were widely used as well because most health-related variables (e.g., height, weight, distance) are in a numeric
form. Other types included choice �elds that are supported by either check boxes or radio buttons; boolean types
(e.g., indicating if an event was completed or not); locations; images; and ratings (e.g., star ratings, Likert scales).
Interestingly, we found several apps that do not have input �elds (�No �elds� in Table 2), but allow people to add
a new entry by just tapping a button to capture the timestamp of the entry or the total number of entries (e.g.,
goals in a soccer game, prayers in a day).

Field Types Example Field Semantics App Count
Long text Notes 28 (45%)
Numeric Book page, Height, Weight 23 (37%)
Date Semester duration, Event date 20 (32%)
Radio button Type of book (Soft/hard cover) 20 (32%)
Single-lined text Title, Name 16 (26%)
Boolean Yes/No/Skip 16 (26%)
Location Visited place 11 (17%)
Time Sleep duration, Event occurred at, Exercise stopwatch10 (16%)
Image Food photo 5 (8%)
No �elds Log counting 5 (8%)
Checkbox Prede�ned mood tags 4 (6%)
Likert scale Mood score 2 (3%)
Miscellaneous Weather, Address book entry 2 (3%)

Table 2. Summary of field types from app market survey.
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4 OMNITRACK
Motivated and informed by the two preliminary studies, we designed OmniTrack. In this section, we describe
OmniTrack's design rationale and the system along with its user interface.

4.1 Design Goals and Rationales
In designing OmniTrack, we had four design goals:

G1. Cover a broad range of tracking practices, and ful�ll individualized and sophisticated tracking needs.
G2. Lower the data capture burden to reduce tracking fatigue.
G3. Enable lay individuals to easily create, manipulate, and modify a tracker and tracking facilitators.
G4. Support the tracker authoring on the phone.

We speci�cally aimed to address barriers identi�ed in thepreparation(i.e., when people prepare to start new
tracking) and thecollectionstages of Li and colleagues' stage-based model of personal informatics system [39]
because problems in earlier stages cascade to later ones. For example, people have di�culty reformatting the
exported data when they switch over to a new tracking tool, or abandon their previous data entirely [39]. To
address these issues, we enabled people to design and revise the data schema of each tracker during thepreparation
stage (G3). One common barrier in thecollectionstage is a disengagement problem: people may be demotivated
or forget to track [15, 17, 39]. To alleviate this issue, we employedreminders(Section 4.2.1) andshortcut panel
(Section 4.2.4). To further lower the capture burden, people can utilize existing automated tracking devices (e.g.,
Fitbit measuring step counts and sleep duration), which complement OmniTrack's manual tracking features (G2).

Designing �exible tools naturally involves tradeo� between �exibility and usability [41]. In designing the user
interface, we decided to cut o� several functions and detailed con�guration options to keep the interface easy to
use for lay individuals (G1) while making the authoring process feasible on a mobile device (G4).

4.2 System Design and User Interfaces
We implemented OmniTrack as an Android app, written in Kotlin [37]. The OmniTrack app consists of three main
components:trackers, triggers, andexternal services(Figure 3). OmniTrack's home screen has three corresponding
tabs: (1)Trackerstab lists all the existing trackers the user created (Figure 3a), (2)Triggerstab lists all the triggers
(both time-basedanddata-drivenones) the user created (Figure 3c), and (3)Servicestab shows all the external
services that OmniTrack supports (Figure 3d).

After conducting the usability study (later described in Section 6), we connected OmniTrack to our server using
Google Firebase [27] to upload and synchronize the tracking data in real-time. When people do not have network
connectivity, we cached the tracking data in the device's local database until it is uploaded and synchronized.

4.2.1 Trackers: Enabling Flexible Data Inputs.In the Trackers tab (Figure 3a), users can start creating their
own tracker by tapping the �+� button, which will lead them to theEdit Tracker page (Figure 3b). Users can add
diverse data �elds such as short text, long text, number, ratings, time point, time span, choice, location, image,
and audio record. We determined these �eld types based on the tracking app analysis (Section 3.2). Each �eld
type has its own input graphical user interface that can be con�gured in theField Details page (Figure 4a).

Tapping on a tracker in the tracker list opens theData Capture page of the tracker (Figure 8a, left), where
users can enter data in a form con�gured in the Edit Tracker page. While each �eld can be manually �lled in,
OmniTrack also provides various options for setting default values, such as values based on internal semantics
of �eld type (e.g., present time for time �eld, current GPS position for location �eld) or the last logged value.
Furthermore, the �eld can be automatically �lled with a value retrieved from existing commercial trackers such
as Fitbit and Mis�t.
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Fig. 3. The OmniTrack interface. A list of existing trackers are shown on the Trackers tab (a), where people click the �Edit�
bu�on to open the Edit Tracker page (b) for modifying the trackers. The automatic triggers are listed on the Triggers tab (c),
and the external services are listed on the Services tab (d).

Fig. 4. A process of connecting a measure factory to a data field: (a) tap on the value connection bu�on in the Field Details
page, (b) choose which data source to connect, (c) configure time query range, and (d) check the configuration result.

People can also con�gurereminders to inform themselves to input a new tracking entry, listing them on
the system noti�cation drawer. They can open the Data Capture page of a tracker by tapping a corresponding
reminder item. Given that noti�cations increase tracking adherence [9], the reminders can support people when
the OmniTrack tracker need to be manually recorded punctually and periodically.

4.2.2 Services: Integrating External Trackers and Other Services.Those who are already using external tracking
devices, such as Fitbit, Mis�t, and RescueTime can integrate data from those devices to OmniTrack. In theServices
tab (Figure 3d), users can choose and activate the external services that they are currently using. Connecting to
the existing sources using the APIs or SDKs requires authentication or similar setup process before they can be
activated on OmniTrack. Each external service provides multiple types ofmeasure factories, a data provider
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unit which yields a �eld value from the service. For example, a Fitbit service provides several measure factories
including step count, distance, and sleep duration.

The measure factories can be attached to each tracker's data �eld throughvalue connection settings (Figure 4,
Figure 5b). Users can designate a measure factory and set parameters needed to query the measure factory
(Figure 4c). Measure factories need query scope, which speci�es time range (starting from 12:00 AM) for the
query relative to the tracking moment. We simpli�ed the con�guration and allowed people to select one query
scope among prede�ned presets (i.e., present day, previous day, recent 1 hour, and recent 24 hours.) using a
combo box. For example, `present day' stands for the scope from 12:00 AM to the tracking moment for the same
day. The value-connected �elds are automatically �lled in when triggers are �red to query the factories.

External services and measure factories that OmniTrack currently supports are as follows: Microsoft Health
[45] (synchronized with MS band [44]'s step count and sleep time), Fitbit [25] (step count, distance walked,
average heart rate, and sleep time), Mis�t [46] (step count and sleep time), UP by Jawbone [62] (step count and
distance walked), Google Fit [28] (step count), and RescueTime [57] (productivity and computer usage duration).

4.2.3 Triggers: Retrieving Values Automatically.OmniTrack takes a semi-automated tracking approach by
combining manual capture and automated capture using triggers (Figure 3c, Figure 5d). Once triggers are �red,
OmniTrack retrieves tracking values from external services and automatically logs the values. Users can manage
triggers in theTriggers tab (Figure 3c).

OmniTrack supports two types of triggers (Figure 3c): time-based and data-driven. Time-based triggers can be
�red either at the preset time or at periodic intervals. For example, using time-based trigger, previous night's sleep
data from Fitbit can be retrieved at 9AM the next morning, and automatically �lled in every day. Data-driven
triggers are associated with the external services. A measure factory (Figure 5c) can be attached to a trigger
along with a threshold value so that the trigger sets o� an action when a tracking value passes the threshold. For
example, people can set a trigger to automatically record the time they achieve the daily 10,000 step count goal
(i.e., step count = 10,000).

Fig. 5. The OmniTrack system architecture. The OmniTrack app (a) consists of multiple trackers and connects to services.
Each tracker (b) has user-defined fields and reminders that notify at specific time or periodically. Services (c) are connected
to the existing tracking systems and provided measures that can be leveraged as a field value (b) or to fire a trigger (d).
Triggers (d) are used to log the tracker entry with automatically filled values in the background.
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Triggers and trackers can be connected with a many-to-many relationship; for example, one trigger can feed
in data �elds in multiple trackers, and one tracker can be activated by multiple triggers. Triggers are designed
based on thetrigger-action model[64], which is actively employed in many end-user Internet of Things (IoT)
con�guration interfaces. The trigger-action model is a straightforward approach to command user-de�ned tasks
and it is known to be learnable and understandable to non-programmers [63].

4.2.4 Streamlining Tracking and Lowering the User Burden.Promoting self-awareness and lowering the capture
burden are key issues in designing a tracking tool [15, 17]. We designed OmniTrack to deploy theshortcut
panel (Figure 1b) on the system noti�cation drawer or on the lock screen, which provides easy access to the
trackers, thereby increasing the tracking adherence rate [15]. People can select up to �ve trackers to be displayed
in the shortcut panel. Depending on the con�guration, tapping on a tracker icon (e.g., co�ee) either invokes the
Data Capture page to provide easy access to the tracker, or instantly captures the timestamp without requiring
additional manual inputs. We learned from the app analysis that the latter case (i.e., `No �elds' in Table 2) was
a simple and e�cient way for counting items or capturing a single time stamp. For example, to make a simple
sneeze tracker that records the moment of sneezing, a tracker with a single time point �eld can meet the tracking
needs. As the user taps on the tracker icon upon sneezing, a new entry is immediately created with the time
point �eld �lled with the current time.

4.2.5 Visualization and Feedback.We designed two visualization components to provide feedback on tracked
items: theItem List page (Figure 8a, right) and theVisualization Dashboard page (Figure 8b). The item list
displays a list of all the entries of a tracker. The entries can be sorted by any data �eld. Users can review, edit,
or remove each entry. Although it does not provide a comprehensive overview of the data, the list is suitable
for browsing the data tracked for the journaling purpose such as book reviews and diaries. The visualization
dashboard consists of charts recommended by the system. Because the semantic of each �eld and relationships
among the �elds are not determined a priori, OmniTrack determines the type of visualization and encodings
based on the �eld types used in the tracker. OmniTrack currently provides the following four charts: (1) a heatmap
timeline that displays the timestamps for all the entries in a single tracker (Figure 6a), (2) a duration chart that
shows durations on timeline for each time span �elds (Figure 6b), (3) a line chart with x-axis representing time
and y-axis representing the numeric ranges of the number �elds in a tracker (Figure 6c), and (4) a histogram
for each single choice �eld (Figure 6d). Users can select a speci�c duration of time using the time range bar
(Figure 8b) to see charts for the data within the selected time range.

Fig. 6. Visualizations used in the visualization dashboard. Each chart is recommended based on a tracker's schema. A logging
time heatmap (a), a duration timeline chart (b), line chart (c), and a histogram chart (d).

5 OMNITRACK USE CASES
In this section, we demonstrate three use cases�ranging from mostly manual tracking to mostly automated
tracking [13]�to demonstrate OmniTrack's broad spectrum of coverage in terms of tracking mode (Figure 7).
For each case, we describe a self-tracking scenario drawn either from the preliminary interviews or from prior
research. Refer to our supplementary video to see how to construct and interact with each tracker.
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Fig. 7. Example trackers mapped on the semi-automated tracking spectrum.

5.1 Tracker 1: Beer Tracker
This use case is inspired from the interview with P12, who tracks what beer he drinks. David, an enthusiastic
beer drinker, enjoys trying out new beers and wants to document the experience. For each beer, David wants to
record (1) a photo of the beer, (2) drinking date, (3) beer name, (4) beer type, (5) beer taste (i.e., a review score for
the beer), and (6) written review. David needs to enter most of these data manually except for the drinking date,
which can be automatically captured. Thus, this scenario represents a case toward the mostly manual side of
the semi-automated tracking spectrum. The primary goal of the self-tracker in this scenario is journaling (i.e.,
documentary tracking in [59]), rather than changing behavior or gaining comprehensive knowledge [59].

5.1.1 Tracker Construction.A single tracker named �Beer Journal� containing the following six �elds was
designed. The �eld con�guration settings are shown inside the parentheses:

(1) Photo of beer: Image
(2) Drinking date: Time (granularity=date)
(3) Beer name: Short Text
(4) Beer type: Choice (multiple selections=false)
(5) Taste Score: Rating (style=stars, max score=5)
(6) Review: Long Text

For easy access, the tracker was put in ashortcut panel.

5.1.2 Usage.When trying a new beer, David taps on the beer tracker icon in the shortcut panel, which opens
the Data Capture page. In the form, he takes a picture of the beer (Figure 8a, left). After he tastes the beer, he
enters the rating when the memory is fresh. If he is not in a situation to write a review (e.g., being with his
friends in a pub), he can complete the rest of the review and push the entry later because the tracker preserves
the data already �lled in. At the end of each month, David reviews his Beer Journal. He �rst opens an Item List
page to see the list of the tracked beer entries (Figure 8a, right). He sorts the entries by rating to see the beers
he liked the most. Then, David opens a Visualization Dashboard page to check out any interesting patterns. A
heatmap (Figure 8b, upper right) reveals the time he usually drinks beer, and a histogram shows the distribution
by beer type (Figure 8b, bottom right). David switches to a di�erent time range to see if the distribution of beer
type has changed (Figure 8b).

5.2 Tracker 2: SleepTight++
This use case is inspired by SleepTight [15], a prior research project aimed to support self-awareness of sleep
behaviors through self-monitoring. The original SleepTight design requires users to manually track most of the
tracking �elds (e.g., sleep measures and sleep-related factors). To lower the capture burden of manual tracking,
OmniTrack can be used to build SleepTight++ by leveraging existing sleep tracking devices such as Fitbit,
which automatically captures sleep. This scenario represents balanced semi-automated tracking. For the sake of
demonstration, we condense the variables and types of factors from the original SleepTight by skipping elements
that need redundant descriptions. Like SleepTight, current OmniTrack does support visualizing data from multiple
trackers together to see the relationships between two factors.
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